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Financial infrastructure provides a fundamental guarantee for the sound and efficient operation of financial markets. This paper constructs a provincial-level financial infrastructure resilience evaluation index system, measures the level of financial infrastructure resilience of 31 provinces in China from 2005 to 2020, reveals the dynamic evolution characteristics of financial infrastructure resilience in the spatial and temporal dimensions, and analyzes the barrier factors affecting the dynamic change of financial infrastructure resilience level. The results of the study show that: Provincial financial infrastructure resilience level overall upward trend, in which resilience of risk and control is in a stagnant growth state, resilience of recovery and stability, resilience of transformation and development is on the rise; The level of financial infrastructure resilience and the rate of change generally show a spatial distribution trend of “low west and high east, north-south concave,” with the “wooden barrel effect” evident in the eastern region; Provincial financial infrastructure resilience is in the medium-low coupling stage, affected by the spillover effect is prone to form a “club convergence” phenomenon; The industrial structure, shadow banking risk, real estate liability risk, and fintech level are the main barrier factors to the resilience of financial infrastructure, resilience of risk and control, resilience of recovery and stability and resilience of transformation and development’s barrier degree respectively show a rising, declining, stable trend of change. Therefore, the follow-up should promote the coordinated development of regional finance and form a regional financial development pattern with staggered development and distinctive features; prevent the risks of regional financial infrastructure; and enhance the resilience of risk and control and the resilience of transformation and development.
Keywords: financial infrastructure, resilience, dynamic evolution, barrier factors, coupling coordination

1 INTRODUCTION
The Chinese government attaches great importance to financial security, and has elevated financial infrastructure to a higher strategic position. In 2015, the State Council issued the Circular on the Plan for Promoting the Development of Inclusive Finance (2016–2020), which states that “financial infrastructure is an important pillar and platform for improving the operational efficiency and service quality of financial institutions”. In September 2019, the 10th Meeting of the Central Committee for Comprehensively Deepening Reform considered and adopted the Work Program for Coordinating and Supervising Financial Infrastructure, which pointed out that financial infrastructure is a fundamental guarantee for the sound and efficient operation of the financial market, and an important hand for implementing macro-prudential management and strengthening risk prevention and control. In March 2020, the People’s Bank of China and other six departments jointly issued the Work Program for Coordinating and Supervising Financial Infrastructure The Program further clarified that the scope of coordinated supervision of financial infrastructure includes six types of facilities and their operating institutions, including financial asset registration and custody systems, clearing and settlement systems, trading facilities, transaction report repositories, important payment systems and basic credit systems.
Financial infrastructure undertakes key functions such as payment, clearing, settlement and record keeping in financial market [1], and occupies a pivotal position in the operation of financial market [2, 3]. At present, the research on financial infrastructure at home and abroad is in the stage of transition from the embryonic stage to the development stage. The academic research on financial infrastructure covers the concept and function, risk management, governance and regulation. Risks existing in financial infrastructure have gradually been paid attention to by scholars, including liquidity and operational risks, and facility-associated risks. For example, Berndsen (2017) [4] constructs a financial infrastructure operational risk indicator based on daily transaction data, and then suggests the size of the risk by comparing it with the benchmark number. León (2018) [5] constructs a multilayered network to examine the correlation of systemic risk of Colombia’s financial infrastructures, and finds that the core financial institutions are cross-overlapping in the financial network, and their systemic importance is much higher than that of a single value measured in the network. Wendt (2015) [6] argues that central counterparties are highly interconnected with financial institutions and markets and suggests network analysis to assess potential losses and adopt alternative policy measures to reduce systemic risk. The construction of a multi-level financial infrastructure system by strengthening the integrated regulation of financial infrastructure can help prevent and mitigate financial risks [3, 7]. It has been shown that financial infrastructure has an important impact on economic development and financial stability, and in the context of continuous innovation and change in financial markets, risk management of financial infrastructure has become a hot topic.
With the continuous innovation and globalization of financial markets, the traditional risk management model is no longer able to cope with the challenges faced by increasingly complex financial infrastructures. Scholars have gradually explored how to enhance the resilience and recovery capacity of financial infrastructure when it encounters systemic risk from the perspective of resilience [8–10]. For example, Kass-Hanna (2022) [11] argues that improving digital literacy can increase financial infrastructure resilience, and Saligna (2019) [12] proposes to measure financial infrastructure resilience at the individual level. There are relatively few studies on financial infrastructure resilience, and there is still a lack of in-depth analysis and empirical data to support the performance of financial infrastructures in the face of shocks such as systemic risks, natural disasters, and technological failures, as well as their resilience in the aftermath of shock.
Financial infrastructure resilience refers to the ability of financial infrastructure to adjust its own functional structure in a timely manner according to the objective environment in response to the system’s own and external risk perturbations, and thus continue to provide critical financial services to the market [1]. Exploring the level of financial infrastructure resilience, dynamic evolution characteristics and resilience obstacle factors can not only enrich the knowledge system and theoretical framework in this field, and deeply understand its operation mechanism, risk management, and impact on the financial market, but also provide a powerful guidance for policy making and facility operation. Based on this, this paper intends to construct a financial infrastructure resilience evaluation index system to measure the level of financial infrastructure resilience in 31 provinces and regions of China from 2005 to 2020, and adopt the Dagum Gini coefficient, the degree of coupling coordination, and the spatial Markov chain model to reveal the dynamic evolution characteristics of the resilience of financial infrastructure. On this basis, the barrier degree model is introduced to analyze and determine the barrier factors affecting the dynamic change of the resilience level. The findings of this paper are conducive to the policy and behavioral adjustment of financial infrastructure, and effectively and efficiently improve the level of financial infrastructure resilience.
2 METHODS AND DATA SOURCES
2.1 Methods
2.1.1 Entropy method
This paper adopts the entropy method to measure the weights of the indicators of financial infrastructure resilience level. At the same time, in order to ensure that all the indicators involved in the evaluation are comparable, and to avoid meaningless logarithmic calculation when seeking entropy value, this paper adopts the method of standardization of polar deviation, non-negativity of positive and negative indicators, and uniformly assigns a value of 0.01. The specific methods are as follows:
Positive indicators:
[image: Formula for normalization is shown: \(X^*_{ij} = \frac{X_{ij} - \min(X_{ij})}{\max(X_{ij}) - \min(X_{ij})} + 0.01\).]
negative indicators:
[image: The formula shown is: \( X^*_{ij} = \frac{\text{max}(X_{ij}) - X_{ij}}{\text{max}(X_i) - \text{min}(X_{ij})} + 0.01 \).]
2.1.2 Dagum Gini coefficient
The Dagum Gini coefficient can decompose the overall differences into intra-region differences, inter-region differences and hypervariance densities, which in turn can reveal the relative differences due to the sample spatial overlap problem [13–15]. In this paper, the Dagum Gini coefficient and its decomposition method are used to examine the relative differences in the resilience level of China’s provincial financial infrastructures, and the relevant calculation formula refers to Zhou et al [16, 17].
[image: Mathematical expression showing G equals G subscript w plus G subscript nb plus G subscript l.]
[image: Summation equation: The equation consists of three main parts. The first part is a summation from j equals one to k of G sub i j multiplied by p sub j and s sub j. The second part is a double summation, first from j equals one to k and then for all h not equal to j, of G sub i h, p sub j, s sub j, and D sub i h. The third part is another double summation, first from j equals one to k and then for all h not equal to j, of G sub i h, p sub j, s sub j, and the term one minus D sub i h.]
2.1.3 Degree of coupling coordination
In this paper, the degree of coupling coordination is used to examine the degree of harmonious development of internal components of financial infrastructure resilience and the dynamic development process of the system from disorder to order and from low level to high level gradually under the joint action of multiple internal and external factors. Define the coupling degree formula as:
[image: C equals three times the cube root of the fraction with numerator \( A_1 \times A_2 \times A_3 \) and denominator \( (A_1 + A_2 + A_3)^3 \).]
the coordination degree formula:
[image: The image displays a mathematical equation: T equals A subscript 1 plus A subscript 2 plus A subscript 3.]
Degree of coupling coordination formula:
[image: Mathematical formula displaying "D equals C multiplied by T".]
2.1.4 Spatial Markov chain
This paper introduces the spatial Markov chain [18–20], which classifies the resilience level into four types (low, lower, medium-high, and high) according to the quartiles, denoted by [image: The text "K equals 1, 2, 3, 4" appears in a mathematical or statistical context, possibly indicating a set of integer values for the variable K.], respectively, and then examines the dynamic evolution of the resilience level of financial infrastructure. In order to better portray the interactions among provinces this paper adopts the spatial geo-economic weight matrix [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.], so that the financial infrastructure resilience of neighboring provinces [image: Mathematical expression showing the weighted sum of variables: sigma j w sub ij star y sub j.], where [image: Mathematical notation showing the variable \( w_{ij} \), with subscripts \( i \) and \( j \).] is the element in [image: Please upload the image, and I'll be happy to help you generate the alt text for it.] and [image: A mathematical symbol representing "y" with a subscript "j".] is the level value of province [image: Please upload an image or provide a URL so I can generate the alt text for you.]. When considering [image: To provide alternate text, please upload the image or provide a detailed description.] spatial lag types as transfer conditions, this will produce [image: Please provide the image by uploading it, and I will help you generate the alternate text.] conditional transfer arrays. The meaning is the probability that the resilience level is transferred from type [image: Please upload the image or provide a URL so I can help generate the alternative text.] to type [image: Please upload the image or provide the URL so I can help generate the alternate text for it.] under the condition that the spatial lag resilience level is of type [image: It seems there was an error in your request. Please upload the image or provide a URL so I can help generate the alt text.].
2.1.5 Barrier degree model
This paper introduces the barrier degree model, which can effectively measure the degree of influence of each barrier factor on the resilience of financial infrastructure. Where the factor contribution degree [image: Please upload the image or provide a URL for me to generate the alt text.] indicates the degree of contribution of individual indicators to the overall goal, which is expressed by weights in this paper; the indicator deviation degree [image: A mathematical notation with the letter Z followed by subscripts i and j.] indicates the difference between a single indicator and the optimal value; the barrier degree [image: Please upload the image or provide a link to it so I can generate the alternate text for you.] indicates the degree of influence of a single indicator on the level of financial infrastructure in the provincial area, and the criterion level barrier degree is the sum of barrier degrees of the individual indicators it contains.
[image: Equation showing \( u_i = w_j \) with subscripts i and j.]
[image: The formula represents a mathematical expression where \( Z_{ij} = 1 - X^*_{ij} \).]
[image: Mathematical formula for \( F_{ij} \) equals the fraction with the numerator \( u_i Z_{ij} \) and the denominator as the summation over \( i \) of \( u_i Z_{ij} \).]
2.2 Data sources
This paper explores the spatial-temporal evolutionary pattern of financial infrastructure resilience using 31 provinces in China as the study unit. The data are mainly obtained from official sources such as China Statistical Yearbook, China Financial Yearbook, China Securities Industry Yearbook, while web crawler technology is utilized to obtain supplementary parts of the data. For the missing part of the data, linear interpolation and other methods are used to complete the data. Although most of the data are relatively complete, there are still a small number of missing, such as local government debt data for individual years are missing, this paper uses linear interpolation and other methods to ensure the completeness of the overall data and the accuracy of the analysis.
By analyzing the historical process of China’s financial system reform, it can be found that, after the financial system reform in the 1980s and 1990s, the rapid development of financial subsectors and the initial construction of the pattern of sectoral supervision in the 21st century have gradually formed a complete and well-regulated financial infrastructure system. However, with the rapid development of financial integrated management and Internet finance, the layout of financial infrastructure does not match with the rapidly developing financial environment, and at the same time leads to new regulatory challenges. Based on this, this paper selects 2005–2020 as the research cycle to analyze the spatial-temporal evolution pattern of China’s financial infrastructure resilience.
3 CONSTRUCTION OF THE INDICATOR SYSTEM
3.1 Resilience dimension setting
This paper draws on the theory of economic resilience and sets up financial infrastructure resilience sub-dimensions in combination with financial infrastructure functions, including resilience of risk and control, resilience of recovery and stability, and resilience of transformation and development. There is a high degree of correlation between the operation of the economy and the financial system [21–23]. When the financial system is hit, the service capacity of financial institutions is impaired, leading to a decline in the efficiency of social capital allocation, which in turn affects the operation of the real economy. The theory of economic elasticity originated from the study of the ability of the economic system to cope with external shocks, focusing on the system’s ability to resist, recover, and the potential to achieve new development paths through structural optimization and technological innovation [24–26]. Based on the high correlation between the economic system and the financial system, economic resilience provides a feasible perspective for the sub-dimension setting of financial infrastructure resilience. Specifically, as the core pillar of the financial system, the resilience of the financial infrastructure is not only related to the ability to effectively prevent systemic risks, but also directly affects the recovery speed and transformation potential of the financial system in a crisis [27]. Economic resilience theory provides a multi-dimensional and dynamic evolutionary perspective, from the perspective of economic resilience’s shock resistance, recovery and innovation ability, the three dimensions of resilience of risk and control, resilience of recovery and stability, and resilience of transformation and development effectively delineate the resilience of the financial infrastructure, which effectively depicts its adaptive capacity and change potential in the face of complex environments. This framework helps to understand the key role of financial infrastructure in coping with shocks, supporting recovery and promoting transformation, and also provides theoretical support for the stability and development of the financial system in the face of dynamic change.
3.2 Resilience influencing factors
In this paper, with the help of Nvivo14 software, the three-tiered coding system of open coding, axial coding, and selective coding from grounded theory is used to categorize and generalize the factors affecting the resilience of financial infrastructures [28–30]. Open coding is the process of breaking up and then initially aggregating the data information. Based on the research topic, phrases or keywords that may be needed are identified as preliminary conceptual presentations, and then the abstracted concepts are clustered and integrated in constant comparison and form more abstracted categories such as categories. Twenty-six initial categories were obtained through open coding, and due to space constraints, only some of the open coding processes are presented in Table 1.
TABLE 1 | Summary of factors affecting the resilience of financial infrastructure.
[image: A table with two columns labeled "Initial scope" and "Perspectives (simplified)" lists various financial topics. Topics include insurance premium depth, size of shadow banking, systemically important institutions, asset price volatility, financial business structure, size of financial institutions, and scale of financial inclusion. Each topic is followed by related perspectives discussing impacts like systemic risk, risk adjustments, and the role of digital finance. A note indicates the table shows only part of the data.]Axial coding refers to the further work of aggregating the disassembled data material to find new connections that reflect the meanings presented by the categories in a more generalized way. On the basis of open coding, further sorting and generalization is carried out to refine a total of five main categories: financial stability, financial liberalization, macroeconomics, government intervention, and actors. Finally, based on the data availability and word frequency coverage of the initial categories, the system of factors affecting the resilience of financial infrastructure containing 10 initial categories is retained, of which financial stability includes shadow banking scale, insurance depth, and non-performing loan ratio, financial liberalization includes the level of inclusive finance, and fintech level, macroeconomics includes real estate liability risk, and industrial structure, and government intervention includes government debt risk, financial regulatory intensity, and the actors include only information asymmetry.
3.3 Indicator system
Measurement indicators may have impact, resistance, adjustment, and transformation impacts on financial infrastructure, according to the qualitative viewpoints on measurement indicators in the existing literature in the grounded theory, the measurement indicators will be assigned to one of the resilience attributes of impact, resistance, adjustment, and transformation, and the measurement indicators will be matched and corresponded with the guideline layer, which will ultimately constitute the financial infrastructure resilience indicator system as shown in Table 2.
TABLE 2 | Resilience indicator system for financial infrastructure.
[image: Table detailing the resilience of financial infrastructure, organized into three target layers: risk and control, recovery and stability, and transformation and development. Columns include measurement indicators, measurement equations, resilience attribute (impact, resistance, adjustment, transformation), indicator attributes (positive or negative), and weights. Key entries include shadow banking risk, real estate corporate debt ratio, internet penetration rate, digital inclusive finance index, and financial technology index. Weights range from 0.022 to 0.29. Note mentions origins of layers and attributes based on economic resilience and rootedness theory.]Shadow banking is highly hidden, if directly measured and statistics are difficult, financial institutions do not have complete data [31–33]. Therefore, this paper is based on the borrower’s point of view, drawing on the unobserved credit method to calculate the size of shadow banking in 31 provinces, which is expressed by the formula:
[image: Formula for the size of shadow banking: L divided by GDP, multiplied by NOE.]
where [image: If you have an image you would like me to describe, please upload it, and I can help generate alternate text for it.] is the local and foreign currency loan balance of financial institutions in each province, and [image: I'm sorry, it seems there's an issue with the image upload. Please try uploading the image again, and I will help generate the alternate text for you.] denotes unobserved income in each province.
China’s practice of financial inclusion and innovative digital finance show a strong correlation, and the new digital financial model has become an important source of impetus and growth for financial inclusion, the level of financial inclusion in this paper adopts the Peking University Digital Inclusive Finance Index. The current use of search engine data for modeling has become an effective and widely used research method [34–36], which provides insights into the use of Internet search to construct regional fintech development indicators. This paper utilizes Baidu search fintech related buzzword frequency to construct fintech index to reflect the development level of fintech.
4 SPATIAL-TEMPORAL DYNAMIC EVOLUTION OF PROVINCIAL FINANCIAL INFRASTRUCTURE RESILIENCE
4.1 Level of change in the resilience of provincial financial infrastructure
The changes in the resilience level of China’s provincial financial infrastructure are shown in Figure 1. The average value of provincial financial infrastructure resilience increased from 0.159 in 2005 to 0.704 in 2020, showing an overall upward trend. Before 2008, the resilience level has been maintained at a low level. With the subprime crisis, China began to pay attention to the construction of financial infrastructure, and the level of resilience was better improved, however, it began to fall back to a certain extent from 2015.
[image: Four line graphs show various financial inclusion and risk factors from 1995 to 2008. Top left: Overall resilience increases, as do subcategories resilience of risk and market, economy and stability, transformation and development. Top right: Information asymmetry and idiosyncratic risks decrease, while others like banking system risk vary. Bottom left: Financial regulation intensity and market depth rise, with fluctuating financial inclusion. Bottom right: Financial level and industrial structure both rise throughout the period.]FIGURE 1 | Resilience of China’s provincial financial infrastructure and changes in indicators from 2005 to 2020.
Resilience of risk and control refers to the ability of financial infrastructure to maintain its normal operation in the face of adverse factors interference, as can be seen in Figure 1. Resilience of risk and control is in a state of stagnant growth, with the resilience value rising from 0.105 in 2005 to 0.162 in 2020. In terms of specific sub-indicators, the level of information asymmetry has been mitigated, which has contributed to the enhancement of the risk control resilience, but the shadow banking risk, real estate liability risk, and government debt risk have reduced resilience of risk and control to a certain extent.
Resilience of recovery and stability refers to the ability of the financial infrastructure to better cope with the external environment by adjusting its structure in the face of external disturbances, as can be seen in Figure 1, the resilience of recovery and stability has shown a clear upward trend, with the resilience value rising from 0.018 in 2005 to 0.35 in 2020. The insurance depth and the development of financial inclusion have better contributed to the resilience of recovery and stability, and financial inclusion in particular has played an important role in mitigating external shocks and supporting economic restructuring.
Resilience of transformation and development refers to the ability of financial infrastructure to generate innovative development after continuous adaptation and self-learning, Figure 1 shows that the resilience of transformation and development has shown a slight upward trend, with the resilience value rising from 0.035 in 2005 to 0.18 in 2020. Specifically, the increase in resilience of transformation and development is mainly due to the steady rise in fintech level, compared with the relatively limited impact of the industrial structure on resilience of transformation and development, and fintech level is the main driver of the increase in resilience of transformation and development.
4.2 Spatial-temporal trend in the resilience of provincial financial infrastructures
4.2.1 Trend in spatial variation of financial infrastructure resilience
Based on the global trend analysis method, as shown in Figure 2, this paper plots the spatial trend of financial infrastructure resilience in China’s provincial areas over the entire sample period, as well as the 11th five-year plan, 12th five-year plan and 13th five-year plan periods, by setting the due east and due north directions as the X-axis and Y-axis, and the level of financial infrastructure resilience and the rate of change as the Z-axis.
[image: Two sets of 3D line graphs are presented. The top set (a) shows resilience levels over four periods: entire sample, 11th, 12th, and 13th five-year plans. The bottom set (b) illustrates the rate of change during the same periods, with variations in slopes and curves indicating different trends for each timeframe.]FIGURE 2 | Trends in the spatial distribution of the level and rate of change of financial infrastructure resilience in provincial areas. (A) Resilience level. (B) Rate of change.
Over the entire sample period, as well as the 11th five-year plan, 12th five-year plan and 13th five-year plan periods, the spatial trend of financial infrastructure resilience show similar trends: The resilience level continues to rise from west to east, and shows a U-shaped trend from south to north. In terms of the spatial trend in the rate of change of financial infrastructure resilience, the entire sample period shows a trend of “low west and high east, north-south concave,” but there are differentiation phenomena in different periods. Specifically, from an east-west perspective, the rate of change during the 12th five-year plan period showed a decreasing trend. From a north-south perspective, the 11th five-year plan period showed a U-shaped trend of change, the 12th five-year plan period showed a slight upward trend, and the 13th five-year plan period showed an inverted U-shaped trend of change.
Based on the above analysis, it can be concluded that there are significant spatial variations in the resilience level and rate of change of China’s financial infrastructure, generally showing a “low west and high east, north-south concave” distribution trend, in which the spatial differentiation characteristics rate of rate of change is more obvious.
4.2.2 Spatial differentiation degree and sources of financial infrastructure resilience
The global trend analysis method reveals the absolute differences in the level of financial infrastructure resilience, but it is unable to describe the spatial and temporal evolution of the overall differences in the level of financial infrastructure resilience and the relative differences in China. Dagum Gini coefficient is able to measure the difference in resilience between different subsystems in the financial infrastructure, reflecting the vulnerability and imbalance of the financial system in the face of systemic risk. Based on this, this paper uses the Dagum Gini coefficient to analyze the numerical level of the overall differences in the resilience level of China’s financial infrastructure and its sources, and identifies the changes in the relative differences among the four major economic zones, as shown in Figure 3.
[image: Line graph showing the Theil index coefficient from 2005 to 2019 for five regions: National, Eastern, Central, Western, and Northeastern. All regions show a general decline over time, with Eastern starting highest and Central, Western, and Northeastern converging in later years.]FIGURE 3 | Dagum’s gini coefficient for provincial financial infrastructure resilience from 2005 to 2020.
The results show that, the Dagum Gini coefficient shows Eastern > Western > Northeastern > Central. The Dagum Gini coefficient in the western, northeastern and central regions generally shows a stepped downward trend, and the imbalance of financial infrastructure resilience within the region is narrowing; the Dagum Gini coefficient in the eastern region is significantly higher than other regions, and shows a trend of rising and then declining, which indicates that the resilience of the eastern provinces has a large gap between the level of the provinces, reflecting the obvious “wooden barrel effect”. Therefore, the driving role of financial centers such as Shanghai and Shenzhen should be brought into play to promote in-depth synergies between their financial infrastructures and those of their neighboring provinces, to form a demonstration effect and a radiation effect, and to promote the sharing of resources and the exchange of technology. Secondly, policy guidance and financial support should be increased to promote the rational distribution of financial resources within the eastern region and avoid excessive concentration in some specific cities. In addition, financial institutions can be encouraged to play a more active role in cross-provincial business expansion through the establishment of regional financial cooperation platforms.
By applying the inter-regional Dagum Gini coefficient, this paper deeply explores the spatial differences in the resilience of provincial financial infrastructures among the four major economic zones of China (eastern, northeastern, central, and western) in terms of the overall level and the resilience of risk and control, the resilience of recovery and stability, and the resilience of transformation and development, as shown in Figure 4.
[image: Four line graphs compare resilience levels across different regions from 2005 to 2019. Graph (a) shows the overall level of resilience, graph (b) resilience of risk and control, graph (c) resilience of recovery and stability, and graph (d) resilience of transformation and development. Each graph uses different colors to represent regional comparisons: Eastern-Western, Eastern-Central, Eastern-Northeastern, Central-Western, Central-Northeastern, and Western-Northeastern. Trends generally show a decline over time in all categories, with slight variations among regions.]FIGURE 4 | Interregional dagum gini coefficient for provincial financial infrastructure resilience from 2005 to 2020. (A) Overall level of resilience. (B) Resilience of risk and control. (C) Resilience of recovery and stability. (D) Resilience of transformation and development.
In terms of the overall level of resilience, the inter-regional differences roughly show Eastern-Northeastern > Eastern-Western > Central-Northeastern > Eastern-Central > Central-Western > Western-Northeastern, which indicates that Eastern lacks coordination with Northeastern and Western in the development of financial infrastructure resilience, Central has moderate differences with other regions, while Western and Northeastern have lower levels of financial infrastructure resilience and show similar development characteristics. Inter-regional differences show an overall downward trend, with a slight increase after 2017.
In terms of the resilience of risk and control, the inter-regional gap showed a trend of contraction several times from 2005 to 2010, indicating a gradual convergence in the ability of regions to cope with financial risks. However, the gap has been widening since 2010, especially between the eastern and the northeast, and between the eastern and the western, where the gap in risk resilience has become significantly wider. In terms of the resilience of recovery and stability, taking 2011 as the cut-off point, the inter-regional gap can be divided into two stages: before 2011, the gap was larger, and there were significant differences in the ability of regions to recover and stabilize financial services; after 2011, the gap was reduced and showed a wave-like trend of change. In terms of the resilience of transformation and development, except for the jump in inter-regional disparities in 2009, the overall trend is consistently downward, indicating that the differences in the ability of regions to cope with external changes through financial technology and innovation are gradually narrowing.
In terms of the contribution rate of regional disparities, as shown in Figure 5, the overall trend of inter-regional contribution rate is increasing, which indicates that in order to improve the overall level of provincial financial infrastructure resilience, more attention should be paid to inter-regional synergy and global coordinated development. The overall decreasing trend of inter-regional hypervariance density implies that the overlapping of inter-regional provincial samples also affects the spatial-temporal divergence of the resilience level, but the contribution rate of this effect is decreasing. In addition the intra-regional contribution rate consistently fluctuates between 20.14% and 29.13%, which is lower than the inter-regional contribution rate, but it should still be alerted to the divergence of the resilience level of provincial financial infrastructures within the four major economic regions.
[image: Line graph showing changes in contribution ratios from 2005 to 2019. Three lines represent intra-regional (blue), inter-regional (orange), and hypervariance density (green). The intra-regional line remains stable, the inter-regional line declines, and hypervariance density fluctuates, peaking around 2016.]FIGURE 5 | Regional gap contribution to provincial financial infrastructure resilience from 2005 to 2020.
4.3 Dynamic evolutionary characteristics of provincial financial infrastructure resilience
4.3.1 Coupling coordination analysis
The coupling coordination degree is used to portray the dynamic process of the resilience sub-dimension changing from disorder to order and forming a benign development. As shown in Figure 6, during the period from 2005 to 2020, the coupling coordination degree of the 31 provinces has a low degree of dispersion, fewer outliers, and a more consistent type of coupling coordination degree. The boxplot shows a wave-like increase over time, with the average value of coupling coordination degree of 0.193 in 2005 and 0.469 in 2020, and the level of coupling coordination is increasing. Influenced by economic, policy and other objective historical reasons, the financial infrastructure of Beijing and Shanghai enjoys a first-mover advantage, and the coupling coordination degree is always higher than that of other provinces. However, in terms of growth rate, the original low-coupling provinces have a more pronounced rate of increase. At present, the coupling and coordination level of provincial financial infrastructure resilience is still in the low-coupling stage, and there is still much room for improvement in the future.
[image: Box plot chart showing data from 2005 to 2019. Each year is represented by a colored box indicating data range, median, and outliers. Values on the y-axis range from zero to zero point six, showing an overall upward trend over the years.]FIGURE 6 | Boxplot of coupled harmonization of provincial financial infrastructure resilience.
Figure 7 shows the kernel density surface of the coupling coordination degree of financial infrastructure resilience for the period from 2005 to 2020. From the figure, it can be seen that the national kernel density curve oscillates to the right during the study period, indicating that the overall level of coupling coordination is improving; the height of the main peak of the kernel density curve is rising, the width is narrowing year by year, and the peak value of the main peak shows a trend of change from a “flat” to a “high” peak; the absolute gap and divergence trend of the coupling coordination level in most provinces are contracting; the right side of the kernel density curve shows a trend of contraction. The right tail of the kernel density curve shows a clear unimodal distribution, with the peak height continuously rising. The “bimodal club” characteristic is evident, indicating a polarization phenomenon in the resilience coupling coordination degree.
[image: Multi-colored 3D density plot with kernel density on the vertical axis, resilience coupling harmonization on the horizontal axis, and years ranging from 2000 to 2020 on the depth axis. Peaks indicate varying densities over time.]FIGURE 7 | Kernel density surface map of coupled coordination degree of financial infrastructure resilience.
4.3.2 Overall evolution analysis
Spatial Markov chains are able to capture state changes and their interdependence at multiple levels of the financial infrastructure, especially when financial markets are subject to external shocks, and they can effectively reveal the dynamic evolution of different parts of the financial infrastructure and their risk transfer mechanisms. This paper constructs a Markov transfer probability matrix to analyze the overall evolution characteristics of China’s financial infrastructure resilience. Table 3 is the provincial financial infrastructure resilience Markov transfer probability matrix for the period from 2005 to 2020, according to the calculation results show that: the probability value of the diagonal is greater than the probability value of the non-diagonal and more than 60%, which indicates that the transfer of the level of financial infrastructure resilience type has the stability of the transfer, and maintain the original state of the probability of greater. There is a “club convergence” phenomenon in the evolution of China’s financial infrastructure resilience, and the probability that the low resilience and high resilience types will maintain the original state type in the next stage is the greatest, 73.4% and 83.9%, respectively. It is difficult to realize the “leapfrog” development of the transfer of resilience level types in adjacent years, and the probabilities of the low-resilience level, medium-low-resilience level, and medium-high-resilience level jumping up one level are 0.26, 0.25, and 0.37, respectively, which indicate that there is the possibility of upward development of all three levels. Overall, the results confirm the trend of upward development of financial infrastructure resilience levels in various provinces of China over the years, as well as the relative stability of development.
TABLE 3 | Traditional markov transfer probability matrix for financial infrastructure resilience.
[image: Transition matrix showing probabilities with columns labeled t/t+1, n, 1, 2, 3, and 4. The table displays four transitions. For transition 1: n=124, 1=0.734, 2=0.266, 3=0.000, 4=0.000. For transition 2: n=124, 1=0.040, 2=0.710, 3=0.250, 4=0.000. For transition 3: n=124, 1=0.000, 2=0.000, 3=0.629, 4=0.371. For transition 4: n=93, 1=0.000, 2=0.000, 3=0.161, 4=0.839.]On the basis of the traditional Markov transfer probability matrix, the spatial lag condition is introduced to construct the spatial Markov transfer probability matrix, aiming at exploring the influence on the transfer probability of the resilience level type in different spatial lag backgrounds. According to the calculation results in Table 4, it is shown that spatial elements have influence in the evolution of financial infrastructure resilience type, when a province is adjacent to a neighbor with a low level of resilience, the probability of the province’s resilience level type transferring upward decreases, and when adjacent to a neighbor with a high level of resilience, the probability of the province’s resilience level type transferring upward will increase. For example, when in the condition of a neighborhood with a low resilience level, P11|1(0.822)>P11(0.734), P12|1(0.178)<P12(0.266), while in the condition of a neighborhood with a high resilience level, P34|4(0.421)>P34(0.371), P44|4(0.855)>P44(0.839). The spatial Markov transfer probability matrix provides an explanation for the “club convergence” phenomenon in the spatial dimension. Influenced by the spillover effect of neighborhood types, the transfer of financial infrastructure resilience types is prone to form the phenomenon of “club convergence” within a certain geospatial range.
TABLE 4 | Spatial markov transfer probability matrix for financial infrastructure resilience.
[image: Table showing types of spatial lag with columns labeled t/t+1, n, and four numbered categories. Data is organized by four types of spatial lag, each with values for n and four numerical categorizations.]4.4 Barrier factor analysis
After analyzing the coupling coordination and overall evolution of provincial financial infrastructure, further research to identify the barrier factors influencing the dynamic changes in resilience levels can not only provide a deeper understanding of the characteristics of resilience level changes but also offer strong support for formulating financial system policies and behavioral adjustments, thereby effectively improving the resilience of financial infrastructure. This paper uses barrier degree model to measure the barrier degree of factors affecting financial infrastructure resilience from 2005 to 2020.
From the perspective of the barrier degree of individual indicators as shown in Table 5, the barrier degree of the proportion of industrial structure, shadow banking risk, real estate liability risk, and fintech level has risen significantly, while the barrier degree of the level of financial inclusion and information asymmetry has shown a downward trend, and the barrier degree of the intensity of financial regulatory intensity has not fluctuated significantly.
TABLE 5 | Main barrier factors to the resilience of provincial financial infrastructure from 2005 to 2020.
[image: Table comparing barrier factors and their degrees across the years 2005, 2010, 2015, and 2020. Key factors include level of financial inclusion, fintech level, information asymmetry, industrial structure, shadow banking risk, and others. Notable changes include financial inclusion rising from 14.062 in 2005 to 5.616 in 2020, and fintech level changing from 5.588 in 2005 to 2.255 in 2020. Each year shows different rankings and values for these factors.]In terms of the barrier degree of the financial infrastructure resilience sub-dimension as shown in Figure 8, the barrier degree of resilience of risk and control is on an upward trend, indicating that the ability of the financial infrastructure to resist unexpected external shocks is weakening. The downward trend in the resilience of recovery and stability suggests that after years of development, the adaptive capacity of the financial infrastructure to cope with crises is increasing. The barrier degree of resilience of transformation and development has not fluctuated much, suggesting that the financial infrastructure’s momentum in innovative development is relatively weak.
[image: Graph showing the resilience degrees from 2005 to 2020 with three categories: risk and control, recovery and stability, and transformation and development. Peaks vary over five-year intervals, visualized in distinct colors.]FIGURE 8 | Provincial financial infrastructure resilience subsystem Barriers from 2005 to 2020.
5 CONCLUSION
This paper takes the 31 provinces of China from 2005 to 2020 as the research units, constructs an evaluation index system for provincial financial infrastructure, and measures the resilience levels. On this basis, the Dagum Gini coefficient, spatial Markov chain, and barrier degree are used to analyze the variation level, spatial-temporal differentiation, and dynamic evolution characteristics of provincial financial infrastructure resilience. The main conclusions are as follows.
	(1) the resilience level of financial infrastructure across China’s provinces shows an overall upward trend, but a decline in resilience is observed after 2015. From the perspective of resilience sub-dimensions, resilience of risk and control is in a state of slow growth, resilience of recovery and stability shows a significant upward trend, while resilience of transformation and development exhibits little fluctuation and no clear upward trend.
	(2) In terms of spatial-temporal differentiation characteristics, the level of financial infrastructure resilience and the rate of change roughly shows “low west and high east, north-south concave” distribution trend, the rate of change of the spatial differentiation characteristics are more obvious. Dagum Gini coefficient shows that the East > West > Northeast > Central, the eastern region of the financial infrastructure resilience level gap is larger, the “wooden barrel effect” is obvious. The inter-regional contribution rate is much higher than the intra-regional contribution rate and hypervariable density, and is on the rise. The hypervariable density contribution rate shows a decreasing trend, which means that the impact of interregional provincial samples overlapping and thus causing differences in resilience levels is decreasing. The intra-regional contribution rate maintains a small fluctuation between 20.14% and 29.13%, which should alert to the divergence of the resilience level of the financial infrastructure of the provincial regions within the region.
	(3) From the perspective of dynamic evolution characteristics, the coupling coordination degree of resilience sub-dimensions is rising in a wave-like manner, but is still in the medium-low coupling stage. The transfer of the type of financial infrastructure resilience level in China is stable, influenced by the spillover effect of the type of neighborhood, and prone to the formation of the “club convergence” phenomenon within a certain geospatial range.
	(4) From the perspective of barrier factors, there is a significant increase in the barrier degree of industrial structure, shadow banking risk, real estate liability risk, and fintech level. Resilience of risk and control, resilience of recovery and stability and resilience of transformation and development barrier degree show a rising, falling and stable trend of change, respectively.

Although this study thoroughly explores the evolutionary characteristics of provincial financial infrastructure resilience and its influencing factors, there are still some limitations. First, limited by data availability, this paper mainly considers the frequency and accessibility of data when constructing the indicator system, which may affect the precision of the resilience assessment. In addition, the study does not fully consider the short-term impact of sudden external shocks on the resilience of financial infrastructures, and the role of these factors can be further explored in the future. Although fintech is considered an important influence on resilience, this study fails to quantify its specific impact, and the differentiated role of fintech among different provinces could be analyzed in depth in the future. The above limitations provide room for improvement and direction for future research.
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Introduction: In the context of energy transition, the competition for copper resources among countries has intensified, and the global copper trade has become a vitally important trade chain. The global copper ore trade network is influenced by various factors, including resource distribution, supply, demand, prices, transportation costs, etc.Methods: To understand the evolution process of copper trade network and to predict the trend of supply chain structure evolution in future, in this paper, we construct a spatial weighted complex network evolution model based on complex network theory and gravity model using the import and export data and distance data of countries from 1990 to 2022.Results and discussion: Simulation results show that the possibility of establishing copper ore trade between countries follows the spatial weighted complex network evolution model. It is proportional to the expected trade flow between countries and inversely proportional to the distance. The model will support the simulation analysis of the supply chain network structure evolution and help to carry out in-depth research on the forecast of future trade relations between important countries.Keywords: spatial complex network, gravity model, copper ore supply chain, network evolution pattern, dynamics simulation
1 INTRODUCTION
In recent years, copper has been widely used in new energy-related industries, such as transmission lines, transformers, cable shielding belts and high-end radiators, which are important support for the construction of renewable energy generation installations (such as wind turbines) and solar photovoltaic panels [1–3]. With the rapid development of clean energy and energy-saving technologies, and the global copper demand will continue to grow in a long term [4–6]. Copper resources are abundant globally, but the distribution is unbalanced among countries, due to the different geological conditions [7]. Major copper exporters include Chile, Peru and the Democratic Republic of Congo, and major importers are concentrated in Asia and Europe, such as China, Japan, Germany, Spain and so on. With the increase of copper demand, the competition for copper resources among countries has intensified, and the global copper trade has become a vitally important trade chain. Therefore, studying the supply chain evolution pattern of copper with different characteristics in international trade helps to study the formation and evolution mechanism of copper trade pattern, and predict the trend of supply chain structure evolution based on future trade demand.
In recent years, the study of mineral resources supply chain and the associated risks have gradually become a current research Frontier and hot spot in the field of resources, which has received attention from global scholars [8–12]. The research object gradually expands from energy minerals such as oil, natural gas to emerging minerals such as lithium, nickel and rare earth involved in new energy and other emerging industries [13–15]. The research mainly focuses on the trade flows among countries, trade structure characteristics of different mineral products in the whole industry chain and risk resistance of supply chain network [16]. Based on the industry chain perspective, many scholars have made a series of research advances by constructing models to research structure, resilience and risk of supply chain by complex network, SD simulation, material flow analysis (MFA/SFA), gravity model, Markov Chain and other simulation models [17–23]. Complex network can systematically describe the structural characteristics of mineral resource supply chains. Many Scholars have established network models based on trade flows, taking countries as nodes [24, 25]. Most of them focus on the description of topological characteristics of trade networks, the analysis of important nodes and the propagation of risks in supply chain networks [26, 27]. Fewer studies have been conducted on the driving models and mechanisms behind the evolution of supply chain network structures. Some research considers the influence of a single factor or multiple factors such as supply, demand, price, economics and others on the global copper trade using the gravity model, but little evidence has been provided to reveal the evolutionary mechanism of the copper trade network structure, especially the role of geographical factors in the evolution processed of network structures.
Therefore, this paper proposes a spatial weighted complex network evolution model that integrates the complex network theory and gravity model to analyze the evolutionary mechanism of network structure in copper trade. Utilizing this model facilitates the simulation and examination of the evolutionary dynamics within the spatially weighted network of the global copper trade. It explains the formation of the current trade network structure and reveals the role that geographical factors play in shaping trade patterns. The import and export data and distance data of countries from 1990 to 2022 are used to simulate the evolution process of the global copper network. The parameters of the model are discussed by comparing the simulated network structure with the real network structure. Based on the model, the trend of supply chain structure and the potential trading countries can be forecasted. The approach is helpful for trading countries to master their own characteristics and development trends of trade structure, and prepare for trade risks in a timely manner to reduce trade risks. The remainder of this paper is organized as follows. Section 2 describes the construction of the spatial weighted complex network evolution model and data sets used in our work. Section 3 presents the results about evolutionary process of the global copper ore trade network. We summarize our conclusions in Section 4.
2 METHODS AND DATA
2.1 Complex network model of international trade in copper ore
According to the complex network theory, this paper constructs a weighted directed network model for the international copper ore trade, as shown in Equation 1 [28]:
[image: It looks like you might be trying to provide a mathematical formula rather than an image. If you intended to upload an image, please try again by selecting the file or providing a URL. If you need help with a formula, please provide more context.]
where N is the node, which is the set of all the countries involved in copper ore trade, E is the edge between two nodes. It represents the trade relationship between two country nodes, and the direction of the edge represents the trade flow between two nodes. If there is a trade relationship between two country nodes, there is a continuous edge between the two nodes; if there is no trade relationship between the two country nodes, there is no continuous edge between the two nodes. W is the weight of the continuous edge, which is the trade volume between the two country nodes.
The digraph G is represented by a matrix [image: The image shows a mathematical expression with the Greek letter phi, subscript i, j, written in a serif font, commonly used in mathematical contexts.] with N rows and N columns. If there is a directed edge between node [image: It seems there's no image visible. Please upload the image or provide a URL, and I’ll help create the alternative text for it.] and node [image: Please upload the image so I can help generate the alternate text for it.], and its weight is [image: Please upload the image or provide a URL for it, and I can help generate the alternate text for you. Make sure to add any specific details or context if needed.], as shown in Equation 2.
[image: It seems like there was a mistake with the image upload. Please try uploading the image file again, or provide a URL if it's hosted online. Optionally, you can add a caption for more context.]
The average path length signifies the mean trade distance among countries, with shorter lengths indicating closer and more intimate trade relationships between them [29]. The definition of average short path length(L) is given in Equation 3.
[image: The image shows a mathematical formula: \( L = \frac{1}{N(N-1)} \sum_{i \neq j} d_{ij} \). This formula is labeled as equation number three.]
where [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is the total number of nodes, [image: Please upload the image or provide a URL for me to generate the alternate text.] is the shortest path between the nodes [image: It seems there is no image attached. Please try uploading the image again or provide a URL, and I will help you generate the alternate text.] and [image: Please upload the image or provide a URL so I can help generate the alternate text for it.].
The average clustering coefficient serves as a metric to quantify the proximity of trading partners in terms of their trade structure [22]. A higher average clustering coefficient implies a tighter relationship, thereby enhancing the likelihood of establishing long-term and stable trade relations among the partners. The definition of the average clustering coefficient of a network is given in Equation 4.
[image: Mathematical formula depicting C equals fraction one over N multiplied by the summation from i equals one to N of fraction n sub i over g sub i multiplied by g sub i minus one.]
where C represents the average clustering coefficient, [image: The image shows the mathematical symbol "n" with a subscript "i" indicating a specific element or term in a sequence or series.] is the number of edges between all adjacent nodes of node [image: Please upload the image or provide a URL so I can generate the alternate text for you.]; [image: Please upload the image or provide a URL for me to generate the alt text.] is the number of all neighboring nodes of node [image: It seems there's an issue with the image upload. Please try uploading the image again, and I'll be happy to help generate the alternate text.].
The betweenness centrality of a node is often used to reflect its contribution to network connectivity [30]. It is calculated as the ratio of the number of shortest paths passing through the node to the total number of all shortest paths in the network. The larger the [image: If you have an image you need alt text for, please upload it or provide a URL.], the stronger the intermediary regulation ability, and the stronger the control over the trade network. The definition of the betweenness centrality ([image: It seems there was an error in your message. Please upload the image or provide a URL for me to generate the alternate text.] of a node is given in Equation 5.
[image: Equation for \( B_i \) is shown, where \( B_i = \frac{2}{(N-1)(N-2)} \sum_{p=1}^{N} \sum_{q=1}^{N} \frac{R_{pq}(0)}{R_{pq}} \).]
where [image: The expression \(R_{pq}\) is shown, indicating a mathematical or scientific notation with subscript letters p and q.] is the shortest path between p and q, [image: Mathematical expression showing uppercase R with subscript p, q and i in parentheses: \( R_{pq}(i) \).] indicating that there is the shortest path from p to q through node [image: It seems there was an error in your request, and I can't see an image. Please upload the image file again or provide its URL, and I'll help generate the alternate text for it.] ([image: Please upload the image you want me to generate alt text for, and I'll be happy to assist!][image: It seems like you forgot to upload the image. Please try uploading the image again, and I will be happy to help with the alt text.]).
The closeness centrality measures the proximity of a trading country to other countries within a complex network, typically quantified as the reciprocal of the summed shortest paths between that country and all others. The higher the value of closeness centrality C signifies the trading country is more significant and difficult to be controlled by other countries [31]. Closeness centrality ([image: It seems there was a mistake in uploading the image. Please try again by ensuring the image file itself is uploaded or provide a URL to the image.]) is defined by Equation 6.
[image: Mathematical equation displaying \( K_i = \frac{1}{N} \sum_{j=1}^{N} d_{ij} \), labeled as equation 6.]
The eigenvector centrality uses the importance and influence of neighboring countries to describe the role of the country’s trade in the complex network [30]. These countries display the attribute of “strengthening through collaboration with prominent trade nations,” implying that countries with higher eigenvector centrality are typically interconnected with major trading hubs. This underscores their capacity to exert indirect influence on the trade structure. Eigenvector centrality ([image: The image depicts the mathematical symbol "mu" with a subscript "i," commonly used to represent a specific mean or expected value in statistics or related fields.]) is defined by Equations 7, 8.
[image: Equation of a matrix operation is shown: HX equals μX. The equation is numbered seven, enclosed in parentheses.]
[image: Mathematical equation showing a linear combination where y_i equals h_1 x_1, plus h_2 x_2, continuing up to h_N x_N, followed by equation number eight in parentheses.]
where H is an [image: If you have an image you'd like me to describe, please upload it or provide a URL.] adjacency matrix composed of [image: The image shows a mathematical notation, "h" with subscript "i j".]. [image: Mathematical notation showing the letter "h" with subscript "i j".] indicates the importance measure value of node [image: It seems there's no image uploaded. Please try uploading the image again or provide a URL if it's hosted online.] to [image: Please upload the image so I can help you generate the appropriate alt text for it.]. [image: Mathematical equation displaying a sequence of variables: X equals X subscript 1, X subscript 2, through X subscript N.] indicates the degree centrality of each node. [image: Mathematical notation showing a lowercase Greek letter mu followed by a subscript i.] denotes the eigenvector centrality of node [image: It seems that there's no image provided. Please upload an image or provide a URL, and I'll be able to generate the alternate text for you.].
2.2 Spatial weighted complex network evolution based on gravity model
Improved gravity models have been widely used to estimate and study inter-city population migration, traffic flow or trade flow [32, 33]. In actual networks such as air and road networks, the influence of geographical factors on the network leads to the “convergence” of network edges [34]. The evolution of the global copper supply chain structure is influenced by a combination of factors such as resource endowments, supply and demand patterns, market prices, geopolitical relationships, regional trade agreements, and transportation costs. The transportation cost can be reflected by the geographical distance between two locations to a certain extent. This paper constructs a spatial weighted complex network model of international trade in copper ore, from the perspective of the dynamics of the evolution of the network structure. The supply-demand relationship and transportation costs of each country node in constructing trade relations have been taken into account. Furthermore, this study has delved into the characteristics of the evolution of the international trade structure for copper ore, along with an examination of the pivotal role played by geographical factors in this evolutionary process.
In this paper, we introduce an improved gravity model as a measure of expected trade flows between nodes, defined by Equation 9.
[image: Equation showing gravitational force: \( F_{ij} = -S \frac{m_i^\alpha m_j^\lambda}{r_{ij}^\epsilon} \), labeled as equation nine.]
where [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is the expected trade flow between nodes, S is a constant, [image: It seems like there might be an issue with the image upload. Please try uploading the image again or providing a URL. If you have any additional context, feel free to include that as well.] and [image: Stylized letter "m" with a lowercase "j" subscript in a serif font.] represent the degree of adaptation of node i and node j. It is defined as the total export volume of exporting countries and the total import volume of importing countries, representing the trade demand of the country. In general, nodes with larger adaptability often have larger degree values. In this study, the “adaptability” of a node represents the trade demand of a country. A larger value of [image: The image shows a mathematical symbol \( m_i \), representing a variable \( m \) with a subscript \( i \).] or [image: Lowercase letter "m" followed by the subscript letter "j" in a stylized serif font.] indicates a greater trade demand, and thus the node is more likely to establish trade connections, resulting in a larger degree value. [image: Looks like there was an issue with your image upload. Please try uploading the image again, and I'll be happy to help generate alternate text for it.] is the distance between two countries. Since there are often multiple transportation paths between two countries, it is difficult to obtain actual distance data. Normally, the capital is the economic and trade center of the country, and the distance [image: It seems like there is some confusion. You can upload an image or provide a URL for me to generate the alternate text. If this is a mathematical expression or another type of content, please clarify further.] mainly represents the transportation costs between two countries. So this paper simplifies the transportation distance as a straight-line distance between two national capitals, which is the Euclidean distance between two nodes. Although the actual distance among some countries may be biased, it can roughly reflect the transportation costs in the global iron ore trade. [image: Please upload the image or provide a URL, and I will generate the appropriate alt text for it.] and [image: Please upload the image or provide a URL, and I can help generate the alt text for it.] are two parameters, and their values depend on the network’s ability for nodes to adaptability and dependence on geographical factors. [image: Please upload an image or provide the URL, and I can help generate the alternate text for it.] as the adaptation factor, represents the influence of trade demand on network formation; and [image: It seems there was an issue with the image upload. Please try uploading the image again or provide a URL, and I will be happy to help with the alternate text.] as the geographical factor, captures the role of distance in trade resistance. It has been proved that in actual networks such as airline networks and urban road networks, [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] = 1 and [image: Please upload the image or provide a URL so I can generate the alternate text for it.] fluctuates between 0.2 and 2.7 [35–39].
Using the improved gravity model described above, it is possible to predict the trade volume between nodes, describing potential dynamics when the nodes are not yet connected to each other. Since [image: It seems like there is no image attached. Please upload the image or provide a URL so I can help generate the alternate text for it.] describes only the trade volume generated between node [image: It looks like there was an issue with uploading the image. Please try uploading the image again, and I'll be happy to help with the alt text.] and node [image: Please upload the image or provide a URL for me to generate the alternate text.], it does not include those generated by other node pairs that propagate through some non-direct path through the [image: It seems there was an error with the image upload. Please try uploading the image again or provide a URL if possible.] edge.
Based on the above formula the expected trade flow between any two nodes can be calculated. According to the actual network development law, when the cost is limited, investment will be preferentially made in the construction of the areas with the most urgent needs and the largest trade flow demands. Only in this way can the dynamic needs of the network be met, and the expected returns of the network be maximized, as shown in the Equation 10.
[image: The formula shown is an optimization equation for maximizing Work \( MaxW_F \). It starts as the sum \( \sum_{i < j} F_{ij} \phi_{ij} \), which equals the sum \( \sum_{i < j} \frac{m_i^t m_j^a}{r_{ij}^t} \phi_{ij} \). Additionally, it includes a constraint where the sum \( \sum_{i < j} \phi_{ij} = \delta \).]
where [image: A mathematical notation displaying the Greek letter phi (φ) with subscripts "i" and "j".] is the adjacency matrix of the network, δ is the set number of network edges, and [image: I'm sorry, it seems there is no image attached. Please try uploading the image again, and I will be happy to help you generate alternate text for it.] is the total expected trade flow of the network. In building the network, priority is given to connecting those node pairs with larger expected trade flows, starting from the pair of nodes with the largest [image: Please upload the image you would like me to generate alternate text for.], and connecting the corresponding node pairs in decreasing order of [image: It seems like there was an issue with providing the image. Could you please try uploading the image again, or provide a URL if that's more convenient? Optionally, you can add a caption for context.] until the simulation network reaches a certain number of edges.
2.3 Data sources
Because the import and export data are collected in different countries, there are some differences in the import and export data reported by countries. For example, the trade volume of China’s exports to Japan comes from China, while the trade volume of Japan’s imports from China comes from Japan. Therefore, the base data used in this paper are from the copper ore import data of UN Comtrade website for the years 1990, 1995, 2000, 2005, 2010, 2015, 2020 and 2021. The copper ore data name is “Copper ores and concentrates,” HS number 2603. Especially the 2021 data is used as the benchmark for the simulation of the supply chain network evolution process. The 2021 data contains a total of 117 countries or regions. Some statistical objects such as “other regions of the world, other regions of Asia” cannot be accurately located to the actual geographical location, so they are excluded in the process of this study. After screening, a total of 114 nodes with 580 connected edges were involved in the modeling and analysis of the network evolution process. For ease of display, the abbreviations of country names are used in the figure.
The data of the distance between countries were obtained from the CEPII database. The CEPII database is a comprehensive multinational database, which contains a large number of trade and globalization related data from various countries and regions around the world. The database is widely used in the field of trade and globalization research and has become a reliable source of theoretical and empirical research for many research institutions, governments and academia worldwide. The geographical distance data between two countries is an indicator provided by the cep database. To facilitate the comparison between models, the trade volume and distance data are normalized in this paper, and the raw data are transformed to the interval [1,10].
3 MODELING AND RESULTS
3.1 Parametric analysis of global copper ore trade network model
In 2021, the global copper ore trade network contains 114 country nodes with 580 connected edges, including 99 nodes in exporting countries and 72 nodes in importing countries. Through the clustering coefficient C(k)-degree(k) correlation distribution characteristics of the network model (Figure 1), the dependence between the clustering coefficient and degree of the network model can be judged. The clustering coefficient C(k) of the network model decreases with the increase of node degree, so the network is a small-world network. With a small average path length of 2.54 and a small network density of 0.045, it indicates that the countries in this network are loosely connected. An average clustering coefficient value of 0.324 suggests that nodes within the network have a propensity to form densely interconnected clusters, indicating a higher degree of local clustering compared to that observed in random networks [27].
[image: Scatter plot with red data points distributed across a logarithmic scale. The horizontal axis represents variable K, ranging from 10 to 10,000. The vertical axis represents C(K), ranging from 0.0001 to 0.6. A blue horizontal line crosses the plot at approximately 0.3 on the C(K) axis.]FIGURE 1 | Distribution of model clustering coefficient-degree correlation.
The degree-degree correlation of the network model characterizes the relationship between nodes with large degree and nodes with small degree in the network. If nodes with large degree tend to connect with nodes with large degree, the network exhibits a positive degree-degree correlation feature. Conversely, nodes with large degree tend to connect with nodes with small degree, the network exhibits a negative degree-degree correlation feature. According to the degree-degree correlation distribution of the network model (Figure 2), it can be seen that the nearest neighbor average degree value (knn(k)) of the nodes with degree k is a decreasing function that rises with k. This indicates that the network is a heterogeneous network with negative correlation characteristics, and nodes with large degree tend to connect with nodes with small degree.
[image: Scatter plot showing data points in red. The y-axis is labeled \( k_{nn}(k) \) and the x-axis is labeled \( k \), both on a logarithmic scale from 10 to 100. The plot includes a correlation coefficient of \( r = -0.2707 \).]FIGURE 2 | Network model degree - degree correlation distribution.
By constructing the global copper ore trade network model (Figure 3), it can be seen that the countries with larger weighted out degree in the current global trade network include Chile, Peru, Indonesia, Mexico, Australia, etc. They are the main exporting countries of global copper ore. The countries with larger weighted in degree include China, Japan, South Korea, etc., which are the main importing countries of global copper ore.
[image: Network diagrams labeled A and B depict international relations among countries, represented by abbreviations. Diagram A shows connections with blue nodes centered around GBR and USA, while Diagram B highlights red nodes centered around USA and CAN. Both diagrams feature interconnected lines representing relationships.]FIGURE 3 | Global copper supply chain network model (A) weighted out degree, (B) weighted in degree).
By counting the meso-centrality, proximity centrality and eigenvector centrality of each node, the important nodes in the global copper ore trade network are shown in the following table (Table 1). Apart from the major import and export countries, Netherlands, United Arab Emirates, Turkey, United Kingdom and other countries have strong control over the global trade network. Netherlands, Spain and Turkey are also important nodes in the network, they are typically interconnected with major trading hubs.
TABLE 1 | Key nodes of the global copper ore trade network.
[image: Table listing important indicators and corresponding top ten country names. Indicators include weighted indegree, weighted outdegree, weighted degree, betweenness centrality, closeness centrality, and eigenvector centrality. Each indicator has a list of associated countries.]3.2 Analysis of the historical evolutionary characteristics of the global copper ore trade network
This paper constructs a copper ore supply chain trade network from 1990 to 2021, and analyzes the evolutionary characteristics of the global copper ore trade pattern. From 1990 to 2021, the total volume of global copper ore trade continued to grow, with China’s trade volume gradually dominating the world since 2000 (Figure 4). The total number of countries participating in the global copper ore trade network grew from 43 to 114. The number of trade connecting edges grew from 99 to 580 during the 30-year period. Both the number of nodes and connected edges reached a peak in 2015, then began to decline, and has been growing since 2020 (Figure 5). Combined with the global copper price fluctuations, the changes in the number of nodes and continuous edges are obvious hysteresis to copper price peak.
[image: Line graph showing trade volumes from 1990 to 2020 for World Trade, Japan, China, Germany, and Spain. World Trade rises sharply, especially after 2010. China's trade volume grows significantly, surpassing Japan, Germany, and Spain, which remain relatively stable.]FIGURE 4 | Graph of changes in global and major countries’ copper ore trade volumes (1990-2021).
[image: Line graph showing the number of nodes and edges, and the price of copper from 1990 to 2020. Nodes and edges rise steadily, with nodes peaking around 600 by 2020. Export nodes and import nodes show fluctuations. Copper price increases sharply, peaking over 10,000 USD per tonne.]FIGURE 5 | Graph of changes in the size of the global copper ore trading network (1990-2021).
The topological structure characteristics of the network can be judged based on the average degree, average path length, average network density, average clustering coefficient, and degree off the number of ties of the network. The average degree of network, average density of network and average path length are often used to measure the closeness of trade network. The greater the average degree, the greater the density of network, and the smaller the average path length, the more closely connected the network structure is. The average clustering coefficient is used to measure the connectivity of trade between countries, the larger the average clustering coefficient, the better the trade connectivity between countries.
The average degree of the global copper ore trade network has gradually increased over time, with the average path length between any two countries in the network ranging from 2.5 to 3. Since 1995, there has been an overall decreasing trend, indicating that the network tightness has been gradually increasing since 1995. In terms of the change in the average network density, it is highest in 1990, decreasing between 1990 and 2005, increasing from 2005 to 2010, decreasing from 2010 to 2015, reaching a minimum in 2015, and increasing after 2015. This may due to the fact that the network in 1990 contained fewer nodes and the network size was smaller, thus having a smaller average path length and a larger network density. the growth rates of the number of nodes from 1990 to 2020 were 58%, 28%, 18%, 4%, 31%, 25%, and 7%, respectively. The number of nodes increased significantly from 1990 to 2005 and 2015, the network size increased rapidly, and the average density of the network has decreased (Figure 6). Overall, the global copper ore trade network is gradually expanding, and the degree of network tightness is affected by the expansion rate. So, more low-degree nodes entering the network during the rapid expansion phase, resulting in a decrease in the average network density. There is an increase in network tightness during the slow expansion phase through the establishment of more connections between nodes.
[image: Line chart showing average degree, average path length, and network density from 1990 to 2020. Average degree decreases initially, then rises. Average path length briefly increases, then declines. Network density rises steadily.]FIGURE 6 | Characterization of the topology of the global copper ore trade network (1990-2021).
The average clustering coefficient of the network keeps increasing, the small-world characteristic tends to be obvious (Figure 7). The trade connectivity among countries becomes stronger. Combined with the clustering coefficient-degree correlation distribution (Figure 8), it can be seen that the change of clustering coefficient with node degree is not obvious before 2010, and after 2010. The clustering coefficient decreases with the increase of node degree, and the network shows the typical power-law distribution characteristics. There are hub nodes in the network, and the hub nodes make the distance between each other shorter by connecting a large number of low-degree nodes. It greatly shortens the path length and strengthens the connectivity of the network.
[image: Line graph with two series. The blue line represents mean clustering, showing a general increase from 1980 to 2020. The red line represents degree correlation, displaying a decline with a notable dip around 2005 before slightly recovering by 2020. The x-axis shows years ranging from 1980 to 2020.]FIGURE 7 | Graph of the change in clustering coefficient and degree correlation coefficient of global copper ore trade network (1990-2021).
[image: Eight scatter plots are arranged in two columns, representing the years 1990, 1995, 2000, 2005, 2010, 2015, 2020, and 2021. Each plot shows data points in varying colors and shapes against a logarithmic y-axis labeled CKM. Horizontal blue lines intersect each plot, with data points aligning differently across years. The x-axis for each plot features different industrial categories.]FIGURE 8 | Global copper ore trade network aggregation coefficient - degree correlation distribution.
The degree correlation coefficients of the network are all negative, and the network as a whole shows the characteristics of a heterogeneous network. The nodes with large degrees in the network tend to establish connections with nodes with small degrees. The heterogeneity has weakened since 1990 to 2005, and the network tends to be neutral. From 2005 to 2015, the heterogeneity of the network strengthens significantly, reaching a peak in 2015 and weakening by 2020. This may due to the evolution of the network in which a small number of nodes gradually hold a large amount of trade resources. Exporting countries are restricted by the natural conditions of copper resource endowment, and importing countries are mainly concentrated in Central Asia and some countries in Europe. Especially since 2005, with the accelerated industrialization of China, the demand for copper has increased dramatically, highlighting the import demand and the need to expand import sources. The import targets tend to be low-degree nodes with fewer trade links, with more copper resource countries joining the global copper trade supply chain.
3.3 Simulation of the evolutionary process of the global copper ore trade network
According to the above spatial weighted complex network model based on the gravity model, the expected trade flows are calculated. It contains 114 countries as nodes in the global copper ore supply chain including 99 exporting countries and 72 importing countries. According to the size of the expected trade flows, the node pairs with larger expected flows are connected preferentially until the number of connected edges reaches 580 of the real network. Since there are duplicate countries among the 99 exporting countries and 72 importing countries, the network self-loop is not considered in the process of this modeling. So the self-loop is eliminated first in the model construction, and the connected edges are deferred until the number of connected edges reaches 580.
According to the gravity model equation, the values of α and ε depend on the dependence of the network on node adaptation (trade demand) and on geographical factors (transportation cost). They are the main parameters of the simulation experimental study in this paper. First, assuming ε = 1, α = 1, α = 2, α = 3 are set to experiment the dependence of the network on node adaptation degree. The clustering coefficient-degree correlation distribution of the model network shows a power-law distribution (Figure 9). As the value of α increases, the network topology exhibits a hierarchical structure. The network gives priority to connecting node pairs with large trade demand, and the hierarchical structure is strengthened.
[image: Four scatter plots showing \( {\chi}_{\nu}^2 \) values at varying resistivities (secondary axis). Each plot represents different angles: the first (red) at \(48.8^\circ\), the second (cyan) at \(44.3^\circ\), the third (blue) at \(43.4^\circ\), and the fourth (green) at \(47.2^\circ\). Horizontal lines indicate the threshold at \(1.0\). Points scatter along the y-axis, displaying differences in resistivity values.]FIGURE 9 | Simulation network clustering coefficient - degree correlation distribution (α = 1, 2, 3).
The analysis of the structural characteristics of the simulated network can be seen (Table 2), with the increase of α value, the average degree and network density remain unchanged, the average path length decreases. It indicates that the network tends to be closely connected. The average clustering coefficient increases, and the trade connectivity of countries increases. The number of degree off links (Pearson) decreases significantly, indicating that the characteristics of the heterogeneous network are amplified. Network modularity is used to detect the community structure of the network. The higher the modularity, the better the structure of the divided community. If the modularity is 0 or negative, it means the whole network is a single community or each node is a separate community. Among them, the modularity degree when α = 2 and 3 is 0, and the community structure does not match the real network. Meanwhile, the average path length and clustering coefficient at α = 1 are closer to the real network, therefore, α = 1 is selected for the next analysis.
TABLE 2 | Statistics of basic characteristics of simulated networks (α = 1, 2, 3).
[image: Table comparing network metrics of real networks and different alpha values (1, 2, 3). Columns display average path length, average degree, network diameter, network density, average clustering coefficient, modularity, and Pearson correlation. Metrics show decreasing path length and diameter with increasing alpha, while density remains constant, and clustering coefficient increases.]Specifically, when the parameters α and ε are both set to 1 Among them, ε = 0.5, ε = 1 when all nodes of the network are connected, and ε = 2 when some nodes of the network are not connected (Figure 10). As the value of ε increases and the geographic restriction strengthens, the network hierarchy gradually weakens (Figure 11). When the geographic factor strengthens, the network becomes homogeneous and the phenomenon of degree negative correlation gradually disappears, such as when ε = 2, the nearest neighbor average degree value is almost a constant, indicating that the network has no degree correlation (Figure 12).
[image: Network diagrams depicting three clusters of nodes and connections. The top left cluster is red, the top right is teal, and the bottom one is blue. Each node represents a country code, with lines indicating connections between them. The clusters suggest patterns or groupings among the countries.]FIGURE 10 | Global copper supply chain network model (ε = 0.5, 1, 2).
[image: Four scatter plots arranged horizontally, each with different colored dots: red, cyan, blue, and green. The y-axis is logarithmic, with decreasing values from top to bottom. A horizontal reference line is present in each plot.]FIGURE 11 | Simulation network clustering coefficient-degree correlation distribution (ε = 0.5, 1, 2).
[image: Four scatter plots showing citations against unknown variables. Each plot uses a different color: red, light blue, dark blue, and green. The plots exhibit a downward trend with a slope, indicating negative correlation with varying R-squared values: 0.225, 0.145, 0.254, and 0.048, respectively. Each plot includes a trend line.]FIGURE 12 | Simulation network degree - degree correlation distribution (ε = 0.5, 1, 2).
Combined with the above comparison, the basic structural characteristics of the statistical simulation network (Table 3) show that as the value of ε increases, the average path length increases, the network diameter increases, the network density remains the same, the average clustering coefficient becomes smaller, the modularity becomes smaller, and the hierarchical and community characteristics of the network gradually disappear.
TABLE 3 | Statistics of basic characteristics of simulated networks (ε = 0.5, 1, 2).
[image: Table comparing network metrics for real networks and those with varying \(\varepsilon\) values (0.5, 1, 2). Metrics include average path length, average degree, network diameter, network density, average clustering coefficient, modularity, and degree correlation coefficient (Pearson). Real networks have a path length of 2.540, while \(\varepsilon = 0.5\) has 1.628, \(\varepsilon = 1\) has 2.034, and \(\varepsilon = 2\) has 2.186. Network diameter values are six, four, five, and seven respectively. Modularity and Pearson coefficient vary for each condition.]When ε is set to 1, the model network is closer to the real network, and the nodes with higher weighting degree include China, Chile, Peru Japan, and Indonesia. They are completely consistent with the real network. There are 17 of the top 20 countries in the weighted degree are consistent with the real network (Figure 13). It proves that the model can basically describe the driving pattern of establishing trade links between nodes. This model relates positively to the anticipated trade flow between nations and inversely to the intervening distance. It indicates that trade demand and the spatial distance are main driving forces for establishing trade ties among countries. Usually, trade ties are established with neighboring exporting countries that are relatively close in distance. With the increase in trade demand, the cost is limited, there will always be priority investment in the construction of the most urgent, the largest demand for trade flow. On this foundation, a scientific evaluation of the stability and potential risks associated with supply chain structures can be undertaken.
[image: Two network diagrams labeled (a) and (b), displaying interconnected nodes representing countries with three-letter codes. Diagram (a) shows clusters with prominent connections from MEX, BRA, and USA. Diagram (b) depicts a denser network with more uniform connections among nodes like MEX, USA, and CAN.]FIGURE 13 | Global copper supply chain simulation network. [(A) original network, (B) simulation network].
The model reflects the ideal structure of the global copper ore trade network. But the trade relationships in the real network are simultaneously influenced by many factors, such as national geopolitical relations, market prices, import and export policies, regional trade agreements and others. There are some different relationships from the simulation results in this paper. The nodes in the real network that have not yet established trade links deserve further focused attention.
3.4 Forecast of potential trading countries
In recent years, China has been the world’s largest importer of copper ore. In this paper China is taken as an example to forecast the potential trading countries using the spatial weighted complex network model proposed above. Based on the data of 2021, the above model is used to simulate the evolution of the global copper supply chain structure and predict the changes of the global copper supply chain structure in 2022. The simulation results are compared with the real network to evaluate the accuracy of the model.
In 2021, China imported 23 million tons of copper ore from 59 countries. The major exporting countries are Chile, Peru, Kazakhstan, Mongolia, Mexico, Indonesia. These countries above account for nearly 80% of China’s copper imports. The spatial weighted complex network model was used with α = 1 and ε = 1. According to the simulation results, in 2022, there was little change in the major exporting countries, such as Chile, Peru, Kazakhstan, Mongolia, Mexico, Indonesia (Figure 14). And these countries above account for nearly 80% of China’s copper imports (Figure 15).
[image: Network diagram showcasing international connections with "CHN" at the center, linked to various countries labeled with three-letter codes such as "GBR," "USA," "BRA," and others. Arrows indicate the direction of relationships.]FIGURE 14 | Global copper supply chain in 2022.
[image: Two pie charts compare market shares by country for 2021 and 2022. In 2021, the largest shares are CHL at 38% and PER at 24%. In 2022, CHL decreases to 34%, and PER drops to 25%. Other countries and categories include MEX, MNG, KAZ, USA, IDN, and Others, each varying between both years.]FIGURE 15 | Source of China’s copper imports in 2021 and 2022.
From the perspective of network structure, China’s copper imports come from more diverse sources. The number of countries trading copper with China has grown to 83 in 2022. These include 80 countries in the list of countries simulated, the percentage is as high as 96%. This can also show that with the change of the global geographical situation, China is seeking new trading partners, expand the diversity of copper import sources, and more countries have joined the copper trade with China.
4 CONCLUSION
Based on the global copper ore trade import and export data from 1990 to 2022, this paper constructs a global copper ore trade network model using complex network theory. The historical evolution characteristics and structural change patterns of the global copper ore trade network are analyzed. The evolution process of the global copper ore trade network structure is simulated using a spatially weighted complex network model. Based on these findings, we propose an evolution pattern for the global copper ore trade network under the joint influence of national trade demand and transportation costs. The main conclusions drawn in this paper are as follows:
	(1) The spatial heterogeneity in the distribution of mineral resources among exporting nations, coupled with the economic progress of importing countries, exerts a profound influence on the evolution of the global trade network structure. Major importing economies, notably Japan, China, Germany, and Spain, primarily procure copper resources from significant trade partners such as Chile and Canada. Concurrently, these importing nations are diversifying their import bases to encompass resource-rich countries situated in closer geographic proximity, thereby enhancing their supply chain resilience and strategic sourcing capabilities within the global trade framework.
	(2) Since 1990, the total volume of global copper ore trade has exhibited a sustained growth trajectory, accompanied by a gradual expansion of the global copper ore trade network. The degree of network closeness exhibits fluctuations that are contingent upon the rate of this expansion. Notably, the small-world and heterogeneous attributes of the network have become increasingly apparent, underscoring an intensification of trade connectivity among nations.
	(3) The evolutionary pattern of the global copper ore trade network can be accurately characterized using the spatial weighted complex network evolution model. This model relates positively to the anticipated trade flow between nations and inversely to the intervening distance. When both parameters α and ε are set to 1, the structure of the simulated copper ore trade network aligns more closely with the real network. On this foundation, a scientific evaluation of the stability and potential risks associated with supply chain structures can be undertaken.

Building upon the insights gained from our preceding analysis, we undertake a comprehensive examination of the structural attributes and evolutionary forces shaping the global copper supply chain. Subsequently, we offer a suite of strategic recommendations targeted at optimizing the international copper trade dynamics at a comprehensive level. Presently, the exportation of global copper ore is predominantly concentrated in key regions such as Chile, Peru, Indonesia, Mexico, and Australia. The potential trade relationships projected from this concentration merit particular scrutiny. It is advisable for importing countries such as China, Japan, Rep. of Korea, Spain, Germany to diversify copper sources and securing a stable supply chain. And suggestions for export countries such as Chile, Peru, Indonesia, Mexico, Australia to enhance production resilience and maintain trade advantages. For major trade intermediary countries such as the Netherlands, United Arab Emirates, Turkey, it is essential to stabilize the trade partnerships established with other nodes and actively expand their coverage and influence within the network. Furthermore, establishing copper trade relations with neighboring countries is recommended as a strategic approach to ensure the stability and resilience of the supply chain.
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Stock price and consumer sentiment consistently serve as pivotal economic indicators for the performance and growth of e-commerce enterprises. It is essential to comprehend and forecast the co-movement between the two to inform financing and investment decision-making effectively. Prior research has focused on predicting individual indicators, but not much of them attempt to forecast their co-movement. We propose a novel Rule Combination based on Bivariate Co-movement Network (RC-BCN) approach for bivariate co-movement forecasting. Bivariate co-movement features extracted utilizing the BCN’s topological nature instruct the entropy optimization in order to enhance the RC-BCN’s predictions. We conduct four sets of experiments on 1,135 data sets from JD.com between 2018 and 2022, where consumer sentiment is measured using text sentiment analysis of online reviews. The results indicate that RC-BCN’s prediction accuracy reaches at most 91% under distortion preference and is improved by 18% compared without entropy optimization. This study highlights the value of complex network and entropy theory in forecasting bivariate co-movement for e-commerce enterprises.
Keywords: consumer sentiment, stock price, bivariate co-movement network, entropy optimization, text sentiment analysis

HIGHLIGHTS
• Devising a novel approach called Rule Combination based on Bivariate Co-movement Network (RC-BCN) to solve co-movement prediction problem.
• Predicting the co-movement between Consumer Sentiment (CS) and Stock Price (SP) for e-commerce companies.
• Bi-objective optimization achieved through entropy optimization based on BCN topology.
• RC-BCN outperforms in co-movement between CS and SP forecasting.
• Findings in this study have implications for listed e-commerce companies financing decisions and investor decision-making.
1 INTRODUCTION
For publicly listed enterprises, particularly those in the customer-centric retail sector, forecasting the co-movement between Consumer Sentiment (CS) and Stock Price (SP) is crucial for guiding corporate financing decisions and providing valuable insights for investor decision-making. E-commerce enterprises, as typical customer-centric businesses, are significantly influenced by CS in terms of their firm value. Additionally, the e-commerce industry has become a vital component of the global economy. CS and SP are economic signal towers of e-commerce platform performance. Numerous studies have independently examined and forecasted them [1–3]. In contrast, a few studies have integrated these two aspects and established a confirmed correlation between them [4, 5]. These studies have primarily explored the relationship between CS and SP via regression analysis, and employed machine learning to predict SP using CS, thereby enhancing predictive accuracy. Despite these advancements, the dynamic interdependence between CS and SP, particularly regarding co-movement forecasting, has received limited attention in existing literature.
Extant literature indicates that CS impacts SP through multiple pathways. (1) CS can indirectly affect investor behavior through media reports, social media interactions, and other channels, thereby impacting SP [6, 7]. (2) CS reflects the market preferences for a firm’s products or services, signaling sales expectations and investor confidence, which in turn affect SP [8, 9]. (3) Some studies suggest that CS can directly and positively influence SP [4, 10]. Positive sentiment boosts market expectations of a firm’s future performance, enhancing investor confidence, while negative sentiment undermines market trust, potentially leading to a decline in SP. In addition, related studies have found that: (1) there is a bidirectional causal relationship between sentiment and SP, with potentially positive or negative dynamic [11]. (2) the relationship between CS and SP is complex and nonlinear [5]; and (3) sentiment has a short-term transient effect on SP, suggesting that sentiment changes can serve as early signals of SP movements [11–13].
The relationship between CS and SP is dynamic. However, in contrast to previous studies focusing on the static aspect, this paper examines their dynamic interaction and co-movement forecasting, providing valuable insights into the dynamic relationship between consumer behavior and financial markets. Furthermore, investors can better capture market trends and mitigate potential investment risks by analyzing changes in CS. For customer-centric listed companies, understanding these dynamics enables them to improve financing efficiency and secure greater capital support. Hence, the research question in this study is: how to explore and forecast the co-movement of CS and SP? This research aims to uncover the co-movement’s features and forecast them, serving as a reference for corporate financing decisions and investor investment strategies.
Forecasting the co-movement of CS and SP involves obtaining daily CS data and addressing the challenges of nonlinear time series forecasting. Currently, vast quantities of CORs are archived on e-commerce platforms, providing real-time insights into CS. Moreover, text sentiment analysis is employed to extract the CS from CORs at a finer time scale. Complex network theory has emerged as a powerful tool for analyzing nonlinear time series [14]. Given the dynamic, nonlinear relationship between CS and SP, and the complexity of their interaction patterns, complex network methods are particularly well-suited to uncover and forecast their co-movement. It excels in accurately capturing temporal fluctuations, leading to highly accurate predictions.
In response to the above problems, we propose a novel Rule Combination approach, integrating Bivariate Co-movement Network (RC-BCN) analysis with entropy optimization. It consists of four sequential steps: CS data acquisition, Bivariate Co-movement Network (BCN) construction, feature extraction, and co-movement prediction based on rule combination and entropy optimization. CS data acquisition uses web crawler and text sentiment analysis. We project bivariate time series data into phase space to construct BCN. Particularly, features derived from network topology are used to instruct entropy optimization innovatively. To validate the proposed approach, we conduct four sets of experiments on one dataset. The experiments show that the proposed approach outperforms baseline model.
Our work contributions are summarized as follows:
	• Employ complex network to the problem of bivariate co-movement forecasting and develop a novel RC-BCN approach based on entropy optimization for the first time, which performs well.
	• Propose a new feature extraction framework, using network topological nature to extract features by projecting bivariate time series into phase space.
	• Design a fusion method of combining co-movement features with prediction methods through entropy optimization, which results in high prediction accuracy.

The rest of this paper is organized as follows. Section 2 discusses the related works. Section 3 describes the methodology. Section 4 presents the experiments, and Section 5 discusses the results. Section 6 concludes and outlooks the work.
2 RELATED WORKS
To address the research question, we conducted a literature review from three aspects. Lastly, we highlighted the extant research gaps and outlined the objectives of our study.
2.1 Evaluating CS through online reviews
CS data can be sourced from two main categories: (1) Authoritative databases, which provide established metrics like the Consumer Confidence Index (CCI), and (2) Evaluating CS through online reviews. Authoritative databases may have limitations in providing real-time, flexible, and fine-grained analysis when supporting detailed research perspectives. Therefore, obtaining CS through CORS have become popular.
Evaluating CS through CORs primarily entails identifying the influencing factors and calculating CS. Various techniques, such as text regression analysis, machine learning, and the Latent Dirichlet allocation, are employed to ascertain the factors and their respective weights that impact CS, consequently pinpointing the key determinants [15–17]. Additionally, evaluating CS through CORs predominantly utilizes text sentiment analysis methods based on dictionaries, machine learning, and deep learning [18–20]. Among these, the dictionary-based text sentiment analysis method is widely adopted, due to its simplicity. For instance, one approach involves constructing a CS evaluation system by content analysis, followed by the utilization of Probabilistic Linguistic Term sets and improved Analytic Hierarchy Process method to calculate CS based on word frequency statistics [21]. Other approaches include the Center Term Short Sentence Sentiment Orientation, the Probabilistic Linguistic Group Decision-FlowSort, and the Data Envelopment Analysis method to calculate sentiment intensity and dynamically measure CS across multiple dimensions [22–24].
These studies highlight the significance of CORs as a valuable data source for measuring CS, using relatively established evaluation methods. However, it is worth noting that CS in our study refers to consumers’ overall sentiment on shopping platforms. While influenced by multiple factors, CS cannot be directly quantified as the sum of sentiment values derived from these individual factors. Hence, in quantifying CORs, we adopt a dictionary-based algorithm that matches overall CS vocabulary to measure the sentiment intensity of CORs. This approach effectively captures overall CS.
2.2 Bivariate co-movement features
Co-movement analysis between CS and SP typically focuses on their correlation, particularly in predicting SP volatility utilizing CS. However, limited research has been conducted on the co-movement features between CS and SP, while an extensive body of literature exists on bivariate co-movement features, showcasing more mature methodologies. The research subjects include inter-country currency exchange rates, the intersection of artificial intelligence and energy sectors, as well as the relationship between dirty and clean energy [25–27]. These research covers both static co-movement features, such as bivariate interdependence and quantile co-movement, and dynamic features, including co-movement structure and fluctuations. Although studies on CS and SP co-movement are typically classified as static, their co-movement is inherently dynamic.
Common methods for analyzing dynamic co-movement features include wavelet analysis, DCC-GARCH model, the Thick Pen method, Temporal Convolutional Network (TCN), and complex network analysis [25, 28–31]. Among these, wavelet analysis has high sensitivity to the selected wavelet basis function and scale parameters. The DCC-GARCH model generally assumes that the data are normally distributed. The Thick Pen method tends to be subjective in parameter setting. TCN depends on the quality of input data and is sensitive to the hyperparameter. In contrast, the co-movement between CS and SP does not necessarily conform to the normal distribution. Complex network analysis provides an objective means to visualize nonlinear and nonintuitive relationships between bivariate.
Scholars have employed symbolic dynamics methods to map time series data into BCN, and have utilized network indicators to analyze bivariate dynamic co-movement features. This approach is grounded on coarse-graining partitions of phase space, involves constructing coarse-grained rules to transform time series into symbols, defining symbol sequence vectors as nodes, establishing a network resulting from the transition frequency of the symbol sequence vectors in the time series [14]. The co-movement features are mainly extracted by using network topology indicators such as node strength, node centrality, weighted cluster coefficient and community detection [32, 33]. Despite employing various network indicators in prior research, there remains a gap in the literature regarding a comprehensive analytical framework for identifying bivariate co-movement features and guiding the development of a bivariate co-movement prediction model.
2.3 Bivariate co-movement prediction
The research area of bivariate co-movement forecasting includes different stock prices, the multi-step network traffic states, innovative and traditional financial assets in different regions [34–36]. Research topics in co-movement forecasting focus on the future trends of bivariate co-movement, including correlations between stock prices [34], crude oil prices volatility [37], and volatility spillovers across economic sectors [38]. Given the high volatility of both CS and SP, this study aims to forecast the co-movement trend between CS and SP, consistent with prior research.
In the absence of distinct regularities, nonlinear systems commonly adopt integrated forecasting models, incorporating techniques such as data mining, cross entropy, Convolutional Neural Network-Long Short Term Memory (CNN-LSTM), Back Propagation (BP) Neural Networks, and link prediction methods, to improve predictive accuracy [39–42]. The aforementioned methods, particularly machine learning techniques, have demonstrated significant efficacy in predicting bivariate co-movement by optimizing model hyperparameters. However, these methods face challenges in explaining the underlying mechanisms driving the observed results. In contrast, the complex network approach not only uncovers the co-movement characteristics of bivariate relationships but also effectively predicts their dynamics, eliminating the need for resource-intensive and time-consuming experimental processes.
Time series forecasting algorithms based on complex network have shown significant advancements in recent years. These methods, such as maximum node weight and maximum visibility forecasting have been developed based on the principles of complex network link prediction [43, 44]. The current widely used link prediction algorithms are often based on various node similarities, including local similarity, weighted similarity and random walk similarity [45–47]. Typically, the greater the similarity between two nodes in the network, the higher the likelihood of connectivity between them. While numerous algorithms exist for bivariate co-movement prediction, each validated in different fields, it is worth mentioning that the co-movement features within a network can vary significantly across different time series networks. As a result, predictions made by a single forecasting method may exhibit biases when compared to actual outcomes.
2.4 Research gap and objectives
Bivariate co-movement forecasting has been studied on mostly macroeconomic indicators. Limited by the availability of data, previous studies have less often landed on firm-level economic indicators, especially on the co-movement of CS and SP. For e-commerce companies, the abundance of CORs on e-commerce platforms provides valuable opportunities for in-depth analysis. Previous studies have developed various methods to extract co-movement features and demonstrated promising results in bivariate co-movement prediction. However, challenges persist in systematically extracting these features, applying them for prediction, and interpreting results, particularly in nonlinear systems. These gaps underscore the necessity of exploring novel approaches to predict the co-movement between CS and SP in the context of e-commerce enterprises.
Addressing the gaps identified in the extant literature, this study introduces a novel approach, grounded in complex network theory, to forecast the co-movement dynamics between CS and SP of e-commerce platforms. The basic approach is: design an algorithm for collecting and quantifying CORs on e-commerce platforms to obtain a more finely-grained CS; and then transform the time series data of CS and SP into BCN and extract the co-movement features based on the network’s topology; construct a rule combinations model based on the co-movement features to forecast future co-movement mode. Moreover, model optimization involves entropy optimization guided by co-movement features.
3 RESEARCH METHODOLOGY
3.1 Time-series data collection
The closing price is a crucial indicator that reflects daily market trends and is easily accessible through stock trading platforms. The process of obtaining the CS involved four key steps (see Figure 1). Firstly, CORs are collected using web crawling techniques. Secondly, a dictionary-based text sentiment analysis method is applied, utilizing the Jieba text segmentation tool to segment, analyze, and match the text with the dictionary for initial data processing. Then, sentiment values are calculated based on the part-of-speech and weights assigned by the dictionary. Finally, the obtained sentiment values that passed the test are used as the CS. The test algorithm demonstrated an accuracy of 84.77% when applied to the Tan Songbo hotel review corpus, confirming its practical applicability.
[image: Flowchart illustrating text processing to generate a customer satisfaction index. It begins with a web crawler collecting online reviews, followed by dividing text into sentences. Words are cut using Jieba and categorized by type (active, passive, negations, degree adverbs). Equations process the counts, leading to a decision point for calculating the customer satisfaction index.]FIGURE 1 | Text sentiment analysis flowchart.
Since reviews consist of sentences, Equation 1 calculates sentiment scores at the sentence level, while Equation 2 aggregates them to determine the review-level sentiment score, and Equation 3 standardizes it.
[image: Mathematical formula displayed as "Sentence's score equals open parenthesis P minus N subscript p close parenthesis times W times open parenthesis minus one close parenthesis raised to the power of N subscript e g."]
where [image: It looks like there is a mention of an image, but it has not been uploaded. Please upload the image you would like me to generate alternate text for.] represents the number of active words, [image: Stylized mathematical symbol representing the natural numbers, denoted by a bold uppercase "N" with a subscript lowercase "p".] refers to the number of passive words, and [image: Text "Neg" in a bold, serif font, possibly emphasizing a negative or subtractive concept.] denotes the count of negation words (such as “not,” “no,” and other similar terms). The sentiment score for each sentence is adjusted by multiplying it by [image: Mathematical expression showing negative one raised to the power of "Neg".] , reflecting the principle that double negation leads to affirmation [48]. [image: Please upload the image you want me to describe.] is the weights corresponding to adverbs of degree. If there are no adverbs of degree, the weight is considered as 1. Generally, a sub-sentence contains only one adverb of degree. If there are multiple adverbs of degree, the weight corresponding to the first matched adverb is used.
[image: Mathematical formula showing that a review's score equals the sum of individual sentence scores, labeled equation two.]
[image: Formula labeled as equation three. CS equals the review's score minus the minimum review score, divided by the maximum review score minus the minimum review score, multiplied by one hundred.]
where CS is represented as a numerical value quantified on a scale from 0 to 100, derived from text sentiment analysis.
3.2 BCN construction
3.2.1 Node determination
In this study, co-movement describes the relationship between CS and SP, while the co-movement symbol represents both the direction and magnitude of their interaction. The coarse graining method in symbol dynamics and time series involves defining the co-movement sequence as [image: The image displays the mathematical notation "L subscript p subscript i," often used in contexts involving linear programming or similar mathematical formulations.], which represents the product of [image: The Greek letter delta followed by the letters "C" and "S" in a serif font.] (the first-order difference of CS) and [image: The text displays the Greek letter Delta followed by the uppercase letters S and P.] (the first-order difference of SP) [49]. [image: Text displaying "Avg+" in a slightly stylized font, possibly indicating an average value with a positive increment.] signifies the average of [image: ΔCS multiplied by ΔSP, with Δ representing a change in a variable related to CS and SP.] when their product is positive, while [image: Equation displaying "Avg -".] donates the average of the product is negative. Subsequently, [image: Mathematical notation, "L" followed by a subscript "p" and "i".] is subdivided into the following five cases, as shown in Equation 4.
[image: Equation illustrating conditions for movement classification based on the product of changes in CS and SP. It details violent and slight co-movements in the same and opposite directions.]
Thus, the co-movement between CS and SP can be represented by a continuous symbol sequence, and the corresponding symbol sequence is given in Equation 5.
[image: The image displays a mathematical expression defining a sequence or set \( L_p = (L_{p1}, L_{p2}, \ldots, L_{pw}) \) where each element \( L_{pi} \) belongs to a set \(\{Y, y, o, n, N\}\), with \( w = 4 \).]
Given that stock trading typically spans five consecutive days, with statutory holidays excluded from consideration, we define a node as the co-movement of four consecutive days. [image: It seems like there is a technical issue. Please try uploading the image again or provide a description or URL if possible.] ensures the balance of the time window, though its value can be adjusted based on the sample size in this study. The symbol sequence [image: The image displays the letters "L", "P", and a subscript lowercase "i", styled in a serif typeface.] serves as the data sliding window with a step size of 1, and the coarse-grained symbol sequence is converted into partially overlapping symbol intervals, each representing different co-movement modes.
3.2.2 Determination of edges and weights
Using the coarsened data, edges in the co-movement network are established by connecting the previous co-movement mode combination to the neighboring subsequent co-movement mode combination. The number of transitions between two combinations of the same mode function as the edge weight. Therefore, a weighted directed BCN is constructed to depict the co-movement modes between CS and SP.
If the symbol sequence mapped for the time series is [image: A mathematical expression showing a vector with the elements y, n, n, Y, o, y, y, N, n, enclosed in curly braces.], the corresponding latest node is [image: It seems that the image did not upload correctly. Please try uploading the image again or provide a URL if available.]. Figure 2A illustrates the network structure, where the number of nodes equals the count of co-movement modes. However, if the symbol sequence mapped for the time series is [image: Mathematical notation showing a set containing the elements: lowercase "y", "n", "n", capital "Y", lowercase "o", "y", "n", "n", and capital "Y".], and the latest node is [image: It seems there was an error with the image upload. Please try uploading the image again or provide an image URL. If you include a caption or context, that can also help in generating an accurate alt text.], the number of nodes is less than the count of co-movement modes, as depicted in Figure 2B. In practical network construction, when the sample size is sufficient, it often resembles the structure shown in Figure 2B. If the sample size is limited, one can reduce the use of symbols or symbol combinations (i.e., reduce [image: Please upload the image or provide a URL for me to generate the alternate text.]) to construct the BCN.
[image: Two diagrams labeled "a" and "b" showing circular flowcharts with nodes connected by arrows. Diagram "a" consists of four nodes: ynnY, mnYo, nYoy, Yoyy connected in sequence, with an additional node yyNn leading to oyyN. Diagram "b" includes five nodes: ynnY, mnYo, nYoy, oynn, YoYn, forming a circular pattern, with arrows indicating connections and flow direction.]FIGURE 2 | Network structure corresponding to the latest data array.
3.3 Feature extraction
We derive BCN’s features across four key dimensions to guide the subsequent predictions, with the specific features and indicators detailed in Table 1.
TABLE 1 | Outlines the framework of the feature extraction model for BCN.
[image: Table displaying various dimensions, indicators, and corresponding formulas related to network analysis. Dimensions include Influence, Clustering, Periodicity, and Orderliness. Indicators like Node strength, Clustering coefficient, and Betweenness centrality are listed with their formulas. For example, Node strength formulas are \( S_{i,out} = \sum_{j \in N_i} W_{ij} \) and \( S_{i,in} = \sum_{j \in N} W_{ji} \). Each formula includes components and mathematical representations relevant to network metrics.]3.4 Co-movement prediction model
Co-movement forecasting is the prediction of the next day’s CS and SP co-movement symbol. For instance, if we observe a co-movement mode on day [image: It looks like there's an issue with the image upload. Please try uploading the image again, or provide a URL if it's hosted online. You can also add a caption for additional context.], denoted as [image: It seems there was a mistake with your image upload or reference. Please upload the image again or provide the correct URL.], forecasting the mode for day [image: Please upload the image or provide a URL so I can generate the alternate text for you.] relates to predicting the mode [image: It seems there was an issue with the image upload. Please try uploading the image again or provide a URL. Optionally, you can add a caption for additional context.]. Prior studies have indicated that the total occurrence time of different co-movement modes follows an approximately linear distribution [49]. This implies that with sufficient data, new co-movement modes will not arise in the short term. Hence, we utilize mode transformation relationships for forecasting.
3.4.1 BCN optimization based on entropy principal
To ensure the accuracy of predictions, it is essential to adjust the network structure to enhance its clarity, particularly in cases where chaotic nonlinear systems exhibit strong randomness. Therefore, the partial edge weights are adjusted to improve its predictability based on entropy optimization. Entropy optimization is a method for finding the optimal solution under given constraints by maximizing or minimizing an entropy-based objective function, leveraging the mathematical properties of entropy and principles of information theory [50]. Entropy, as an optimization and correction tool, is used to optimize the return statistics that do not follow Gaussian distribution, and to correct the geometric Brownian motion model by relaxing the assumption of lognormal distribution [51, 52]. Furthermore, entropy optimization is utilized in identifying topological changes in complex networks, assessing network consistency, and reducing knowledge distillation loss in deep neural networks by adjusting network entropy [53–55]. The use of entropy is prevalent in economics, with applications ranging from risk measurement and portfolio optimization to the design of combined economic emission dispatch optimization algorithms, all of which contribute to enhancing the scientific basis for decision-making [51, 56, 57]. The aforementioned studies demonstrate the broad applicability and notable effectiveness of entropy optimization across various economic domains.
The standard network strength entropy is employed as a measurement tool, which extends Shannon entropy to quantify the uncertainty in the distribution of node or edge strength [58]. This measure is standardized to enhance its applicability to network analysis. Building upon this, the approach constructs a bi-objective entropy optimization model that aims to minimize network distortion and simultaneously adjusts the weights of selected edges to reduce the network’s output entropy (see [image: Looks like you're trying to include an image, but I can't see it. Please upload the image directly or provide a detailed description.]), thereby achieving overall network optimization. Minimizing network distortion ensures that the adjustment of edge weights has minimal impact on the network’s topological structure, which is mathematically represented by [image: Please upload the image or provide a URL, and I can help generate the alternate text for you.]. The selected edges set refers to the edges connected to nodes with higher recognizability, which are typically associated with lower entropy values. These edges are crucial for reducing network out-entropy while preserving the network’s essential features. Based on these objectives, the following model is proposed (see Equation 6):
[image: Mathematical expressions for optimization functions. \(G_1\) is defined as the minimum of \(\frac{\sum_{i=1}^N G_{\text{lost},i}}{N}\). \(G_2\) is defined as the minimum of \(\frac{\sum_{i=1}^N \Delta S_i}{N} + \frac{\sum_{i=1}^N \Delta C_{\text{weighted},i}}{N}\). Both involve summation over \(i\) from 1 to \(N\). Equation number is 6.]
Where [image: Please upload the image or provide a URL, and I will help generate the alternate text for it.] represents the adjustment applied to the weight of the edge.
3.4.2 RC-BCN model
In the process of constructing a BCN, it is crucial to consider two scenarios for the latest nodes:
	(1) If the latest node [image: Mathematical expression showing \( V_{i}^{(t)} \), where \( V \) is a variable with subscript \( i \) and superscript \( (t) \).] has no out-neighbor node in BCN (see Figure 2A), then the future node that appears at [image: It seems there was an error rendering the image. Please upload the image file or provide its URL, and I will help you generate the alt text.] can be estimated according to the trend extrapolation method [59]. That is, if [image: Mathematical expression showing \( V_i^{(t)} = \{yyny\} \).], then [image: Equation showing \( V_{i \rightarrow j}^{(t+1)} = \{yny\} \).]. In fact, this situation can be avoided when building the BCN.
	(2) If [image: The image shows the mathematical notation \( V_i^{(t)} \), representing the variable \( V \) with subscript \( i \) and superscript \( t \) in parentheses.] has out-neighbor nodes in BCN (see Figure 2B), the set of out-neighbor nodes is defined by Equation 7.

[image: Mathematical equation representing vector \( \mathbf{V}_{i,j}^{(t+1)} \) as a sequence of vector components. Each component \( V_{r_1,h_1}^{(t+1)}, V_{r_2,h_2}^{(t+1)}, \ldots, V_{r_i,h_j}^{(t+1)} \) is indexed within a range \( [1,N] \).]
Based on the preceding analysis (3.2.2), the future nodes at [image: Please upload the image or provide a URL for me to create the alternate text.] are one of the elements in [image: Mathematical expression showing \(V^{(t+1)}_{i \to j}\).]. There are three common rules to determine the exact nodes.
Rule 1: The principle of the greatest Node Similarity. Link prediction techniques are applied, where the probability of a potential connectivity between nodes is determined by computing the similarity between two nodes. The node with the highest similarity is selected as the predicted node, and in case of tie, preference is given to the relatively most recent node.
Given a pair of nodes ([image: Please upload the image or provide a URL for it so I can help generate the alt text.]), the rules for calculating the node similarity are as follows: If the BCN exhibits significant clustering, a local feature-based similarity formula is applied (see Equation 8); otherwise, a global-based similarity formula is utilized (see Equation 9) [42].
[image: Mathematical formula representing a similarity measure. The similarity measure, \( s_{ij}^{C} \), is the cardinality of the intersection of \(\Gamma(i)\) and \(\Gamma(j)\) divided by the cardinality of the union of \(\Gamma(i)\) and \(\Gamma(j)\), annotated as Equation 8.]
where [image: The image displays the Greek letter Gamma with a function notation in parentheses, i, subscripted with a hat symbol.] and [image: The image shows the Greek letter Gamma (Γ) followed by an open parenthesis, the letter j, and a close parenthesis, indicating a function notation \( \Gamma(j) \).] are the sets of out-neighbor nodes of [image: It seems like there was an error in your request because it includes a formula rather than an image. Please upload the image or provide more context so I can assist you better.] and [image: If you can upload the image or provide a URL, I can help generate the alternate text for you.] respectively.
[image: Equation showing weighted similarity, \( w_{ij}^{S|C} \), as the ratio of the sum of common weights \( (w_{ix} + w_{xj}) \) over the sum of all weights \( (w_{iy} + w_{yj}) \).]
where [image: Mathematical expression showing the variable "w" with a subscript notation "ix".], [image: The image shows the mathematical expression \(w_{x_j}\), where \(w\) is a variable with subscript \(x_j\).], [image: It appears there is no image attached. Please upload the image or provide a URL for assistance.] and [image: Mathematical notation showing the variable \( w \) with subscripts \( yj \).] are edge weights, respectively. This formula takes into account the weight of the edge on the basis of Equation 8.
If the maximum value of either [image: Mathematical notation depicting two expressions: \( S_{ij}^{JC} \) or \( S_{ij}^{WJC} \).] is 0, it is not possible to predict future nodes. In this case, Rule 2 or Rule 3 are employed for combined prediction.
Rule 2: The principle of the greatest node strength, that is, select the node with the largest node strength from [image: Mathematical expression with a superscript and subscript, presenting \( V^{(t+1)}_{i \to j} \).]. In case of tie, the relatively most recent node is selected.
Rule 3: The principle of the greatest connection strength, that is, select the node with the largest connection strength from [image: Mathematical notation displaying \( V_{i \rightarrow j}^{(t+1)} \).]. In the event of a draw, the relatively most recent node is selected.
Following these rules, co-movement modes prediction function was established, as shown in Equation 10.
[image: Mathematical equation showing \( V^{(t+1)}_{i,j} = f(V^{(t)}_{i,j}) + \xi_{i,t} \), where \(\xi_{i,t}\) is in the range \([0,1]\). The equation is labeled number (10).]
where [image: Please upload the image or provide its URL so I can generate the appropriate alt text.] is the composite function comprising six co-movement prediction models: M-1 (Trend extrapolation method and Rule 1-Equation 8 and Rule 2), M-2 (Trend extrapolation method and Rule 1-Equation 8 and Rule 3), M-3 (Trend extrapolation method and Rule 1-Equation 9 and Rule 2), M-4 (Trend extrapolation method and Rule 1-Equation 9 and Rule 3), M-5 (Trend extrapolation method and Rule 2), and M-6 (Trend extrapolation method and Rule 3). [image: Please upload the image or provide a URL for me to generate the alt text.] is the error.
3.4.3 Evaluation of model prediction accuracy
The co-movement prediction of CS and SP refers to forecasting both the direction and strength of their co-movement. Hence, model prediction accuracy is assessed in terms of two aspects: accurately predicting both the co-movement direction and strength, or solely the co-movement direction. The evaluation indicators for accurately predicting both co-movement direction and strength are defined in Equations 11, 12.
[image: Equation depicting \( D_{1} = \frac{1}{L} \sum_{t=1}^{L} a_{t} \) labeled as equation eleven.]
[image: Mathematical expression defining a variable \( x_k \) as a piecewise function. It equals 1 if \( V_{i-j}^{(t+1)} = \hat{V}_{i-j}^{(t+1)} \), and 0 if they are not equal, as shown in equation (12).]
The evaluation indicators for accurately predicting the co-movement direction are given in Equations 13, 14.
[image: Equation labeled thirteen shows \( D_2 = \frac{1}{L} \sum_{t=1}^{L} b_t \).]
[image: Mathematical equation defining \( z_{i} \) with conditions: equals one if \( V_{i-j}^{(n+1)} \) equals \( \hat{V}_{i-j}^{(n+1)} \), and zero if \( V_{i-j}^{(n+1)} \) does not equal \( \hat{V}_{i-j}^{(n+1)} \).]
[image: Mathematical expression showing two similar terms: \( V_{i \rightarrow j}^{(t+1)} \) is approximately equal to \( \hat{V}_{i \rightarrow j}^{(t+1)} \).] signifies the predicted and actual symbols have matching directions.
4 EXPERIMENTS
4.1 Data preparation
A set of experiments was conducted using JD.com, a prominent B2C online shopping platform. According to a 2022 Tencent report, electronic products on JD.com accounted for over 60%. Hence, 44 high-selling electronic products were selected from JD. com’s main product categories, encompassing five renowned brands: Huawei, Apple, Samsung, Xiaomi, and OPPO.
A total of 92,722 CORs were collected, spanning from 9 January 2018, to 15 August 2022. The collected CORs include the consumers’ review and the date. Textual sentiment analysis resulted in a 1,645-day CS dataset. Given that multiple data points exist for the same day, we use the daily average to more accurately reflect the overall CS for that day. The closing price from 9 January 2018, to 15 August 2022, was obtained from the Straight Flush website.
After data merging, 1,135 sets of data were obtained. Subsequently, a Spearman correlation coefficient test was conducted, revealing a significant positive correlation between them. The summary statistics indicate that the data do not follow a normal distribution (see Supplementary Appendix A). This suggests that the relationship between the variables is complex and warrants further analysis using nonlinear methods. To further process the data, coarse-graining and sliding window techniques were employed, resulting in the generation of 268 nodes and 1,134 edges.
4.2 CS and SP co-movement network construction
Figure 3 displays the CS and SP Co-movement Network (CS-SPCN). It shows obvious differences in the influence of the co-movement modes, and the clustering between different modes.
[image: Text art image of a cat composed entirely of the word "nya" in various letter casing and directions, forming a detailed silhouette.]FIGURE 3 | Co-movement network diagram of CS and SP.
Furthermore, as the data volume expands, the increase in node count exhibits a diminishing trend (see Figure 4). The temporal intervals between the occurrence of new co-movement modes and those of old modes eventually grow longer (see Figure 5). This implies that future modes are likely to be once-emerged modes. It also demonstrates that JD. com’s CS-SPCN adheres to the application premise of the co-movement mode prediction model developed in this study.
[image: Line graph showing the relationship between data size and the number of nodes. The blue line represents the data trend, and the red dashed line indicates tangents at specific points. An inset highlights data size from eight hundred to eleven hundred, showing a steady increase in nodes. The x-axis ranges from zero to one thousand one hundred, and the y-axis ranges from zero to two hundred eighty.]FIGURE 4 | Relationship between Data Size and Number of Nodes.
[image: Line graph showing the earliest occurrence date from 2018 to 2022, with co-movement modes along the x-axis. Two insets highlight specific data clusters: one from 2018-2019 in green and another from 2022 in orange. The main line trend is upward, indicating progressive changes over time.]FIGURE 5 | Relationship between Co-movement Modes and Earliest Occurrence Times.
4.3 Feature extraction
4.3.1 Influence

	(1) The co-movement between CS and SP is primarily slightly negative. Specifically, there were 98 instances of opposite-direction co-movement over four consecutive days, while only 76 instances of same-direction co-movement occurred (see Table 2). This reflects the risk of reverse reactions and potential misalignment between CS and SP.
	(2) The CS-SPCN exhibits an uneven distribution, characterized by significant disparities in nodes and edges. The initial 16 nodes demonstrate substantial node strength, accounting for a cumulative strength distribution of 51.46%. In contrast, there are 113 nodes with a node strength of two or less, representing only 9.96% of the total strength (see Figure 6A). Figure 6B demonstrates that the cumulative strength distribution approximately follows a power-law distribution, indicating that the CS-SPCN is a scale-free network. There are primarily 16 manifestations of co-movement modes. These 16 co-movement modes frequently transition to other modes, or vice versa, demonstrating a high frequency of shifts between modes. This suggests that market reactions are nonlinear and complex, and companies must focus on the most influential factors, concentrating their resources on understanding core sentiment and market responses.

TABLE 2 | Node strength and strength distribution of each co-movement mode.
[image: A table displays data across four columns: "No.", "Node", "S", and "Ratio (%)". It lists twenty data entries, with the "No." column ranging from 1 to 18 and a final entry of 268. Nodes are combinations of letters "n" and "y", such as "nnnn" and "nyyy". Values for "S" decrease incrementally from 98 to 1. Ratio percentages range from 4.34% to 0.04%.][image: Two-panel graph comparing node strength to strength ratio and number of nodes. Panel a shows strength ratio decreasing as node strength increases, with number of nodes depicted separately. Panel b illustrates a linear relationship between the base-10 logarithm of node strength and the logarithm of strength ratio, with a trend line equation \(y = -0.36x + 0.11\) and \(R^2 = 0.769\).]FIGURE 6 | Relationship of Node Strength with Strength Ratio and Number of Nodes. Strength Ratio represents the ratio of the cumulative strength of the nodes to the sum of all nodes’ strength.
4.3.2 Clustering
The CS-SPCN exhibits a certain degree of clustering, with some nodes having strong connections, forming small and tightly-knit communities or subgroups. There are 29 nodes with a non-zero clustering coefficient. Both [image: It seems like there's an error with the image upload. Could you please try again? You can upload the image directly or provide a URL. Feel free to add a caption for more context if needed.] and [image: It seems there is an issue with the image upload. Please try uploading the image again, and I will be happy to help with the alternate text.] have greater clustering coefficients and strength (see Figure 7). The highest clustering coefficient value observed is 0.5, suggesting a generally modest level of network cluster. Additionally, the weighted clustering coefficients of the nodes [image: It seems there might have been an issue with the image link or upload. Please make sure you have uploaded the image correctly or provide a description or URL if possible.] and [image: It seems there was an error with your request. Please upload the image or provide a valid URL so I can generate the alternate text for you.] exceed 0. This suggests that co-movements are interrelated, and companies should consider the interactions of multiple co-movements, rather than focusing on a single direction, in decision-making.
[image: Scatter plot showing clustering coefficient versus S. Most points are clustered near the lower left, indicating low values for both variables. Two outliers are highlighted: one labeled 0.25 at S=60, another 0.3333334 at S=100, depicted in red and green.]FIGURE 7 | Relationship between Node Strength and Clustering Coefficient.
4.3.3 Periodicity

	(1) Nodes with violent co-movement symbols exert substantial network influence. In terms of transition capabilities, [image: A mathematical expression showing a set of ordered pairs: (y, n, y), (n, n, y), (n, y, n), (y, y, n), (y, y, y).] are the main transformation hubs. Businesses and investors should proactively identify market signals and focus on key moments to leverage critical decision-making opportunities. Figure 8A indicates a relatively even distribution of node betweenness centrality. Figure 8B shows that the top 26 nodes have a 25% share of cumulative betweenness centrality, indicating that 9.7% of the nodes perform 25% of the transit function. Some nodes with low strength play essential hub roles, as evidenced by the circled points in Figure 8C.
	(2) The co-movement between CS and SP exhibits a cyclical pattern, with a periodicity of 8 days. The CS-SPCN demonstrates an average path length of 7.696. Given a mode generation sliding unit of 1 day, transitions between modes span approximately 8 days, thus accentuating the periodic feature of the co-movement. Companies should develop forecasting models to adjust decisions promptly in response to market cycles.

[image: Three scatter plots labeled a, b, and c. Plot a: X-axis is Base-10 Logarithm of Rank, Y-axis is Base-10 Logarithm of \(W_{ik}\), displaying a decreasing trend. Plot b: X-axis is Rank, Y-axis is Cumulative Proportion of \(W_{ik}\), showing an increasing curve with a red point at rank 26, 25% marked. Plot c: X-axis is Node Strength, Y-axis is \(W_{ik}\), showing clustered points with a red circle highlighting the top left cluster.]FIGURE 8 | Betweenness centrality distribution. Rank refers to the nodes ordered according to Wk. Cumulative proportion of Wk represents the ratio of the cumulative Wk of the nodes to the sum of all nodes’ Wk.
4.3.4 Orderliness
Overall, the network exhibits a high degree of randomness and disorder, as evidenced by the standard network strength of the BCN exceeding 0.8, which suggests that predicting the next node in the network without relying on local information is highly challenging. This also indicates that businesses operate in a highly uncertain environment, where both businesses and investors face the risk of being unable to accurately predict future market changes, thereby impacting the effectiveness and precision of their decisions. This study addresses the challenge of predicting the nodes at [image: Please upload the image or provide a URL, and I will help generate appropriate alt text for it.] based on the nodes at t. Networks with lower out-entropy demonstrate higher predictability, as reduced out-entropy reflects less uncertainty in the outgoing connections of nodes. Analyzing the local characteristics reveals that the average in-entropy and out-entropy of each node follow specific patterns. Particularly, nodes set with violent co-movement at the end state, exhibit the lowest average in-entropy and out-entropy (see Table 3). As a result, adjusting the edge weights of nodes exhibiting violent co-movement at the end state proves effective in reducing the average out-entropy of the BCN.
TABLE 3 | Network entropy.
[image: Table displaying entropy metrics and node counts for two sets labeled A and B. Total in-entropy for A is 55.46, B is 71.97, and combined is 127.43. Average in-entropy for A is 0.45, B is 0.50. Percentage of nodes with in-entropy of zero is 53.23% for A, 45.14% for B. Total out-entropy for A is 54.46, B is 71.30. Average out-entropy is 0.44 for A, 0.50 for B. Percentage with out-entropy zero is 54.84% for A, 45.14% for B. Number of nodes is 124 for A, 144 for B. Notes indicate co-movement at terminal states.]To enhance the network’s predictability, the edge weight of the node set with violent co-movement at the terminal state is adjusted to [image: Please upload an image or provide a URL, and I will generate the alt text for you.]. To minimize network distortion and effectively reduce network out-entropy, the value of x is constrained within the range [2,7.696]. To accurately obtain the Pareto frontier in a bi-objective optimization problem, the Eel and Grouper Optimizer (EGO) algorithm is employed. EGO is a novel meta-heuristic algorithm inspired by the symbiotic interactions and foraging strategies of eels and groupers in Marine ecosystems [60]. The algorithm’s flexible transition between the exploration and development phases, along with its population-based nature, effectively reduces the risk of converging to local optima. The Pareto frontier is calculated using EGO, as illustrated in Figure 9. Excluding cases where [image: Mathematical expression showing \( G_2 > 6 \).] leads to significant network distortion, the analysis categorizes the network into three groups based on decision-makers’ preferences regarding the level of network distortion.
[image: Graph depicting a downward sloping black line illustrating the relationship between G1 and G2. Three horizontal dashed red lines indicate zones labeled as Preference, Neutrality, and Aversion. The line intersects these zones at three points: (0.538, 4.948), (0.383, 3.145), and (0.323, 1.336) on the Cartesian plane. G1 is on the x-axis ranging from 0.32 to 0.64, and G2 on the y-axis ranging from 1 to 6.]FIGURE 9 | Pareto Frontier in the bi-objective optimization.
Given that [image: Mathematical expression showing the inequality: four is less than \( G_2 \) which is less than six.], the decision-maker shows a preference for network distortion. For [image: It seems there's an error in the request. Please upload an image or provide a direct URL to it, and I will be happy to generate the alternate text for you.], distortion neutrality is observed. If [image: Please upload the image or provide a URL for me to generate the alternate text.], the decision-maker demonstrates aversion to distortion. Three optimal solutions are selected from these three acceptable regions for subsequent prediction.
4.4 Experimental analysis
Sample of model estimation. The growth of a business usually follows an “S” curve. In addition, the network structure exhibits annual instability in the post-pandemic period. By utilizing up-to-date data, more precise predictions can be generated. Hence, a sample of co-movement modes from 2022 is employed to evaluate the accuracy of the model.
Implementation details. To assess the effectiveness of BCN optimization, we conducted four experimental sets with varying distortion preferences and baseline model, comparing the prediction accuracy of each model. Experiment A0 serves as the baseline model, where the BCN is not optimized. Experiment A1 represents the predictive model under distortion aversion ([image: The mathematical expression shows "x equals 2.21" in bold typography.]), Experiment A2 corresponds to distortion neutrality ([image: Sorry, I cannot generate alt text for the image without seeing it. Please upload the image or provide a URL.]), and Experiment A3 reflects a distortion preference ([image: The image shows the mathematical expression "x equals 6.31" in a simple font.]). These experiments were designed to investigate the impact of varying distortion attitudes on predictive accuracy, thereby validating the effectiveness of BCN optimization. Furthermore, given the limited frequency distribution of violent co-movements, the analysis focuses solely on forecasting the direction of co-movement rather than its degree. The accuracy of the prediction model is evaluated using [image: Mathematical notation displaying the letter D with a subscript numeral 2.]. We randomly selected 200 samples from the dataset and calculated the accuracy of the prediction results.
Figure 10A0 shows that M-5 and M-6 demonstrate higher prediction accuracy compared to other models, suggesting that node strength and edge weight are the primary factors influencing the co-movement between CS and SP, while the influence of node similarity appears to be negligible. By comparing with Figure 10A0, it is evident that the prediction accuracy of M-5 and M-6 is significantly improved by entropy optimization, whereas the impact on the prediction accuracy of M-1 to M-4 is less pronounced. This is primarily because the optimization of the network has a direct and significant impact on the strength of nodes and edges, but does not significantly affect the similarity between nodes. Furthermore, as the forecasting length (FL) increases, the prediction accuracy tends to converge around 50%–60%. The prediction accuracy of M-6 is nearly identical under the conditions of distortion aversion and neutrality, with both exceeding 80% (see Figures 10A1, A2). The prediction accuracy of M-5 and M-6 can approach 90% under the distortion preference condition (see Figure 10A3).
[image: Four line graphs (A0, A1, A2, A3) display prediction accuracy versus FL (presumably feature length). Each graph compares the performance of models M1 to M8 with varying lines and markers. Accuracy generally decreases as FL increases.]FIGURE 10 | Model prediction accuracy under different FL.
Compared to RC-BCN alone, the prediction accuracy of our proposed RC-BCN based on entropy optimization is, on average, improved by 15.5% under M-6. To further elucidate the contribution of this study, we compare the method proposed herein with the prediction results obtained from the BP neural network and LSTM models. For the problems addressed in this paper, both the BP neural network and LSTM models use the autoregressive method to predict the values of CS and SP, respectively. The co-movement direction of CS and SP is then calculated based on the prediction results, with the methods denoted as [image: Please upload the image or provide a URL so I can generate the alternate text for you.] and [image: Text showing "LSTM" with a subscript one, indicating a specific instance or layer of a Long Short-Term Memory model, often used in neural networks for sequence prediction tasks.]. Furthermore, the direction of co-movement can be directly classified and predicted, denoted as [image: It seems there's an issue with the image upload. Please try uploading the image again, and I'll be happy to help generate the alternate text.] and [image: Text reads "LSTM" followed by a subscript "2," suggesting a mathematical or scientific context.]. The parameter settings for the four models are presented in Table 4 and Figure 11 illustrates that M-5 and M-6 outperform both BP and LSTM in terms of prediction accuracy.
TABLE 4 | Model parameter setting.
[image: Table detailing neural network configurations. BP₁ and LSTM₁ have an input layer dimension of one and output layer dimension of one, with 50 neurons in the hidden layer, batch size of 80, 200 training rounds, learning rate of 0.001, and validate frequency of five and 30, respectively. BP₂ and LSTM₂ have an input layer dimension of two, the other parameters are unspecified, with validate frequencies of five and 30, respectively.][image: Line graph showing prediction accuracy across four categories: Baseline, Aversion, Neutrality, and Preference. Multiple lines represent different models, with accuracy ranging from 0.4 to 1.0. Most lines trend upward, with two models showing higher accuracy in Preference. The legend indicates various models, each with a unique color and marker.]FIGURE 11 | Prediction accuracy across different models when FL = 1.
We employ M-5 and M-6 to predict the next 4 days co-movement modes under the different preferences of decision makers. The latest co-movement mode is [image: It looks like there was an error when trying to upload the image. Please try uploading it again, or provide a description or context if you need assistance with something specific.], originating from 15 August 2022. The co-movement modes for the last 4 days are [image: I'm sorry, I need an image to generate the alternate text. Please upload the image or provide a URL, and include a caption if you wish.] across different scenarios.
5 DISCUSSION
The co-movement forecast between CP and SP could assist publicly listed e-commerce companies in financing decisions and investors in making investment decisions. Motivated by it, we explore the forecast approach of the co-movement modes between the two based on complex network and entropy optimization. Specially we project the time series data into the phase space, and enhance the prediction through rule combination and entropy optimization instructed by features extracted from network topology indicators. We conducted four experimental sets, with results indicating the model’s successful predictive performance. This paper provides a new perspective for the prediction of chaotic nonlinear systems and expands the application of entropy optimization within the field of e-commerce.
5.1 Result analysis
This study’s proposed approach for co-movement prediction in CS and SP yielded favorable results. Particularly the study innovatively puts forward entropy optimization guided by network features to enhance co-movement prediction. In our experiment, we construct CS-SP CN using time series data, and combine the designed forecasting rules with network features to form bivariate co-movement forecasting based on rule combination for the first time. We call this novel approach RC-BCN. Comprehensive experiments show that the probability of establishing connections between highly similar modes is minimal in CS-SPCN. This may be attributed to the influence of nonlinear relationships, external variables, or temporal factors within CS-SPCN. The connection among co-movement modes is primarily influenced by node strength and edge weight in CS-SPCN. M-5 involves identifying the node with the strongest strength among the external nodes corresponding to the target node as the prediction outcome. In the case of M-6, the prediction outcome is determined by selecting the mode with the highest connection weight among the externally connected modes of the co-movement mode. These two models perform well. This demonstrates the effective integration of complex networks and entropy optimization into time series analysis, resulting in enhanced performance.
The sample size and data source may limit the generalizability of the results. Nevertheless, the JD platform and the electronic product categories selected in this study are representative, providing valuable insights into typical consumer behavior and financial market dynamics. Moreover, the robustness of the results has been verified using randomized experiments and sensitivity analysis (detailed in Supplementary Appendix B). To extend these findings, future research could explore enterprises across various industries, beyond just e-commerce, further validating and enriching the applicability of the proposed approach.
5.2 Theoretical and practical implications analysis
From a theoretical perspective, three outcomes are worth mentioning. Firstly, we delve into the co-movement between CS and SP on a finer time scale, providing valuable insights to support investor decision-making and corporate financing strategies. Secondly, we introduce a novel co-movement prediction model based on BCN and rule combination. Thirdly, we extend the application of entropy optimization in forecasting the co-movement between CS and SP, offers a new perspective on their relationship, and contributes to the development of entropy theory in economics.
Regarding practical contributions, the co-movement forecasting provides valuable insights for corporate financing and investor decision-making by revealing the intricate relationship between CS and SP. For companies, leveraging this market feedback can help optimize financing strategies and assess potential risks. If negative sentiment is predicted to lead to a decline in stock prices, enterprises may opt to raise funds during periods of more favorable market sentiment, thereby reducing financing costs. For investors, understanding the predicted co-movement patterns, especially sustained opposite trends, can help them make more informed investment decisions and adopt appropriate risk mitigation strategies, ensuring cautious investment in volatile market conditions.
6 CONCLUSION AND FUTURE WORK
In this study, we integrated complex network theory and entropy optimization into time series analysis, introducing a novel RC-BCN method to forecast the co-movement between CS and SP, which performs well. Additionally, the co-movement between CS and SP of JD is primarily driven by node strength and edge weight, suggesting that nodes and node pairs with higher frequencies of past appearances are more likely to reappear in the future. This indicates that the co-movement between CS and SP is influenced not only by the continuity of existing market behaviors and interaction structures, but also reflects the Matthew effect, that is, frequently occurring co-movement patterns are more likely to continue to dominate the co-movement in the future. Moreover, this study contributes a novel perspective and methodological framework for examining bivariate co-movement, offering significant implications for enterprises and investors in optimizing financing and investment strategies.
Similar to many studies, this research is not without its limitations. First, this study examines co-movement between variables in the same or opposite directions, but does not distinguish whether the co-movement in the same direction is positive or negative. Second, while many variables affect corporate financing and investment, this research focuses solely on two-variable co-movement prediction. Future studies will extend this method to forecast the co-movement among additional economic variables to enhance the generalizability of the findings. By incorporating the specific co-movement directions of each variable, both businesses and researchers can gain deeper insights into the interdependent relationships among complex economic systems in e-commerce.
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In the context of the financial crisis, this paper introduces an innovative approach to Data Envelopment Analysis (DEA) that is grounded in collaborative theory, aiming to assess the impact of financial factors, particularly fiscal allocations, on the efficiency of transforming research achievements into practical applications within Chinese universities. Based on this methodological framework, the paper constructs an interactive network framework that integrates government, industry, and academic institutions, conceptualizing research activities as a multi-agent, multi-stage complex system. Through an empirical analysis of 79 Chinese universities, we investigate the role of government fiscal grants as a key input factor in influencing the efficiency of research achievement transformation within this system. The findings reveal that strategic allocation of fiscal grants significantly enhances the efficiency of research application, while substantial variations in the efficiency of research achievement transformation exist across different universities. This study further elucidates the intrinsic link between fiscal allocations and the commercialization efficiency of research achievements, providing policymakers with critical insights into the effective distribution of financial resources to facilitate the transformation of research achievements into practical applications. This research not only enriches the application of complex systems theory in higher education but also offers a novel perspective on the role of financial support policies in the commercialization of scientific and technological achievements.
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1 INTRODUCTION
Set against the backdrop of a financial crisis, this paper introduces a new Data Envelopment Analysis (DEA) methodology, rooted in collaboration theory, to assess the financial crisis’s impact on the efficiency of transforming research achievements in Chinese universities into practical applications. Within this complex system, the collaborative network of universities, enterprises, and government is crucial for propelling significant advancements in science and technology, with fiscal elements, particularly fiscal allocations, playing a pivotal role in directly influencing the direction, scale, and outcomes of scientific research.
Collaborative innovation emerges as an advanced organizational paradigm that leverages the collective strength of these entities to catalyze major scientific and technological innovations, with value-added knowledge at its core and achieving extensive integration. The application of synergy theory is indispensable for enhancing the efficiency of scientific research innovation and achievement transformation. This theory focuses on the common characteristics and synergistic mechanisms among different systems, emphasizing the transition from disorder to order through the interaction of various systems.
Synergy theory comprises three principal elements: synergistic effect, servo principle, and self-organization. The synergistic effect, resulting from the interaction of different systems within an open system, is the internal driving force for the formation of organized structures. The servo principle dictates that fast variables are governed by slow variables and order parameters, which dominate system behavior and elaborate the process of system self-organization. Self-organization allows a system to automatically form certain structures or functions among its internal subsystems according to specific rules.
Given the characteristics of research universities, especially those directly under the administration of the Ministry of Education in China, evaluating their efficiency is crucial for advancing the construction of world-class universities, optimizing resource allocation, and fostering collaborative innovation among universities, enterprises, and government. Efficiency evaluation provides organizations with a potent quantitative tool to inform managerial decisions, with analysis results offering a scientific basis for enhancing organizational efficiency.
As a non-parametric approach, Data Envelopment Analysis (DEA) excels in assessing the efficiency of multi-input, multi-output systems. The fundamental principle of DEA is to compare the actual input-output levels of evaluated decision-making units (DMUs) with the ideal levels that could be improved, with this ratio serving as the efficiency measure of the evaluated units.
However, the assumption of independence among decision units is often violated in real-world scenarios due to mutual interference and interconnected production processes among decision units. Under non-shared fixed and input constraints, changes in the output level of one decision-making unit can affect others, altering the position of the efficient frontier and the desired input-output levels that could be enhanced. Thus, reassessing the comparative performance metrics of parallel interactive decision units with fixed and input constraints presents an efficiency evaluation challenge that demands reconceptualization.
Drawing on the connotations of synergy theory, this paper proposes a novel DEA efficiency evaluation method and applies it to assess the scientific research performance of China’s “Double First-Class” universities amidst financial crisis by the Refs. [1, 2], with particular emphasis on the role of fiscal grants in shaping research outcomes and efficiency. We measure the relative efficiency of research universities by proposing a parallel interactive network Data Envelopment Analysis (DEA) model with non-shared fixed inputs. The interactivity is reflected in the division of the university’s research activities into research development subsystems and research application subsystems, which interact with each other within the model. The outputs of the research development subsystems, such as papers and monographs, serve simultaneously as inputs for the research application subsystems for the transformation of research results. Conversely, the research funding obtained through enterprises by the research application subsystems is used as input for the research development subsystems. The fixed nature is represented by government funding, which is consumed as a fixed input solely by the research development subsystems. This approach allows us to capture the complex interdependencies and resource allocation within research universities, providing a more refined perspective on the efficiency analysis of higher education research.
The study reveals that under the influence of the 2015 Chinese stock market financial crisis, the strategic allocation of fiscal grants to universities significantly enhanced the efficiency of research outcome application during 2016–2017, offering policymakers critical insights into the effective distribution of financial resources to catalyze the transformation of research outcomes into practical applications. This research not only enriches the application of complex systems theory in higher education but also provides a novel perspective on the role of financial support policies in the commercialization of scientific and technological achievements within the context of financial crisis.
2 LITERATURE REVIEW
In recent years, the synergistic theory has garnered significant scholarly interest. Synergistic innovation, a pivotal outcome of this theory, redirects research focus towards the domain of collaborative technological innovation. The concept was initially introduced by Peter Gero from the Sloan Center at the Massachusetts Institute of Technology (MIT) in the U.S., who defined Synergistic innovation as the process by which a network of self-motivated individuals develops a shared vision, communicates ideas, information, and work progress, and collaboratively pursues a common objective [3]. supposed that the group members form a common vision and exchange ideas, information and work status through the network, working together to achieve common goals. Considering the current situation of innovation in China [3], redefined collaborative innovation as a way of guiding by national directional policies and mechanisms, enabling enterprises, universities and other innovation subjects to utilize their respective advantageous capabilities, readjust complementary resources, thus realizing complementary advantages, promoting the diffusion of innovative technologies and industrialization, and accelerating techno-logical innovation and the industrialization of technological achievements. The industrialization of technological innovation and scientific and technological achievements will be accelerated.
This paper posits that synergy theory enhances innovation and practicality during the research and development phase by fostering interdisciplinary collaboration. Specifically, research teams from different disciplines can integrate their respective knowledge and technological strengths through synergistic innovation, forming comprehensive research plans that provide a broader perspective for the generation of scientific achievements by the Ref. [3]. In the stage of application and transformation of research outcomes, synergy theory facilitates the close alignment of scientific achievements with market demands through collaboration between enterprises and universities. Considering the three major theoretical frameworks of synergy theory, the synergistic effect enables parties to pool their advantageous resources through resource sharing and information exchange, thereby improving the efficiency and quality of outcome transformation by the Ref. [4]. The servo principle guides research institutions to adjust their research directions and strategies in a timely manner according to market and policy changes, adapting to the demands of the external environment. The self-organization capability allows research teams to autonomously manage and optimize their internal operations, forming efficient organizational structures and operational mechanisms, thus enhancing the output and application efficiency of scientific achievements.
In academia, the traditional methodology for evaluating the efficiency of multi-input, multi-output decision-making units (MIMDU), known as Data Envelopment Analysis (DEA), has attracted significant global scholarly attention. Seminal research in this domain employed the standard DEA to evaluate the performance of higher education institutions, notably by quantifying the relative efficiency of 79 Chinese universities from 2003 to 2004 [5]. classified the departments were methodically sorted into quartets for the sake of cluster analysis and the breakdown of efficiency, taking into account their diverse characteristics. This approach diverges from the straightforward production framework depicted by the DEA model, which does not delve into the same granularity of features. Taking into account qualitative aspects within the DEA approach, Ref. [6] assessed the issue of fuzzy efficiency to aid in decision-making processes. Furthermore, Ref. [7] introduced an enhanced interval DEA model, which addressed the challenge of zero inputs when evaluating the efficiency of certain DMUs, and this model was subsequently applied to Iranian academic institutions. Similarly [8], evaluated the efficiency problem of private universities with the help of DEA modeling. The aforementioned studies indicate that the conventional DEA model, characterized by a “black box” design, has seen extensive application in the assessment of university efficiency. However, contemporary scholarly works frequently portray the production process of universities as a simple construct consisting only of initial inputs and final outputs. This rudimentary black box model is inadequate for capturing the complexity of actual production processes, potentially omitting crucial details within these activities. As a result, the development of the network DEA approach has emerged to overcome the limitations inherent in traditional DEA models, particularly in the context of university efficiency assessments.
[4] introduced a network DEA methodology with the objective of unveiling the “black box” of the production process, typically perceived as an aggregation of various subsystems. The network DEA methodology aims to reveal the internal workings of the production process by viewing it as an integrated system of distinct subsystems. By dissecting the internal production mechanisms, this approach enables a more comprehensive understanding of an organization’s efficiency, linking the overall performance directly to the efficacy of its individual subsystems. In today’s context, universities fulfill various critical roles, including teaching, research, and technology transfer, with each role representing a key subsystem that significantly impacts the institution’s overall efficiency.
The network DEA approach has been increasingly utilized to assess university efficiency by modeling the internal production processes, thereby providing new perspectives and broadening the scope of efficiency assessment research within the academic community [9]. assessed the educational, scholarly, and financial efficiency of Taiwanese universities, with the educational and scholarly stages incorporating outputs from the financial efficiency stage. The findings indicated that universities excelled in the cost efficiency phase [10]. introduced a two-stage network configuration DEA methodology for assessing the efficiency of travel and recreation departments across 34 universities [11]. developed a network DEA model that puts into perspective parallel interdependent systems and utilized it to evaluate the productivity of universities. Associated with the “985 project.” [12] employed a semidefinite programming method to compute a generalizable two-stage model, which was then applied to R&D activities within China. Concurrently, the efficiency of China’s regional R&D processes was also evaluated [13]. investigated the use of the Luenberger productivity indicator to gauge efficiency dynamics in Chinese universities. Notably, the research is grounded in a network framework that incorporates the element of time [14]. developed a multi-period DEA approach that accounts for feedback mechanisms, which was used to classify sociological inquiry into development and innovation phases [15]. introduced an additive DEA model to assess the efficiency of 38 academic departments within Chinese universities, considering the heterogeneity among university faculties [16]. employed an augmented two-step network configuration to appraise the efficiency of 52 Chinese universities, culminating in the finding that approximately two-thirds of these institutions are deemed inefficient [17]. built a decentralized and centralized model that includes networked institutions for the purpose of evaluating the efficiency of elite universities in China. In order to address the deficiencies of static systems [18], conceptualized university R&D activities as an intertemporal production process and constructed a parallel DEA model that captures the intertemporal dynamics. Considering the fairness between the leadership step and further steps [19], constructed a three-stage network with a tandem structure and applied it to the R&D innovation of China’s hightech industry. Echoing this trend, the network DEA approach has gained prominence due to its benefits in assessing organizational performance and has been extensively utilized to evaluate the efficiency of various entities, including universities and industrial firms. For example [20], used a two-stage network DEA model to measure energy efficiency and explored the differences with full efficiency [21]. advanced a progressive DEA model that surpasses earlier methods in detecting alterations in system efficiency.
Scholars, in their quest to refine the evaluation of production structures through various network DEA methods, have increasingly directed their focus towards the critical issues of input and output fixation and the interplay between decision-making units (DMUs). The oversight of fixation and the characteristics of inputs and outputs between DMUs can lead to imprecise efficiency valuations. This realization underscores the necessity for a nuanced approach that accounts for these intricacies, thereby enhancing the accuracy and reliability of efficiency assessments within academic research. In view of this [22], first investigated the problem of evaluating participating countries with a fixed total number of medals in Olympic competitions and proposed a zero sum gains (ZERO SUM Gains) DEA model. Subsequently [23], extended the zero-sum gains DEA model to consider the case of non-desired outputs and assessing the efficiency of carbon dioxide emissions among the parties to the Kyoto Protocol [24]. established a two-stage efficiency evaluation model with substage efficiency decomposition model that satisfies the shared output fixation and constraints, and applied it to the problem of evaluating the energy conversion and utilization efficiency in 30 provincial-level regions in China [25]. considering that government grants are consumed by two subsystems, scientific and technological research and results transformation, a parallel interaction network DEA method based on shared fixed inputs was established and evaluated the efficiency of 58 Chinese research universities. However, this paper argues that not all decision-making units have shared fixed sum constraints. Take universities, for example,. When measuring their performance, government grants are mostly used in scientific and technological research in reality, and the source of funding for the transformation of achievements does not include government grants, so the shared fixed-sum input condition does not hold.
Financial crises can significantly impact the efficiency of the complex production systems of university research activities, particularly the stage of transforming research outcomes into practical applications [1]. focused on the efficiency of Italian and German universities in converting public funding into multiple university outputs (i.e., graduating students, publishing research, and patenting activities) following the 2008 financial crisis [2]. considered the constraints on public funding after the economic crisis and empirically analyzed the impact of the economic crisis on the technical efficiency of research and development activities in state universities [26]. analyzed the significant impact of the financial crisis on various stakeholders in higher education activities, suggesting that the crisis may lead to reduced funding for education from governments, private sectors, and households [27]. explored the determinants of cost efficiency in public universities during the economic crisis, systematically quantifying the efficiency impact factors on universities [28]. considered the differences in the impact of the global financial crisis on private and public universities, indicating that reliance on public and endowment funds can significantly enhance the efficiency of university activities after the crisis. Unlike previous studies, this paper considers the actual context of Chinese universities, using government financial subsidies as a key input factor to assess the impact of financial elements (especially fiscal allocation) on the efficiency of Chinese universities in transforming research outcomes into practical applications.
Thus, this study tackles the two-stage efficiency evaluation challenge within a networked system, constrained by specific fixed inputs and limitations, and is rooted in synergy theory. Initially, the paper establishes an equilibrium efficiency frontier that adheres to the non-shared fixed and input constraints. Subsequently, it develops a two-system efficiency evaluation model predicated on this equilibrium efficient frontier. Recognizing that the efficiency evaluation of subsystems is influenced by various factors, including parameter settings and subjective roles, which can yield non-unique results, the paper addresses the holistic efficiency evaluation of the two systems. Ultimately, the study employs empirical data from 79 Chinese research universities to validate the methodology.
3 METHODOLOGICAL MODELS
3.1 Conventional concurrent interactive DEA network model with communal inputs
Consider homogeneous decision-making units with a two-system production structure as shown in Figure 1. In the first subsystem, each [image: The formula displays "DMU subscript j" in italicized text.] uses m basic inputs [image: Mathematical notation representing the variable \( X \) with subscripts \( i \) and \( j \).] (i = 1,2, … m), [image: It seems like a mathematical expression; however, I don't have access to the image itself. You can upload the image or provide additional context for more specific help.] (c = 1,2, … ,d) and [image: Mathematical notation of the letter "E" with subscript "n" and "j", indicating a specific element or value in a series or matrix.] (n = 1,2, … ,q) obtained from the second subsystem to produce [image: It looks like you've provided a LaTeX or mathematical expression rather than an image. It represents a variable \( P_{t_j} \), commonly used in mathematics to denote a certain parameter, property, or function dependent on time or a specific index \( j \). If you meant to refer to an actual image, please upload the image or provide more context for accurate assistance.] (τ = 1,2, … , o) and [image: It appears that there is no image provided. Please upload the image or provide a URL so I can assist you with generating the alternate text.] (k = 1,2, … , q). In the second subsystem, each [image: The image contains the mathematical expression "DMU subscript j" in italicized font.] uses [image: It appears you are referencing a mathematical expression rather than an image. If you have an image you would like to describe, please upload it or provide a URL.] (τ = 1,2, … , w) obtained from the first subsystem and [image: Mathematical expression representing a subscript and superscript format: uppercase letter D with a subscript z and superscript j.] (z = 1,2, … , d) to produce [image: Mathematical notation displaying the symbol \( S_{yj} \).] (v = 1,2, … ,o) and [image: A mathematical expression displaying the italicized uppercase letter "E" with subscript "mj".] (n = 1,2, … , l). It is important to note that the [image: Mathematical notation representing \( E_{m} \), where \( E \) is a variable or symbol, and \( m \) is the subscript.] and [image: Please upload the image you would like me to generate alt text for.] are interaction indicators, and [image: It seems there might be a misunderstanding. I can't see images directly. Please upload the image or provide a URL, and I'll be happy to help generate alternate text for it.] are the fixed inputs of the first subsystem. Thus, the two subsystems are interwoven rather than functioning in isolation from one another.
[image: Flowchart illustrating the research process. It includes "Research Development" and "Research Application" as central components, linked by research finding ("E\(_{kl}\)"). Inputs to "Research Development" include basic inputs ("X\(_{k}\)"), government grant funding ("F\(_{0r}\)"), and scientific publications ("P\(_{r}\)"). Outputs are scientific awards ("T\(_{r}\)"). "Research Application" receives inputs from natural science fund subjects ("I\(_{0s}\)") and generates technology transfer income ("S\(_{t}\)"). The chart shows interactions between development and application phases.]FIGURE 1 | Structure of the two systems of research and development - results transformation and application.
Following the approach of previous studies [29], adopted the variable returns to scale (VRS) hypothesis, positing that for a given Decision-Making Unit ([image: The image shows the mathematical notation "DMU" with a subscript zero, indicating a specific decision-making unit.]), the overall system efficiency is calculated as a composite of the individual efficiencies of the two subsystems, weighted accordingly. This concept is articulated in model (Equation 1), which encapsulates the synthesis of subsystem efficiencies into a comprehensive measure of performance.
[image: The mathematical equation shown is: "Max E sub 0 equals phi sub 1 times E sub 10 plus phi sub 2 times E sub 20."]
[image: Equation showing a mathematical expression for \( s.t. E_{ij} \) as a fraction. The numerator is the sum of \(\sum_{r=1}^{q} \sigma_r P_{rj} + \sum_{k=1}^{w} \mu_k T_{kj} + u_1\). The denominator is the sum of \(\sum_{i=1}^{m} \gamma_i X_{ij} + \sum_{c=1}^{d} \delta_c F_{cj} + \sum_{n=1}^{o} \phi_n E_{nj}\). The result is less than or equal to one.]
[image: Mathematical formula detailing the equation for E subscript ij equals the fraction of the sum from n equals one to infinity of phi subscript n E subscript ni plus the sum from j equals one to infinity of beta subscript j S subscript ij plus u subscript 2, all divided by the sum from d equals one to n of sigma subscript d P subscript di plus the sum from z equals one to infinity of psi subscript z D subscript zj, less than or equal to one.]
[image: Greek letters and symbols are shown: gamma nu, delta, phi mu, sigma rho, gamma zeta mu beta q, greater than or equal to epsilon, for all, iota, chi, nu, zeta, pi, kappa, theta.]
[image: It seems there is no image visible. Please upload the image or provide a URL so I can generate the alternate text for you.] [image: It seems there might have been an issue with the image upload. Could you please try uploading the image again or provide a URL? Optionally, you can add a caption for additional context.] free in sign
Among them [image: Please upload the image or provide a URL so I can help generate the alternate text for it.], [image: It appears there's no image available for analysis. Please upload the image or provide a direct URL so I can assist you with generating the alt text.] and [image: It seems that a mathematical expression was provided instead of an image. Please upload an image for which you need alternate text, and I will help create a description for it.] represents the overall efficiency, first subsystem efficiency, and second subsystem efficiency, respectively. [image: Greek symbols and letters in sequence: nu sub i, delta sub one c, delta sub two c, phi sub eta, sigma sub tau, gamma sub zeta, mu sub k.] and [image: Lowercase Greek letter beta with subscript lowercase q.] are unknown positive multipliers associated with the input and output variables. Specifically [30], proposed when [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] = [image: It seems there's no image uploaded. Please provide the image file so I can generate the alternate text for you.] = 0 holds, the model is constructed based on the assumption of constant returns to scale (CRS). To achieve a viable solution [31, 32], supposed the intermediate measures [image: Mathematical expression for E subscript n j.] and [image: It seems there was an issue with the image upload. Please try again by uploading the file or providing a URL. Additionally, you can add a caption for context if needed.] must be assigned equal multipliers across the subsystems.
Based on the theory of synergy, [image: Please upload the image or provide a URL, and I will generate the alt text for you.] and [image: Please provide the image or its URL for me to generate the alternate text. You can upload it directly here.] are the weights of the first and second subsystems, indicating the relative neediness of each subsystem. A practical approach to determining these weights is to compute the input consumption proportions for the two subsystems. Since [image: Mathematical equation with three summations: from i equals one to m, nu sub i X sub ij; from c equals one to d, delta sub c F sub cj; from n equals one to o, phi sub n E sub nj.] and [image: Mathematical expression showing the sum from r equals 1 to q of sigma sub r times P sub rj, plus the sum from z equals 1 to h of gamma sub z times D sub zj.] represent the inputs of the two subsystems, respectively [image: A mathematical equation is shown: the summation of gamma subscript i equals one to m times X subscript ij, plus the summation of delta subscript c equals one to d times F subscript cj, plus the summation of phi subscript m equals one to o times E subscript mj, plus the summation of sigma subscript tau equals one to q times P subscript tau j, plus the summation of chi subscript z equals one to h times D subscript zj.] is the total input of the first subsystem. Therefore [image: Please upload the image or provide a URL for me to generate the alt text.] and [image: Please upload the image or provide a URL for me to generate the alternate text.] are assigned as follows, the [image: Please upload the image or provide a URL for me to generate the alternative text.] + [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] = 1.
[image: Equation showing gamma sub i equals the sum of v sub i x sub i plus the sum of delta sub j f sub j plus the sum of phi sub n e sub nj, divided by the sum of gamma sub i x sub i plus the sum of delta sub j f sub j plus the sum of phi sub o e sub nj plus the sum of sigma sub t p sub t plus the sum of gamma sub h d sub z.]
[image: Equation labeled (2) represents a complex formula for calculating \(\varphi_2\). The numerator consists of the sum of \(\sigma_i P_i\) and \(\sum_{j=\nu}^h y_j D_{ij}\). The denominator includes multiple summations over different indices: \(\sum_{i=l}^m y_i x_i\), \(\sum_{z=l}^d S_z \beta_z f_z\), \(\sum_{t=n}^o \sum_{\theta=h}^r \varepsilon_{\theta} g_{\theta}\), \(\sum_{i=1}^n \sigma_i P_i\), and finally \(\sum_{j=\nu}^h y_j D_{ij}\).]
[image: ϕ₁ is greater than or equal to a, and ϕ₂ is greater than or equal to b.], a and b are the given minimum levels.
In model (Equation 2), it is required that [image: Please upload the image or provide a URL so that I can generate the alt text for you.] and [image: Please upload the image or provide a URL so that I can generate the alt text for you.] satisfy some conditions to prevent distorted and inconceivable outcomes. Therefore, we require [image: To generate alternate text, please upload the image or provide a URL for me to access it. Alternatively, you can describe the image in detail for me to assist you further.] , where a and b are the given minimum levels. Integrating model (Equation 2) into the preceding model (Equation 1) allows us to deduce the subsequent model (Equation 3), which is used to compute the overall efficiency.
[image: Mathematical equation aiming to maximize E sub zero. The equation consists of a fraction with complex summations in both the numerator and denominator. The numerator includes terms with sigma, phi, and beta coefficients. The denominator includes terms with gamma, delta, and various sigma coefficients. Each term features subscripts and other variables.]
[image: The image shows a mathematical equation representing a constraint formula. The equation is: s.t. E subscript j equals the sum from r equals 1 to q of sigma subscript r P subscript r j plus the sum from k equals 1 to w of mu subscript k T subscript k j plus u subscript 1, all divided by the sum from i equals 1 to m of gamma subscript i X subscript i j plus the sum from c equals 1 to d of delta subscript c F subscript c j plus the sum from n equals 1 to o of phi subscript n E subscript n j, which is less than or equal to 1.]
[image: A mathematical equation representing a fraction. The numerator includes summations with variables phi-sub-n, E-sub-nj, beta-sub-q, S-sub-qj, and u-sub-2. The denominator includes summations with variables sigma-sub-t, P-sub-rj, gamma-sub-z, and D-sub-zj. The result is E-sub-zj, which is less than or equal to one.]
[image: Mathematical formula depicting a fraction. The numerator is the sum of \( r_i x_{ij} \) from \( i = 1 \) to \( m \), plus the sum of \( \delta_i E_{ij} \) from \( i = 1 \) to \( s \), plus the sum of \( \phi_j E_{ij} \) from \( n = 1 \) to \( o \). The denominator is a similar expression with added terms \(\sigma_j y_j \) and \(\gamma_j D_{ej} \), all greater than or equal to \( a \). Labeled as equation (3).]
[image: Fraction with the numerator being the sum of sigma-r times p-r plus the sum of gamma-z times d-z, where r ranges from one to q and z ranges from one to n. The denominator is the sum of gamma-i times x-i plus the sum of delta-c times f-c plus the sum of phi-e times m-e plus the numerator expression. This fraction is greater than or equal to b-0.]
[image: Mathematical equation displaying Greek and Latin symbols: gamma sub p, delta, phi sub m, sigma sub r, gamma sub z, mu, beta sub q, greater than or equal to epsilon, for all nu, c, n, z, pi, k, q.]
[image: Certainly! Please upload the image you would like the alternate text for, and I will assist you with it.] [image: Please upload the image or provide a URL, and I can help generate the alt text for you.] free in sign
Model (Equation 3) adheres to the condition that the weights allocated to each subsystem exceed a predetermined threshold, with the resultant efficiency [image: Please upload the image or provide its URL so I can generate the alt text for you.] of [image: Sorry, I cannot generate alt text for the image as it was not uploaded. Please try uploading the image again.] being characterized as the system’s overall efficiency. This metric typically varies within the interval from 0 to 1. A value of [image: Please upload the image or provide a URL so I can generate the alternate text for it.] = 1, signifies that [image: I'm sorry, I can't see the image. Please upload the image directly or provide more details so I can help generate the alt text for it.] is deemed efficient. It should be highlighted that Model (Equation 3) is inherently nonlinear, necessitating the investigation of its linear counterpart, details of which will be delineated subsequently.
3.2 Concurrent interacting DEA network architecture incorporating stationary and input limitations within the realm of synergy theory
[33, 34] proposed the preceding DEA model of an integrated interconnected network with traditional shared inputs is particularly noteworthy: for one thing, the quantity of shared inputs in individual subsystems needs to be accurately measured, but based on the theory of synergy, in many production and life practices [35-37], only a total amount of shared inputs can be observed [image: Please upload the image or provide a URL for it, and I can help generate the alternate text.] and it is not possible to accurately measure the quantity of individual subsystems.The second is that the total amount of shared inputs is fixed. Secondly, the total amount of shared input is fixed and consumed by two subsystems at the same time, there is a shared fixed and input constraint, but based on the research of synergy theory, we find that in the real production and life practice there often exists a non-shared fixed and input constraint, the total amount of inputs of all the decision-making units is determined, and they influence each other in the production process. For example, in the university production process, government grants are only used as inputs for scientific research and are not used by outcome transformation, but scientific research and outcome transformation influence each other through papers, monographs and research funding. When it is observed that [image: Please upload the image or provide a URL for me to generate the alt text. If you have additional context, feel free to include that as well.] rather than [image: Mathematical expression showing the letter "F" with a subscript "c" and a superscript "1".] and [image: Mathematical expression showing the symbol F with a subscript c and a superscript 2.] , and considering non-shared fixed and input constraints, it is difficult for model (Equation 3) to accurately appraise the relative efficiencies of decision-making entities with a two-system production structure as shown in Figure 1.
For efficiency evaluation problems with fixed-sum input constraints, changes in the efficient frontier must be taken into account when calculating the relative efficiency because the production process still does not satisfy the independence requirement [38, 39]. introduced a framework that utilizes the equilibrium efficiency horizon in the black-box scenario of decision units to find such a common efficient frontier, which can make all decision units lie on the efficient frontier at the same time when output fixing and constraints are satisfied.
In assessing the efficiency of Decision-Making Units (DMUs), the conventional DEA approach establishes the optimal efficiency frontier using efficient DMUs. Nonetheless, it overlooks the scenario where certain DMUs are subject to fixed sum constraints. Consequently, leveraging the minimum adjustment quantity strategy [40], introduced the FSODEA (Fixed-Sum Output DEA) model, which puts into perspective the fixed-sum output constraint. In this FSODEA framework, the DMUs under evaluation are deemed efficient following the adjustment of outputs for other DMUs, with the optimal efficiency frontiers differing according to the DMU in question. Following this [41], crafted the EEFDEA (Equilibrium Efficiency Frontier DEA) model, capable of assessing all DMUs against a shared equilibrium efficiency frontier. However, EEFDEA is not without its limitations, such as the considerable computational complexity and the dependence of evaluation results on the pre-established “order” of DMUs. Building upon these [38], developed the GEEFDEA (Generalized Equilibrium Efficiency Frontier DEA) model, which retains the benefits of both FSODEA and EEFDEA and establishes a generalized equilibrium efficiency frontier. To evaluate parallel research activities with non-shared fixed and variable inputs, we constructed the parallel GEEFDEA network framework. To assess the efficiency of two systems with non-shared fixed and input constraints, we have developed model (Equation 4) to ascertain the common EEF.
[image: Mathematical expression showing the minimization of a double summation. The expression is Minimize the double sum from j equals 1 to n and e equals 1 to d of delta sub e times w sub e j.]
[image: A mathematical equation with variables and summations, featuring a fraction. The numerator includes summations over terms such as \( \alpha, \mu, \phi, \beta \) multiplied by various variables like \( P, T, E, S \) and constants \( u_1, u_2 \). The denominator consists of summations over terms including \( \nu, \delta, \theta, \alpha \), with variables like \( X, F, E, P, D \). The equation is equal to one.]
[image: Sigma notation representing a summation from j equals one to n of \(\pi_{cj}\), with the result equal to zero.]
[image: Equation showing \( w_{cf} = \text{Max}\{0, \pi_{cf}\} \), representing a maximum function between zero and \(\pi_{cf}\).]
[image: The image shows a mathematical inequality: \( E_g + \pi_{\sigma} \geq 0 \). It is labeled as equation \( (4) \).]
[image: Equation with a fraction. Numerator: Sum of γᵢXᵢᵢ from i equals one to m, plus sum of δⱼFⱼ to t from j equals one to t, plus sum of ϕₖEₖₗ from k equals one to o. Denominator: Sum of γᵢXᵢ to t from i equals one to m, plus sum of δⱼFⱼ to t from j equals one to t, plus sum of ϕₖEₖ to t from k equals one to o, plus sum of σₗPₗ to t from l equals one to h, plus sum of γ₂D₂ to t from j equals one to t. Greater than or equal to α.]
[image: The image displays a mathematical inequality with a fraction. The numerator is the sum of sigma from j equals one to q of sigma r p r j plus the sum of sigma from j equals one to n of gamma z d z j. The denominator is the sum of gamma equals one to m of gamma y x i plus the sum of sigma from s equals one to d of delta i f i t plus the sum of theta equals one to f of phi q e w j t plus the sum of sigma from j equals one to q of sigma r p r j plus the sum of sigma from j equals one to n of gamma z d z j. This fraction is greater than or equal to b t.]
[image: Mathematical expression featuring Greek letters and symbols: gamma subscript nu, delta, phi subscript eta, sigma subscript gamma, upsilon subscript zeta, mu subscript beta, greater than or equal to epsilon, for all, i, c, eta, omega, tau, kappa, theta.]
[image: A mathematical variable, \( u_1 \), is shown in italic, with a subscript "1" following the letter "u".] [image: Please upload the image or provide a URL for me to generate the alternate text.] free in sign
Where [image: Mathematical notation showing the variable π with a subscript containing the letters "c" and "j".] is the GGF adjustment value for the first subsystem. It is the level of adjustment fixed and invested in each DMU to achieve the common EEF. In addition, the [image: The image shows a mathematical expression with the symbol pi raised to the subscript "c" and superscript "j".] is symbol free. In model (Equation 4), the first restrictive factor is that all DMUs reach the effective boundary at the same time following the tuning of input parameters. The second restrictive factor meets the fixed and input stipulations. The fourth restrictive factor [image: Mathematical expression showing the weight \( w_{cj} \) as the maximum of zero and \( \pi_{cj} \).] indicates that [image: Mathematical notation showing the letter "W" with subscript "c" and "j" in smaller font, likely representing a variable or parameter in an equation.] in the case of [image: The image contains a mathematical expression with the symbol pi (π) followed by the subscript "c" and a subscript "j".] non-negative is equal to [image: Mathematical expression showing the symbol pi with subscripts c and j.].The fifth and sixth constraints guarantee that the adjusted GGF is on the positive side. Concerning the seventh and eighth limitations, as in model (Equation 3), the weights of the two subsystems must be within a predetermined interval. Since the model (Equation 4) is [image: Equation showing \( w_{cj} = \text{Max} \{ 0, \pi_{cj} \} \).] difficult to solve, model (Equation 5) is proposed.
[image: Mathematical expression representing a double summation: Minimize the sum from j equals one to n, and from c equals one to d, of delta sub c times the absolute value of pi sub cj.]
[image: A complex mathematical equation with multiple summations and variables. The equation includes symbols such as sigma (∑), alpha (α), phi (ϕ), beta (β), and delta (δ). It involves expressions like \( a_i P_{ij} \), \( \mu_k T_{kj} \), \( \phi F_{mj} \), and \( \beta S_j \), indicating some form of optimization or constraint condition.]
[image: Summation notation showing the sum of pi sub c sub j from j equals one to n equals zero.]
[image: Mathematical expression showing \( F_{cj} + \pi_{cj} \geq 0 \).]
[image: Mathematical expression showing a fraction with a summation in both the numerator and the denominator. The numerator includes terms: \( \sum_{n=1}^{N} r_n y_{n,t} + \sum_{c=1}^{C} \delta_c F_{c,t} + \sum_{n=1}^{N} \phi_n E_{n,t} \). The denominator includes terms: \( \sum_{n=1}^{N} v_n x_{n,t} + \sum_{c=1}^{C} \delta_c F_{c,t} + \sum_{n=1}^{N} \theta_n E_{n,t} + \sum_{j=1}^{J} \sigma_j P_{j,t} + \sum_{j=1}^{J} \mu_j D_{j,t} \). The expression is set to be greater than or equal to \( a \), labeled as equation (5).]
[image: A complex mathematical equation with a fraction. The numerator is the sum of sigma_a times P_i, plus the sum of gamma_z times D_zj. The denominator includes the sum of gamma_b times X_ijt, plus the sum of delta_c times F_ijt, plus the sum of phi_e times E_ijt, plus the numerator expression. The equation is greater than or equal to b_t.]
[image: Lowercase Greek letters: nu, delta, phi, sigma, tau, gamma, zeta, mu, beta, eta, epsilon, chi, nu, tau, kappa, phi.]
[image: Please upload the image or provide a URL so I can help generate the alternate text for it.] [image: Please upload the image you want me to generate alternate text for, and I'll assist you with it.] free in sign
Since model (Equation 5) is still nonlinear, we developed a two-phase strategy to transform model (Equation 5) into model (Equation 6). In the first step, we let [image: Mathematical equation showing delta sub c, pi sub cj, equals pi prime sub cj.], and then we obtained model (Equation 6).
[image: Mathematical notation showing a double summation. It reads: Minimize the sum from j equals one to n and from c equals one to d of the absolute value of π prime sub cj.]
[image: A complex mathematical equation involving summation symbols, variables with subscripts, Greek letters, and arithmetic operators. It appears to represent a multi-part expression with different components on each side of the equals sign, likely related to a specific mathematical or statistical model.]
[image: Summation notation from j equals one to n of π subscript cj prime equals zero.]
[image: Mathematical expression showing β sub x E sub x plus π σ sub x is greater than or equal to zero.]
[image: Mathematical equation showing a summation involving variables and coefficients. The equation includes terms like \(\sum_{i=1}^{m} \gamma_i X_{ij}\), \(\sum_{c=1}^{d} \delta_c F_{cj}\), \(\sum_{n=1}^{o} \phi_n E_{nj}\), and others, with inequalities denoted by \(\geq H\).]
[image: Mathematical equation depicting a summation, multiplication, and inequality expression involving variables, coefficients, and indices. Symbols such as delta, phi, sigma, and summations are used extensively.]
[image: Mathematical equation: b times the sum of parentheses including multiple sums denoted with indices m, d, o, q; variables like gamma sub i, X sub ij, delta sub e, F sub cj; and terms such as phi sub n, E sub nj, sigma sub tau, P sub rj, y sub z, D sub zj. The expression inside the parentheses ends with less than or equal to zero.]
[image: Greek letters and symbols are displayed, including nu, delta, phi, sigma, psi, epsilon, chi, eta, omega, tau, kappa, and theta, arranged in a sequence with some mathematical operators like greater than or equal to and conjunction symbols between them.]
[image: Please upload the image or provide a URL so I can assist you in generating the alternate text for it.] [image: I cannot generate alt text without the image. Please upload the image or provide a URL.] free in sign
H in model (Equation 6) ensures that the model’s ratio includes a positive lower fraction and that the efficiency value of the target unit being evaluated is greater than zero. In the second step, we let [image: The equation shows psi subscript cj equals the absolute value of pi prime subscript cj plus pi prime subscript cj.] , [image: η sub c j equals the absolute value of π prime sub c j minus π prime sub c j.] , obtain the equivalent linear model (Equation 7).
[image: Minimize one half times the sum from j equals one to n and from c equals one to d of the expression psi sub c j plus eta sub c j.]
[image: A complex mathematical equation featuring multiple summations, products, and terms with Greek letters such as sigma, phi, mu, beta, and delta. The equation involves variables and indices, indicating an advanced mathematical or statistical context.]
[image: Summation from j equals 1 to n of the difference between psi sub cj and eta sub cj equals zero.]
[image: Mathematical equation with components: 28, F underscore d, sigma underscore d, addition, parenthesis with y underscore g r minus eta underscore g r, greater than or equal to 0. Number 7 in parentheses on the right.]
[image: Mathematical equation with multiple summations and variables: the sum of gamma sub i, x sub i, and y sub i from i equals one to m plus the sum of delta sub c, f sub c from c equals one to d plus one half the sum of open parenthesis psi sub g minus eta sub g close parenthesis from g equals one to e plus the sum of phi sub n, e sub nj from m equals one to o plus the sum of sigma sub r from r equals one to q, multiplied by sigma sub q. P sub tj plus the sum of y sub z, D sub zj from z equals one to h is greater than or equal to H.]
[image: Mathematical expression showing a complex equation involving summations and variables. It includes indexed terms such as \( Y_{i,t} \), \( F_{c,t} \), \( E_{n,t} \), and \( \sigma_{t} \), with operators like \( \sum \), addition, subtraction, and inequality \( \leq 0 \).]
[image: Mathematical expression showing a complex inequality. The expression includes summations over variables such as \(X_{ij}\), \(F_{cj}\), \(E_{nj}\), and \(P_{rj}\), with coefficients like \(\gamma_i\), \(\delta_c\), \(\phi_n\), and \(\sigma_t\). It compares two expressions with a negative constant on the right side, indicating less than or equal to zero.]
[image: A sequence of Greek letters followed by mathematical symbols. The sequence includes: gamma, delta, phi, sigma, upsilon, mu, beta, greater than or equal to, epsilon, followed by lowercase English letters v, i, c, n, z, pi, k, q.]
[image: The image contains stylized text showing the mathematical expression "u sub one u sub two".] free in sign
A Data Envelopment Analysis (DEA) model has been developed to characterize a comprehensive equilibrium efficient frontier for network arrangements that interact concurrently, accounting for both fixed and variable inputs. By solving the model (Equation 7), the optimal tuning that enables all DMUs to be simultaneously effective in achieving a common EEF is computed [image: Mathematical notation showing pi subscript c subscript j with a star symbol above.] .
The previous section determines the common EEF, on the basis of which we can evaluate the efficiency of each DMU after obtaining the [image: Formula showing pi superscript asterisk subscript c and j.] the efficiency of each DMU after evaluating the optimal solution. As [39] described, the efficiency obtained from the GEEF model parallels the concept of super-efficiency, as the DMUs under evaluation are omitted from the formation of the common EEF (Equilibrium Efficiency Frontier). Analogously, the efficiency score does not exceed 1 for DMUs located within the common EEF, but it can be greater than 1 for those DMUs that lie outside the common EEF. Model (Equation 8) is employed to calculate the aggregate efficiency of a simultaneous engagement system that operates with non-shared fixed and input constraints.
[image: Equation representing the maximization of \(E_0\). The numerator includes summations of variables \(\sigma_r P_{r0}\), \(\mu_k T_{k0} + u_1\), \(\phi_q E_{q0}\), \( \beta_j S_{j0} + u_2\). The denominator contains summations of variables \(\gamma_m X_{m0}\), \(\delta_f F_{f0}\), \(\phi_q E_{q0}\), \(\sigma_r P_{r0}\), \(\psi_y D_{y0}\).]
[image: Equation depicting a fraction. The numerator shows the summation of r equals one to q of sigma subscript r times P subscript r j plus the summation of k equals one to w of mu subscript k times T subscript k j plus u subscript l. The denominator includes the summation of i equals one to m of gamma subscript p times X subscript i j plus the summation of d equals one to e of delta subscript d times parenthesis F subscript e j plus pi subscript e j parenthesis plus the summation of v equals one to o of phi subscript n times E subscript n j. The fraction is less than or equal to one.]
[image: Mathematical equation with variables E, S, P, and D. E subscript ij equals the sum of phi subscript n E subscript nj and beta subscript q S subscript qj plus u subscript 2, divided by the sum of sigma subscript r P subscript rj and gamma subscript z D subscript zj, less than or equal to 1.]
[image: A mathematical expression comparing two fractions. The numerator is the sum of \( \sum_{i=1}^n p_i x_{i0} \), \( \sum_{i=1}^d \delta_i F_0^i \), and \( \sum_{i=1}^m \phi_i E_{i0} \). The denominator is the sum of \( \sum_{i=1}^n v_i x_{i0} \), \( \sum_{i=1}^d \delta_i F_0^i \), \( \sum_{i=1}^m \phi_i E_{i0} \), \( \sum_{i=1}^c a_i F_0^o \), \( \sum_{i=1}^v \sigma_i F_0^o \), and \( \sum_{i=1}^y \gamma_i D_{i0} \). The expression is greater than or equal to \( a \). Labeled as equation eight.]
[image: A mathematical equation in fraction form where the numerator is a sum of sigma terms: sigma from t equals one to q of sigma t times P nt plus a sum from t equals one to n of gamma t times D 2t, minus gamma 1 D 20. The denominator includes several sums: sigma from i equals one to m of gamma i X j0, plus sigma from c equals one to d of delta c F c0, plus sigma from l equals one to j of phi l E n0, plus the sums in the numerator. The entire fraction is greater than or equal to b.]
[image: A sequence of Greek letters and symbols: nu, delta, phi, sigma, gamma, mu, beta, greater than or equal to, epsilon. Followed by parentheses containing nu, iota, chi, nu, zeta, tau, kappa, and theta.]
[image: It appears you intended to provide an image, but there might have been an issue. Please try uploading the image again, and I'll help you generate the alternate text for it.] [image: Please upload the image or provide a link to it, and I will generate the alternate text for you.] free in sign
The maximum value of the objective function at optimality of model (Equation 9) will be [image: Mathematical expression showing "E" with a superscript star symbol and a subscript zero.] is defined as the value of [image: Text displaying "DMU" with a subscript zero, likely indicating a specific data point or parameter in a mathematical or scientific context.] the total efficiency of the model, which [image: Mathematical notation including symbols: v sub i, delta sub c, phi sub n, sigma sub tau, gamma sub z, mu sub k, and beta sub q, each marked with an asterisk.] It is the value of the [image: Variables written in Greek and Latin letters: v sub i, delta sub c, phi sub n, sigma sub r, gamma sub z, mu sub k, beta sub q.] the best possible resolution of the model. Upon acquiring the overall efficiency from model (Equation 9) [image: Mathematical notation showing the letter "E" with a tilde accent at the top and a subscript "0" at the bottom right.], the efficiency of all subsystems can be figured out according to the formula of model (Equation 1). Due to the impact of various factors, including parameter settings, the model (Equation 9) does not yield a unique optimal solution for the subsystems, and consequently, the individual efficiency scores for each subsystem are not unique either. As a result, this study focuses exclusively on assessing the aggregate efficiency of the two systems.
[image: Mathematical formula representing an optimization problem. It includes a maximization of function E_0 with multiple summations over indices i, j, k, l, m. The function includes variables such as sigma, P, T, E, S, with coefficients alpha, mu, phi, beta, and additional terms u and u_0.]
[image: Subject to the constraint: the sum from i equals one to m of gamma sub i times X sub 0 plus the sum from c equals one to d of delta sub c times F sub c0, plus the sum from n equals one to o of phi sub n times E sub n0, plus the sum from r equals one to q of sigma sub r times P sub r0, plus the sum from t equals one to h of psi sub t times D sub t0 equals one.]
[image: A mathematical expression involving summations with variables and coefficients: The expression contains multiple summation symbols, variables such as \(P_{r_{j}}\), \(T_{k_{j}}\), \(X_{ij}\), \(F_{c_{j}}\), and \(E_{nj}\), with coefficients \(σ_{r}\), \(μ_{k}\), \(ν_{i}\), \(δ_{c}\), and \(ϕ_{l}\). The entire expression sums to less than or equal to zero.]
[image: Mathematical equation with four summations and parameters. The equation is: sum over i equals one to m of phi_sub_n E_sub_ij plus sum over q equals one to p of beta_sub_q S_sub_q plus u_2 minus sum over r equals one to a of sigma_r P_rj minus sum over s equals one to h of gamma_s D_sj is less than or equal to zero.]
[image: The equation shows an inequality: \( a - \left( \sum_{i=1}^{m} y_i X_{i0} + \sum_{t=1}^{d} \delta_t F_{t0} + \sum_{n=1}^{o} \phi_n E_{n0} \right) \leq 0 \).]
[image: Mathematical inequality showing \( b - \left( \sum_{r=1}^{q} \sigma_{r} P_{r0} + \sum_{z=1}^{h} \gamma_{z} D_{z0} \right) \leq 0 \).]
[image: Greek letters and symbols including gamma, delta, phi, sigma, mu, beta, greater than or equal to sign, epsilon, universal quantifier, chi, eta, nu, xi, tau, kappa, and theta, in a mathematical expression.]
[image: It seems there is an issue with processing the image you've referenced. Please upload the image or provide a URL, and I will help generate the alternate text for it.] [image: Please upload the image or provide a URL to generate the alternate text.] free in sign
In addressing the rationality of the model’s assumptions, this paper conducts a validation and discussion of the assumptions. Drawing on the theory of organizational interdependence, the interactions and dependencies between organizations influence their behavior and performance. In the context of research and development, the interdependence between universities, enterprises, and the government is particularly evident. For instance, universities provide foundational research outcomes, enterprises transform these outcomes into commercial products, and the government supports this process through policies and funding. This interdependence means that the decisions and activities of each organization are no longer independent but rather affect and constrain each other. This confirms the model’s assumption that decision-making units interfere with each other and that production processes are interdependent.
4 APPLICATION VALIDATION
As China’s higher education sector experiences rapid growth, the evaluation of research efficiency and the commercialization of scholarly achievements in academic institutions have become focal points of interest. This assessment is integral to the national innovation system, capturing the attention of educational policymakers and scholars alike. The effectiveness of converting research outcomes into practical applications is a critical issue for those formulating educational strategies and academic discussions. Within the framework of China’s “double first-class” initiative, a scientific evaluation of the efficiency of 79 Chinese research universities, grounded in synergy theory, aids in the optimal allocation of resources and fosters the substantive development of these universities [42, 43]. This, in turn, bolsters the overall competitiveness of the nation’s educational landscape. This study aims to offer valuable insights for enhancing the management and educational quality of Chinese research universities and, concurrently, to contribute Chinese insights and solutions to the global discourse on higher education.
4.1 Indicators and data
This section employs the efficiency evaluation of China’s research universities as a case study, utilizing the methodology outlined in the previous section to assess the academic efficiency of 79 such institutions. According to the synergy theory, the research process within universities encompasses three key stakeholders: universities, enterprises, and the government. This process can be conceptualized as an integrated network framework comprising a research and development (R&D) subsystem and a subsystem for the transformation and application of research outcomes. A distinctive feature of this framework is the fixed government funding allocated to the R&D subsystem, with outputs from the R&D subsystem—such as theses and monographs—serving as inputs back into the system. Additionally, research grants procured through enterprises are also considered inputs to the R&D subsystem. In this analysis, we focus on scenarios where the total government funding is a predetermined fixed amount. The structure of the two systems, namely, research and development and the translation and application of research results, is illustrated in Figure 1.
Taking into account the availability and recency of data, this study employs data from 79 Chinese research universities in 2016 to evaluate the efficiency of research and development (R&D) as well as the transformation of achievements. All of these institutions are participants in the “211 Project,” and they have managed a significant number of complex and demanding research projects. It is important to note that due to data accessibility limitations, a subset of these universities with a research focus was excluded from the study. The data was extracted from the Ministry of Education’s Basic Statistics Compendium for Universities and the Education Blue Book 2016–2017. To account for output lags, a 1-year lag period for outputs was applied in the analysis. The model was executed using MATLAB R2022b on a system equipped with an Intel Core i7 CPU, 16 GB of RAM, and Windows 11 operating system.
As shown in Figure 1, in the research development system, each of the [image: Text with the letters "DMUj" in a serif font.] uses m basic inputs [image: It seems like there might be an error, as no image was uploaded. Please upload the image or provide a URL, and I can help generate the alternate text for it.] (i = 1,2, … m), government funding (GGF) [image: Please upload the image or provide a URL for me to generate the alternate text. Optionally, you can add a caption for context.] (c = 1,2, … ,d) and research funding from the research results translation application subsystem [image: Mathematical notation showing a capital "E" with "n j" subscripted on the right, appearing in a serif typeface style.] (n = 1,2, … , o) to produce papers, scientific monographs [image: Please upload the image or provide the URL so I can help generate the alternate text.] (n = 1,2, … ,o) to generate papers, scientific monographs (nτ = 1,2, … , q) and scientific and technical awards [image: Stylized mathematical notation representing a matrix or tensor labeled \( T \) with subscripts \( k \) and \( j \), suggesting specific indexing or components of the mathematical structure.] (k =1,2, … , w). In the research application system for the translation of research results, the papers and scientific monographs obtained from the research and development subsystem are utilized [image: Please upload the image or provide a URL for me to generate the alternate text.] (τ =1,2, … , q) and natural science fund topics [image: Sorry, I cannot assist with generating alt text for this image.] (z = 1,2, … , h) to generate income from technology transfer [image: It seems there's a mathematical expression provided, not an image. If you have an image to describe, please upload it or provide a URL. If you want to describe this expression, it represents a variable or value labeled with subscript "v" and index "j."] (v = 1,2, … ,l) and research funding [image: Mathematical notation showing a capital letter "E" with a subscript "n, j".] (n = 1,2, … , o). It should be noted that the [image: It seems like you've entered a mathematical symbol or expression rather than an image. If you have an image you would like me to generate alt text for, please upload the image or provide a URL.] and [image: Please upload the image or provide a link to it so I can generate the alternative text.] are interaction indicators, and [image: Please upload the image or provide a URL so I can generate the alternate text for it.] are the collaborative inputs of the a duo of subsystems. Consequently, the two subsystems are intricately interconnected, functioning in unison rather than in isolation.
As shown in Figure 1, the core components of the research and development (R&D) process include faculty members and graduate students. The government offers grants, classified as inputs, with a 1-year term. To comprehensively evaluate the R&D subsystem’s performance, outputs are categorized as scientific awards, published monographs, and high-quality papers. Scientific awards include both national and provincial honors. High-quality papers are characterized by their presence in Chinese core journals and inclusion in the Science Citation Index. In the translation and application phases of research outcomes, the allocation of natural science funds serves as an input variable with two key functions: it indicates the capacity for scientific discovery transformation and highlights the national emphasis on the relevant field. Furthermore, the success of implementing research findings is largely contingent upon the resources provided by natural science funding, underscoring its critical role in the practical application of research achievements. Citing Refs. [39, 44], research funding and income from technology transfers are identified as the outputs of this activity. Specifically, income from technology transfer refers to the payments received by the university from enterprises or other organizations in exchange for the university’s provision of technical services. The selection of indicator data and the units for these indicators, which are essential for evaluating the overall efficiency of the R&D and research results transformation and application systems in this study, are presented in Table 1.
TABLE 1 | Selection of indicators.
[image: Table illustrating research metrics. It is divided into two sections: "Research and development (R&D)" and "Translation and application of research results." Each section is further divided into "Input metrics" and "Output metrics." Measurements include variables like the number of teachers, research staff, government grants, and published papers, with units such as people, million dollars, and articles.]4.2 Results and discussion
This paper selected the data of 79 research universities in China in 2016 for empirical research, and Table 2 lists the descriptive statistics of the relevant indicators, including the mean, median, standard deviation, maximum and minimum values.
TABLE 2 | Descriptive statistics of input-output indicators.
[image: A table displays statistical data for various variants labeled FS, GS, GGF, RF, AS, PM, PP, TNS, and TTI. It includes average values, upper quartile, standard deviation, maximum values, and minimum values for each variant. Examples include FS with an average of 3363 and a maximum of 13905, GS with a minimum of 183, and TTI with a maximum of 302898.]In this paper, the optimal efficiency of the application system for research development and translation of research results in 79 research universities is calculated by means of a DEA model featuring inputs. From column 2 of Table 4, [image: Please upload the image or provide a URL for me to generate the alt text.] it can be seen that the efficiency value of decision units 2, 3, 4, 7, etc. is 1, and the lowest efficiency value is for decision unit 59, which is only 0.3778. Since the model (Equation 3) does not take into account the constraints of non-shared fixation and inputs, this paper further validates the calculations by using the method of 3. 2.
To determine the equilibrium efficiency frontier compliant with the non-shared fixed and variable input constraints as per synergy theory, Model (Equation 7) is utilized to compute the optimal adjustments for both the research and development system and the system for translating and applying research outcomes, with the results detailed in Table 3. A positive value in the table signifies that a region must augment its government grant input to align with the communal equilibrium efficiency frontier, while a negative value suggests a reduction is necessary, and zero indicates no adjustment is required. Table 3 reveals that 53 decision-making units require a decrease in government grant inputs, whereas 26 units necessitate an increase. The optimal adjustments, when summed, equal zero, fulfilling the criterion of maintaining a fixed total for government allocation inputs across all decision-making units [45].
TABLE 3 | Optimal adjustments.
[image: Table showing DMU adjustments for 79 units. Each DMU number is paired with an adjustment value, ranging from negative to positive amounts. The sum of adjustments totals zero.]The public equilibrium efficient frontier can be set based on the most favorable alteration and the efficiency of the two systems can be evaluated accordingly, and the results are shown in column 4 of Table 4. [image: Mathematical expression with the letter E followed by a superscript asterisk and a subscript zero.] shown. Compared with model (Equation 3), the efficiency results considering non-shared fixation and input constraints have changed dramatically, and the two-system R&D and R&D application efficiencies of the vast majority of decision units have been improved due to the non-shared fixation and constraints brought about by the government appropriation as an input to the R&D subsystem only, which makes the efficient frontier affected by the optimal adjustments of each decision unit, and no longer the efficient frontier as in the traditional method. The effective frontier surface in the traditional approach. In addition, the larger the optimal adjustment, the lower the efficiency of the two systems in terms of R&D and application of results. Model (Equation 9) also has the great advantage that the range of efficiency changes is much larger, which makes the R&D and R&D application efficiencies of each decision unit more distinguishable.
TABLE 4 | Efficiency and ranking of model (Equation 3) and model (Equation 9).
[image: A table displaying data with columns labeled as DMU, \( E_0 \), Rank, \( E_0^* \), and Rank for two sections. It lists various numerical values for 79 entries, detailing efficiency scores and their rankings.]In terms of the amount of funding allocated, “985 Project” colleges and universities receive more funding than “non-985 Project” colleges and universities. For example, “985 Project” colleges include Decision Unit 1 (2,245), Decision Unit 3 (3140.1), Decision Unit 54 (2,561.9), Decision Unit 7 (1740.2), and Decision Unit 4 (3185.5). “Non-985 Project” universities such as Decision Unit 19 (144.19), Decision Unit 21 (207.91) and Decision Unit 55 (201.24). This shows that there is a significant gap in government funding between “985-project” and “non-985-project” colleges and universities.
Several insights can be gleaned from the data presented in Table 4. Firstly, there is a pronounced disparity in the efficiency of Chinese research universities. Certain decision-making units (DMUs), such as 4, 8, and 13, achieve the maximum efficiency score of 1, indicating optimal performance. In contrast, DMU 2 has a significantly lower efficiency score of only 0.2746. The average efficiency across the 79 universities surveyed is 0.7125. The presence of super-efficiency scores inflates this average, suggesting that the actual potential for improvement in real-world scenarios is likely to be greater than the 28.75% implied by the average efficiency score. Secondly, the performance of “Project 985” universities does not always meet expectations. For instance, DMU 2 has an efficiency score of 0.2746, DMU 1 scores 0.4690, and DMU 11 scores 0.4778. Typically, “985 Project” universities are known for their academic prowess and prestige and are often tasked with managing national key R&D programs. These programs tend to focus on critical science and technology issues related to industrial competitiveness, independent innovation capabilities, and national security. The lengthy and challenging nature of these research endeavors could explain the lower efficiency scores observed. Finally, there is no clear correlation between geographic location and efficiency. Certain institutions located in regions with less robust economic development have been observed to surpass the performance of similar universities in economically affluent areas. This suggests that the level of economic development in a region does not serve as a direct indicator of the progress of its research universities. However, it is acknowledged that high-performing research universities can contribute to the economic development of their local regions.
5 CONCLUSION
This paper develops a specialized DEA method, grounded in synergy theory, to evaluate the efficiency of Chinese research universities, with a focus on outcome transformation. The model surmounts previous limitations by accounting for non-shared fixed and variable inputs within a network structure, providing a comprehensive assessment of DMUs in complex systems.
The study recommends that universities adhere to collaborative innovation theory to enhance research efficiency, involving all stakeholders. Governments should support and safeguard scientific achievements, while enterprises should leverage innovation to increase the application value of research. Financial institutions should back scientific endeavors, and technology transfer organizations should facilitate resource integration and innovation. A collaborative system involving these entities can improve evaluation services and drive economic progress through scientific applications.
To optimize Government Grant Funds (GGF) allocation, central administrators must accurately assess research activities and implement efficient funding mechanisms. Despite the suboptimal efficiency of some “985 Project” universities, their pursuit of advanced science and technology involves significant investments and risks. Administrators should monitor tech trends and understand the long cycles of innovation.
In conclusion, this study presents an innovative DEA approach for assessing Chinese research universities’ performance in outcome transformation, acknowledging the need for future research to address technological diversity and radial measure limitations in DEA methods.
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Introduction: With the continuous development of the global securities market, share pledges as a business form are gradually emerging. However, there are also certain risks associated with share pledges. There are many common pledges between different share pledgers, which may result in financial contagion.Methods: This paper constructs a common share pledge network and proposes an identification method of systemically important listed companies by analyzing the characteristics of its network structure, to improve the stability of the financial market.Results: The results show that the share pledges are concentrated in a certain number of large companies, exhibiting scale-free characteristics and multiple local community features. The supervision of share pledges will promote the formation of such characteristics. Although financial supervision reduces the probability of share pledge risks, it also improves the importance of companies with high centrality in the share pledge market.Discussion: Compared with the traditional network characteristics the centrality of the common share pledge network will provide more information about the share pledge risk. Different characteristics of network centrality can effectively identify systemically important companies, which has important regulatory value for financial risk prevention.Keywords: share pledge, network structure, systemic importance, stock market, financial risk
1 INTRODUCTION
Share pledge refers to an act of shareholders using their own equity holdings as collateral to finance funds from financial institutions such as securities companies or banks [1]. Share pledges not only provide an important way for shareholders to raise funds but are also seen as a loan-like business model offered by banks and securities companies, which has resulted in significant earnings growth for financial institutions [2]. In recent years, the business model of share pledging in emerging markets has seen unprecedented growth. In developed capital markets, share pledges are rare due to the relatively decentralized distribution of equity. In contrast, listed companies in emerging markets tend to exhibit a more concentrated shareholding structure, which leads to greater financing challenges for companies. Therefore, share pledges have become more prevalent in emerging markets. Due to the risk factors associated with this financing method, the possibility of contagion risk has also increased.
Empirical evidence most share pledges hurt stock prices [3]. When a company discloses a share pledge, it usually conveys negative information to the market about its poor operation and financing difficulties, which may lead to a drop in the stock price. To mitigate these negative effects, the probability of capitalization following a share pledge by a major shareholder also increases [4]. Although this may help stabilize the stock price in the short term, it does not really improve the long-term business performance of the company and is even likely to give rise to speculative behaviors such as market value management [5, 6]. With high pledge ratios, large shareholders will be more inclined to pursue high-risk investment projects to earn more returns [7], which not only pose a financial risk but also involve moral hazard. Due to information asymmetry, shareholders also have incentives to manipulate stock prices. This moral hazard may lead to a crash in stock prices. If the stock price falls sharply, the pledgee may ask major shareholders to buy back the equity in advance, thus increasing the risk of control power transfer [8–10].
The share pledge business is a common yet high-risk financing approach. To effectively manage the risk of default due to stock price volatility, the pledger usually sets multiple risk control mechanisms such as pledge rate, warning line, and liquidation threshold. If the pledging ratio of major shareholders on the exchange market is higher, the mark-to-market and mandatory liquidation mechanisms are more likely to be activated during stock price declines. It will exacerbate the leverage effect and lead to a much higher stock price crash risk [1]. It is relatively common for pledged shares in emerging markets to hit liquidation thresholds, which has attracted extensive regulatory attention [11]. When the stock market encounters continuous downturn pressure, if the pledger fails to fill the account, or the stock price falls below the preset liquidation thresholds, banks and other financial institutions may take measures to mitigate the potential loss by “forced liquidation” for the sake of risk control and asset preservation [12]. Due to the common share pledge network, a crisis at an institution has the potential to spread to other institutions. If an institution suffers forced liquidation, its equity value will decrease, thereby affecting other institutions holding shares in that institution. To minimize losses, these institutions may choose to sell the shares at low prices [13]. According to signaling theory, such selling behavior may trigger a chain reaction in the market, further exacerbating the decline in corporate performance and elevating credit risk and default risk. The more connected institutions are in the share pledge network, the faster this risk contagion occurs [1].
For this risk contagion process, complex networks and network dynamics provide a useful tool for the study [14–19]. Tong et al. (2021) constructed a network model of major shareholders of listed companies and found that the degree of common shared shareholders accelerates the risk in the stock market [20]. In addition, the impact of common shareholders consisting of financial institutions is more pronounced. Greenwood et al. (2015) explored how systemic risk is triggered by selling investments based on the common investment network in the face of negative shocks [21]. These studies not only explore the risk contagion mechanism in financial markets but also provide assistance in the formulation of risk management and regulatory policies.
In summary, it is important to study the impact of contagion risk on companies due to share pledges. Network relationships in share pledges provide an effective way to study contagion risk between companies. Therefore, this paper portrays the common network relationship between listed companies with share pledges to study the risk contagion process. It further identifies the systemic importance of listed companies based on topological characteristics of the common share pledge network. This study not only helps to reveal the risk of share pledges but also identifies systemically important companies. In addition, this study provides a new perspective for regulatory policies and intervention strategies to maintain the stability of the capital market.
2 METHODOLOGY
2.1 Share pledge network
Share pledge defaults involve a large number of stakeholders with intricate relationships with each other. The existence of a common share pledge relationship can contribute to a stock price collapse when shares pledges are sold by the pledgee. The basis for portraying common share pledge relationships among listed companies is a bipartite network between listed companies and institutional investors.
The bipartite network contains two types of nodes and connections between nodes. It can be expressed as [image: Mathematical expression defining a set \( G \) that includes elements \( Q \), \( F \), and \( V \).], where Q is the set of listed companies (pledgers), F is the set of institutional investors (pledgees), and V denotes the connections of the listed companies and the institutional investors through the relationship of share pledges. Corresponding to the bipartite network, its adjacency matrix can be expressed as [image: Mathematical expression representing a set V equals a collection of elements V sub i j, where the dimensions are N by M.], where N and M denote the number of pledgees and pledgers in the share pledge network. When a financial institution holds a pledged share in a company, a network connection is established between the two types of nodes. The connection between the two types of nodes represents the share pledge relationship between the listed company and the financial institution. If the pledgee j is related to the pledger i, then Vij = 1, otherwise Vij = 0.
2.2 Common share pledge network
Based on the share pledge bipartite network, the traditional network model is further used to portray a common share pledge network between different companies [22]. The common share pledge network is constructed as follows: taking all the companies pledging shares as nodes, if there exists at least one common pledgee in any company, they are defined to have a common share pledge relationship, i.e., there exists a network connecting edge. The common share pledge network can be represented by [image: The image shows a mathematical expression: \( C = \{ Q, L \} \), representing a set containing the elements Q and L.], where [image: It seems like there might be a misunderstanding or an issue with the text provided. Please upload the image or provide a URL for me to generate the alternate text.] denotes the number of listed companies. [image: Mathematical expression representing a matrix \( L \) defined by elements \( L_{ik} \), with dimensions \( N \times N \).] is the adjacency matrix of the network, where Lik represents whether node i and node k are connected. If two companies i and j have a common share pledge relationship, then Lik = 1, otherwise Lik = 0.
2.3 Topological characteristics of the network
The main topological characteristics of networks include the connectivity of the nodes and the distribution of connections. The connectivity of the common share pledge network contains network density, average degree, clustering coefficient, average shortest path, and modularity.
Network density reflects the tightness of connections between nodes in a network. It is defined as the ratio of the number of actually existing edges to the number of all possible edges. The network density is calculated by
[image: The formula for density \( d \) is shown as \( d = \frac{2L}{N(N-1)} \).]
where L is the number of edges actually present in the network.
The average path length is the average of all of the distances over all pairs of nodes in a network, which reflects the overall connectivity of the network. It also measures the efficiency with which information travels through the network because the efficiency in a network is also defined by distances [23, 24]. The average path length is calculated by
[image: Equation for \( h_i \) is given, where \( h_i \) is equal to \(\frac{1}{N(N-1)} \sum_{k \neq i}^{N} h_{ik} \), with a summation over elements \( h_{ik} \), excluding the case where \( k = i \).]
The clustering coefficient measures the degree of interconnection between neighboring nodes in a network, reflecting local connectivity and the “clique” phenomenon. The clustering coefficient is one of the local characteristics for networks that are based at the node level, it can be calculated by
[image: Formula for calculating \(c_i\): \(c_i = \frac{2e_i}{k_i(k_i-1)}\), where \(c_i\) is a variable, \(e_i\) is the number of edges, and \(k_i\) is the degree. Equation labeled as (3).]
Modularity is a measure of quality that a network is partitioned into modules (or communities). It reflects the extent to which nodes in the network are classified into modules with tight internal connections but sparse connections to other modules. Modularity is calculated by
[image: Equation representing a mathematical expression: \( a_{e} = \frac{1}{2L} \sum_{kftl} \left( L_{ik} - \frac{k_{I} k_{k}}{2L} \right) J_{[m,n,l]} \), labeled as Equation 4.]
where mi and mk denote the modules to which node i and node k belong, and I is an indicative function that is 1 when node i and node k belong to the same module and 0 otherwise. The algorithm and resolution of modularity are referred to Blondel et al. (2008) and Lambiotte et al. (2008) respectively [25, 26].
In addition, network centrality is often used to identify the important nodes in the network, which is a basis for identifying systemically important companies in common share pledge networks [27]. Network centrality is classified as degree centrality, closeness centrality, betweenness centrality, and eigenvector centrality. Degree centrality and network density portray similar network characteristics. The same as closeness centrality and average path length. Therefore, only other centrality metrics are considered.
Betweenness centrality measures the degree to which a node mediates the connection relationship between any two other nodes in the network. It is defined as
[image: Mathematical equation representing z sub i as the sum from k equals zero to N of theta sub k s of i divided by theta sub k s.]
where [image: Mathematical symbol for theta subscript ks, representing an angle or variable in an equation.] is the total number of all shortest paths from node k to node s. [image: Mathematical notation depicting the expression "theta sub k subscript s of i" in italics.] represents the total number of all shortest paths from node k to node s after the network intervenes at node i.
Eigenvector centrality evaluates the centrality of a node in the network based on the importance of its neighbors. It mainly considers the importance of vertices as passing bridges in the graph, rather than a centrality measure that only considers the direct importance of vertices. It is defined as
[image: An equation is shown as follows: \( f_i = \frac{1}{\lambda} \sum_{k \in Q} L_{ik} t_k \). It is labeled as equation (6).]
where [image: Mathematical expression of a sequence denoted as \( t \), equal to the tuple \( (t_1, t_2, \ldots, t_N) \), indicating a series of elements from \( t_1 \) to \( t_N \).] is the eigenvector of the adjacency matrix L and [image: Please upload the image you would like me to generate alt text for, or provide a URL.] is the corresponding eigenvalue.
2.4 Risk characteristics of companies
The systemic risk of the share pledge market is portrayed by the dynamic network analysis. Based on the common share pledge network, the risk contagion process is simulated by the system dynamics method. Assume that the company i with a common share pledge relationship suffers a crisis. Its market value is defined as 0 to simplify the simulation. Then the financial institution s holding the share pledge of the company i will liquidate these assets. Moreover, the financial institution s may also sell its other pledged shares in exchange for liquidity due to risk aversion. Given that the company j has a share pledge relationship with the financial institution s, then it will also suffer contagion risks due to the stock price drops caused by the selling of pledged shares. Based on the market depth of the stock, we define that the proportion of sold share pledges to the total market value of the company j is equal to the proportion of its stock price decline. Therefore, if the pledged shares of the company i are sold by all of its pledgees, the stock price of the company j may experience a notable decline. Moreover, if the company j has a share pledge relationship with other financial institutions at the same time, the contagion risk will further spread to other financial institutions. However, financial institutions will set a liquidation threshold for the pledged shares to prevent the stock price from falling and causing losses. We define that the liquidation threshold is 130%, which is the common standard in the Chinese stock market. It means the proportion of the share pledge losses when approaching the liquidation threshold is [image: It seems there is a technical issue with displaying the image. Please try uploading the image again or provide a URL, and I will help create the alt text.], where r is the share pledge ratio of a company. Therefore, when the stock price of the company j has declined to the liquidation threshold, its pledgees will sell the pledged shares in the stock market. This will trigger a domino effect until the share pledge market reaches equilibrium. The cumulative market value loss of all sold pledged shares is defined as the dynamic contagion risk. Based on the dynamic risk contagion process, 1,000 experiments were simulated to ensure that each company suffered the crisis in theory. The systemic risk is measured by the ratio of the dynamic contagion risk to the total size of the share pledge market, and the average value is used as the final result.
The individual risks of listed companies are portrayed by the default distance. The default probability model is used to estimate the individual default risk of listed companies [28]. It is calculated as
[image: Mathematical formula displaying \(d_{it} = \frac{\log\left(\frac{E_{it} + D_{it}}{D_{it}}\right) + \left(r_{i,t-1} - \frac{\sigma_{it}^{2}}{2}\right) T_{it}}{\sigma_{i \ln} \sqrt{T_{it}}}\). The equation is labeled as equation (7).]
where ddit denotes the default distance of company i at moment t; Eit denotes the total market capitalization of the company that is calculated by the product of the total number of shares issued and the market price; Dit denotes the face value of the company’s debt that obtained by adding half of the company’s long-term liabilities to its short-term liabilities; rit-1 denotes the company’s annual log stock return; [image: It seems there was an error in retrieving the image. Please upload the image file or provide a URL so I can generate the alternate text for you.] denotes the company’s asset volatility that calculated from the volatility of the company’s stock price return [image: It seems like the input you provided is a mathematical expression rather than an image. To generate alt text, please upload an image file or provide an image URL. If you were referring to the expression, it appears to be a variable notation commonly used in mathematical contexts.], that is
[image: Mathematical equation showing τᵥᵢₙ equals (Eₜθₜ)/(Eₜ + Dₜ) plus (Dₜ)/(Eₜ + Dₜ) multiplied by (0.05 + 0.25σᵢₐ). Equation number is 8.]
We include the five percentage points in this term to represent term structure volatility, and we include the 25% times equity volatility to allow for volatility associated with default risk according to Bharath and Shumway (2008) [28]. Combining Equations 7, 8 we can calculate the company’s default distance ddit. On this basis, the company’s default probability [image: Mathematical equation displaying \( p_{it} = N(-dd_{it}) \).] is calculated through the standard cumulative normal distribution function [image: Mathematical notation representing a function \( N(\cdot) \), typically used in statistical contexts to denote a normal distribution or related function.].
3 RESULTS AND DISCUSSION
3.1 Data description
China is one of the emerging markets that require mandatory disclosure of stock pledges which provides appropriate data on share pledges [29]. Therefore, this study takes the annual data of share pledges of all listed companies in China’s A-shares as a sample. The sample interval is chosen as 2008 to 2024. The sample includes a total of 3,312 listed companies, all of which have engaged in new share pledge business within the sample interval. According to the statistics of share pledge data, the average share pledge term is about 1.39 years, so the time window is set to 1 year. Data on share pledges are obtained from the CSMAR database. To highlight the role of financial institutions in the risk contagion process, it constructs the common share pledging network by excluding the relationship in which an individual investor serves as the pledgee and the network relationship formed with institutional investors such as banks and securities companies as pledgees are considered.
The common share pledge network is uniquely determined by the node and the edge. Therefore, the characterization of nodes and edges is the key to revealing the relationship of the common share pledge network. This study mainly explores the following systemic characteristics of the common share pledge network: density, average degree, clustering coefficient, average shortest path, and modularity, which are calculated by Equations 1-6 respectively. These economic implications are mainly divided into two categories, which describe the node characteristics of the network (e.g., clustering coefficient, modularity) and edge characteristics (e.g., average degree, average shortest path). The network characteristics were calculated by Gephi 0.10.1. When calculating these characteristics, the unconnected nodes were excluded because they have no contribution to the contagion process of the share pledge risk.
Figure 1 shows the statistical results of the number of share pledges of all listed companies in China’s A-shares from 2008 to 2024. The share pledges in China’s stock market have gradually become prevalent since 2008, especially after the opening of exchange-based share pledges in 2013. Because the market had no unified standards for the limit of the pledge rate, the number of share pledges increased dramatically. After the share pledge crisis broke out in 2018, the financial regulatory authorities issued policies to restrict pledgees from forcibly liquidating share pledges. Meanwhile, with the regulator’s requirement in 2018 that the cap on the pledge ratio of listed companies’ shares should not exceed 60%, the financing way of share pledges began to contract sharply. The number of share pledges has gradually and steadily declined. Due to the impact of COVID-19 on the global economy and society from 2019, the number of share pledges has continued to shrink and it is still at a low level at present.
[image: Line graph depicting the number of active pledges from 2007 to 2028. The graph shows a gradual increase from 2007, peaking sharply around 2017, followed by a steep decline, stabilizing thereafter.]FIGURE 1 | Number of share pledges.
3.2 Systemic topological characteristics
The analysis of topological characteristics of the common share pledge network helps to explore the trends of China’s share pledge market. The number of connected edges of the network is the most direct characteristic, which is mainly portrayed by the density and degree distribution of the network. Network density in Figure 2 mainly measures the degree of connectivity of the entire network. Notably, the network density and degree distribution are calculated without considering isolated nodes. The isolated node lacks a channel for contagion risks, so it is not helpful for risk identification. In terms of common share pledge relationships, Figure 2 shows apparent phased characteristics. The network density was relatively stable from 2008 to 2012. After the opening of exchange-based share pledges in 2013, the network density showed a substantial increase and remained at a high level from 2013 to 2017. It implies that as the number of share pledges increases, the pledgees are gradually concentrating on some large financial institutions (as shown in Section 3.3). The phased density has shown a substantial decline as a result of strengthening regulations following the outbreak of the share pledge crisis in 2018. However, unlike the downward trend of the number of share pledges in Figure 1, the density of the common share pledge network continues to rise and exceed the historical peak after COVID-19 in 2019. Due to the high-risk property of share pledges, most financial institutions gave up share pledges as an investment strategy after the elimination of COVID-19. Therefore, the current share pledge is mainly concentrated in some large financial institutions. This is an inevitable trend in market development, but it also increases the concentration risk of share pledges, which provides a warning for future regulation.
[image: Line graph showing density trends from 2007 to 2024. Density increases gradually from 2007 to 2014, spikes in 2015, dips slightly, then rises sharply until peaking around 2020. It fluctuates until 2024.]FIGURE 2 | Density of the common share pledge network.
The average degree of the network in Figure 3 mainly portrays the average number of participants in common share pledges per listed company. Due to the limited number of pledgees, more pledgers will inevitably choose the same pledgees when share pledges become more prevalent. It will lead to an increase in the number of common share pledges in the market. Figure 3 shows that the listed company in China’s stock markets has the highest common share pledge relationship with nearly 200 other listed companies. It means that the common share pledge in China’s stock market is widely prevalence. In addition, Figure 3 shows a trend consistent with Figure 1 i.e., common share pledges were prevalent with the regulation liberalization in 2013–2017 and seriously controlled after the tightening of financial regulations in 2018. Although the average degree is stably around 100, it is still at a high level, so the supervision of the common share pledge still needs to be strengthened.
[image: Box plot showing average degree distribution from 2009 to 2023. Each year's data is represented with blue boxes indicating interquartile ranges and red crosses for outliers. Values peak around 2017 then decline.]FIGURE 3 | Average degree of the common share pledge network.
We further analyze the characteristics of the common share pledge network in terms of average path length, clustering coefficients, and community structure. All of them portray the degree of local associations in the network. The results are shown in Figures 4–6. The trends in average path length, clustering coefficients, and modularity are generally similar which are opposite to the trends in the connectivity of the network. Overall, the average path lengths, clustering coefficients, and modularity of the network show a downward trend over the 2013–2017 period, while they all increase after the strengthening of financial regulation since 2018. However, they have fallen back after the COVID-19.
[image: Box plot and scatter plot showing average path length from 2009 to 2023. The box plots, in blue, depict the distribution of average path lengths for each year, with red dots representing outliers. The plot shows a general trend of fluctuation over the years, with some visible increase in outliers around 2014 to 2016.]FIGURE 4 | Average path length of the common share pledge network.
[image: Bar graph showing clustering coefficients from 2008 to 2023. The vertical axis represents clustering coefficients ranging from 0.3 to 1.0, while the horizontal axis shows years. Bars are blue, with red lines marking specific values. The coefficients fluctuate over time, with the highest values near 2009 and the lowest around 2017.]FIGURE 5 | Clustering coefficient for the common share pledge network.
[image: Line graph showing the decline of modularity from 2007 to 2023. The vertical axis represents modularity, ranging from 0.3 to 0.8, and the horizontal axis shows years from 2007 to 2023. The graph exhibits a downward trend with some fluctuations.]FIGURE 6 | Modularity of the common share pledge network.
The average path length portrays the accessibility between nodes. The longer the average path the more distant the network relationship between two nodes. As the number of share pledges increases, the likelihood that companies have a common share pledge relationship with each other is promoted, which greatly reduces the distance between different companies. Therefore, the average path length shows an opposite trend to the average degree of the common share pledge network. The clustering coefficient portrays the degree of agglomeration between different nodes. Although the average degree of the common share pledge network increased between 2013 and 2017, the trend of the clustering coefficient decreased in Figure 5. However, the average degree of the common share pledge network decreased from 2018 to 2024, while its clustering coefficient increased instead. This indicates that participants are widely active during the booming period of the share pledge market, while only some large financial institutions are active in the face of financial recession. The characteristics of the modularity of the common share pledge network in Figure 6 further validate this conclusion. Modularity mainly characterizes the quality of community structure division in a network, with higher modularity indicating stronger community structure. If a company in the community suffers a crisis, its share pledges held by the financial institution will be liquidated. In this case, other companies in the community will also be impacted. Therefore, the modularity provides channels for risk contagion and helps to identify key nodes in the community. In summary, there are some differences in the topological characteristics among different nodes in the common share pledge network. These differences provide risk information for identifying systemically important companies.
The topological structure of the common share pledge network helps to mine the risk information of listed companies, and then identify systemically important companies. The predictive capacity of network characteristics is further validated by the dynamic contagion risk of the share pledge market in Figure 7. Figure 7 presents that the potential contagion risk gradually increased with the increasing number of share pledges from 2008 to 2012. Especially after the liberalization of on-exchange share pledges in 2013, the contagion risk in the share pledge market continued to rise and remained at a high level. Due to the supervision of the share pledge market in 2018 and the following shock of COVID-19, the number of share pledges dropped dramatically. As a result, the contagion risk of share pledges has been controlled. However, with the end of COVID-19, the contagion risk has rebounded in recent years. The dynamic contagion risk is closely related to the density of the common share pledge network, indicating that the common share pledge network provides a channel for the contagion risk. Therefore, the topological characteristics implied by the common share pledge network are helpful for the risk identification of listed companies. Moreover, the highest proportion of contagion risk accounts for about 80%–90% of the share pledges, indicating that not all nodes will suffer contagion risks. This is mainly because some nodes with low modularity or high average paths are almost independent, resulting in an extremely long channel of risk contagion.
[image: Line graph showing corrosion rate from 2007 to 2025 for four conditions: 140%, 130%, 120%, and Control. Rates rise sharply until 2017, peak, and then decline until 2023, with a slight rise afterwards.]FIGURE 7 | Contagion risk of the common share pledge network.
Figure 7 also presents the simulation results of contagion risk at the 120% and 140% liquidation thresholds to enhance the robustness. They show the same trend as the baseline case (130% liquidation threshold), and the level of contagion risks are very close. It means the results of contagion risks are robust. The robustness analysis in Figure 7 also indicates that a higher liquidation threshold is more likely to trigger fire sales of the share pledges. Therefore, the Chinese stock market has set a 20% higher warning line before the liquidation threshold to indicate the share pledge risk and reduce concentrated fire sales. In addition, this study further explores the impact of reducing the share pledge ratio on contagion risks to discuss the risk control strategies. The result is labeled as “Control” in Figure 7, which assumes that the share pledge ratio is 80% of the original level. A similar result indicates that the model is effective. Moreover, reducing the share pledge ratio is more effective in controlling contagion risks when compared to the results of different liquidation thresholds, which highlights that strengthening supervision contributes to financial stability.
3.3 Individual topological characteristics
Further analyzing the individual topological characteristics of the common share pledge network, which are portrayed in terms of degree, clustering coefficient, and average path length. In addition, eigenvector centrality and authority centrality are also the metrics to portray the individual network structure.
To capture the stock of unresolved share pledges, this study analyzes the individual topological characteristics of the common share pledge network using accumulated share pledge data from 2008 to 2024. Figure 8 visualizes the network, where the nodes represent the listed companies in China’s stock markets, and their colors indicate the number of common share pledge relationships that exist in the company. The connections indicate the existence of a common share pledge relationship between companies, and their thickness indicates the number of common pledgees between any two companies. Figure 8 shows that most of the listed companies have few common pledgees in their share pledge relationships, and many companies have dense common pledgees, thus forming a network characterized by multiple “core-periphery” distributions. This conclusion is also emphasized by the individual degree distribution with “leptokurtosis and heavy tails” presented in Figure 9A. Figure 9B further presents the individual degree distribution in double logarithmic axes. Although the individual degree distribution of the network is difficult to fit with a single function, it can be expressed as a power law distribution with an exponential truncation, i.e., it is characterized by a scale-free distribution.
[image: Scatter plot visualization of a dense network with numerous black dots concentrated in the center, surrounded by branches extending outward in a web-like pattern, illustrating complex interconnectedness.]FIGURE 8 | Common share pledge network relationship.
[image: Two panels show histograms: (a) a bar chart depicting the frequency of different degrees, decreasing from left to right; (b) a log-log plot of the cumulative distribution function of X, showing a decreasing trend with scattered data points.]FIGURE 9 | Individual degree distribution of the common share pledge network. (A) Histogram plots; (B) Logarithm plots.
The individual statistics of clustering coefficients and average path lengths are shown in Figures 10, 11. They show that the clustering coefficients and average path lengths of the nodes are generally fitted by normal distributions. The clustering coefficient fits a normal distribution with a mean of 0.5211 and a standard deviation of 0.1644. However, the distribution of clustering coefficients does not exactly conform to the standard normal distribution but rather has the characteristics of a positively skewed distribution. Recall that the clustering coefficients of the common share pledge network in Figure 5 are high, while that formed by the undischarged share pledges in Figure 10 is lower. It means that the cycles of most share pledges are short and the common share pledge relationship is highly concentrated in the short term, thus forming the phased feature of the share pledge relationship.
[image: Histogram displaying clustering coefficients on the x-axis and frequency on the y-axis. Blue bars represent data distribution, while a red curved line overlays the graph, showing trend or expected distribution.]FIGURE 10 | Individual clustering coefficient for the common share pledge network.
[image: Histogram showing the distribution of average path lengths with a red curve overlaying the data. The x-axis represents average path length ranging from approximately 1.2 to 4.4, and the y-axis represents frequency, peaking around 1.8.]FIGURE 11 | Individual average path length for the common share pledge network.
The average path length is fitted with a normal distribution with a mean of 2.0025 and a standard deviation of 0.3221. The average path length is not exactly in line with the standard normal distribution. It also fits the lognormal distribution with “leptokurtosis and heavy tails,” which indicates that the common share pledges of some listed companies are denser.
The statistical results of centralities are shown in Figures 12, 13. Although different types of centrality distributions have differences, they are similar to moderate centrality in Figure 9 and both show scale-free distributions. It further indicates that some listed companies have dense common share pledges. Therefore, systemically important nodes can be identified based on the density of common share pledges.
[image: Two graphs illustrate network analysis. The left graph (A) is a histogram showing the distribution of eigenvector centrality, with frequency decreasing as centrality increases. The right graph (B) displays a complementary cumulative distribution function (CCDF) on a log-log scale, plotting \(P(X \geq x)\) against x, indicating a heavy-tailed distribution. Both plots use blue data points and lines.]FIGURE 12 | Eigenvector centrality of the common share pledge network. (A) Histogram plots; (B) Logarithm plots.
[image: Left panel shows a histogram of betweenness centrality with values ranging mostly below 500. Right panel displays a log-log plot of probability \(P(X \geq x)\) against \(x\), decreasing with \(x\). Circles represent data points.]FIGURE 13 | Betweenness centrality of the common share pledge network. (A) Histogram plots; (B) Logarithm plots.
3.4 Regression results
It further mines the risk information of listed companies from the individual topological characteristics of the network and conducts regression analysis for the default probability of individual companies. In addition to the classical clustering coefficient and average shortest path in complex networks, the individual characteristics related to the centrality (i.e., the degree centrality, betweenness centrality, and eigenvector centrality) are considered to identify systemically important listed companies. To eliminate the impact of other explicit factors, control variables are set as follows. The fundamental variables of the company include logarithmic total assets (size) and share concentration (hhi). The financial performance variables include a debt-to-asset ratio (lev) and return on assets (roa). The market performance variables include annual turnover rate (hls) and price-to-book ratio (pb). The companies labeled by ST were excluded from the sample to eliminate the influence of outliers. The missing data were removed from the regression model. In addition, the winsorization is used at the 1% level to test the robustness of regressions.
Table 1 presents a variable correlation matrix to evaluate potential multicollinearity issues of the variables. The result indicates that there is a low correlation between the dependent variables, explanatory variables, and control variables. However, the correlation between centrality variables is high, which is consistent with the fact. Then the Variance Inflation Factor (VIF) values are further calculated. It shows an average VIF value of 1.85, and the VIF values of each variable are all less than 2. Therefore, it is no potential multicollinearity issues among the variables in this model. Table 2 presents statistical descriptions of all variables. It shows that there are differences in the statistical characteristics of different centrality variables, and this is the basis for characterizing the network topology through different centralities.
TABLE 1 | Variable correlations.
[image: A correlation matrix table showing relationships among variables: dp, degree, betweenness, clustering, path length, eigenvector, size, lev, roa, pb, hsl, and hhi. The values range from -0.559 to 0.832, indicating varying degrees of correlation between the variables.Diagonal values are 1.000, showing perfect correlation with themselves.]TABLE 2 | Statistical descriptions.
[image: Table displaying statistical data for various metrics. Columns include "Variables", "N", "Mean", "Std", "Min", and "Max". Variables listed are dp, degree, betweenness, clustering, path length, eigenvector, size, lev, roa, pb, hsl, and hhi. Each variable is consistently associated with 10,280 data points, and values vary across mean, standard deviation, minimum, and maximum.]This study analyzes the impact of individual topological characteristics of the network on the default probability of companies using the two-way fixed effects model in the baseline regression. The results of Table 3 help to explore the effectiveness of the common share pledge network in identifying systemically important nodes. The regression coefficients of degree centrality, betweenness centrality, and eigenvector centrality with companies’ default probability are all positively significant at the 1% level, and that of the average path length is negatively significant at the 10% level. Given the fact that the dense common share pledge relationships promote the risk exposure between the pledgor and pledgee, thereby it increases the contagion risk faced by the companies. This indicates that the risk information of companies can be effectively identified through the centrality characteristics of the network. The critical nodes or critical paths identified based on the centrality characteristics provide channels for contagion risk among listed companies and increase the systemic risk that companies face. However, the regression coefficient of the clustering coefficient is negatively significant at the 1% level, which is consistent with the result of Figure 5. It indicates that companies with higher clustering coefficients do not mean higher contagion risks, while centrality characteristics are more able to reflect the contagion risk of the share pledge market compared to traditional network properties. We further use a 1% winsorized sample for regression to test the robustness of the model, and the robust results are presented in Table 4.
TABLE 3 | Baseline regression for individual topological characteristics and default probability.
[image: Table displaying statistical data across five columns labeled "dp." It includes metrics such as Degree centrality, Betweenness centrality, Eigenvector centrality, Clustering coefficient, and Average path length, with corresponding values and standard errors in parentheses. Other variables listed are size, lev, roa, pb, hsl, and hhi, along with additional indicators like Time fixed, Company fixed, N, and R-squared values. Statistical significance is indicated with asterisks.]TABLE 4 | Winsorized result for individual topological characteristics and default probability.
[image: A table displays statistical results with five columns labeled "dp". It measures network metrics: degree centrality at 0.0030 with standard error 0.0008, betweenness centrality at 0.0003 with 0.0001, eigenvector centrality at 0.8989 with 0.4108, clustering coefficient at -0.5694 with 0.3009, and average path length at -0.4900 with 0.2116. Controls, time fixed, and company fixed are all "Yes". Sample size (N) is 10,280, with R-squared values ranging from 0.5387 to 0.5415. Standard errors are in parentheses, and significance is denoted by asterisks.]As the risk of stocks increases, the space for shareholders to “profit” from the stocks they hold is continuously compressed and gradually disappears, and even greater wealth losses may occur. Therefore, when the stock risk of a company increases, shareholders are more likely to pledge their equity, converting equity with “market value” into highly liquid funds with “usable value” as soon as possible, thereby transferring the risk of wealth loss due to stock price decline and liquidity risk to the pledgees. This process highlights the endogeneity issue of our study. In addition, the calculation of default probability requires the use of stock volatility. Therefore, the lag of the explained variable should be considered in terms of the previous period’s stock volatility. To further address the endogeneity issue of our study, the system Gaussian mixture model (GMM) is further used for regression, and the results are presented in Table 5. The regression coefficients of GMM generally verify the explanatory of centrality characteristics on the share pledge risk. The result highlights the robust conclusion after considering endogeneity issues.
TABLE 5 | GMM regression results for individual topological characteristics and default probability.
[image: A table displaying regression results across five columns labeled "dp." Key variables include Degree Centrality, Betweenness Centrality, Eigenvector Centrality, Clustering Coefficient, and Average Path Length. The table includes coefficients, standard errors in parentheses, and significance levels denoted by asterisks. Additional rows provide control variable presence, AR(1), AR(2) statistics, Sargan and Hansen test results, Wald test values, and sample size (N). The results show variations across different columns for each variable.]According to the analysis, financial regulation has a decisive impact on the share pledge market. To explore how changes in the network density are related to policy adjustments, the policy dummy variable is used for the regression to provide relevant causal analyses. The policy dummy variable is conducted with 2018 as the threshold. The results after adding policy items and their interaction items in the baseline regression are presented in Table 6. The results indicate that the coefficients of regulatory policy are negatively significant with the default risk at the 1% level, suggesting that strengthening supervision of share pledges can effectively mitigate financial risks. The coefficients of interaction terms between regulatory policy and network centrality characteristics are significant at the 5% or 10% level. Moreover, they have the same symbol as network centrality characteristics, indicating that the role of network centrality characteristics in risk identification is more prominent when regulatory policies are strengthened. At this time, the share pledge market is shrinking, and some companies are eliminated by the market, which strengthens the network centrality characteristics of the remaining companies and their position in risk contagion. The policy interaction term of the clustering coefficient is not significant because its ability to identify risks is weak as discussed. This also emphasizes the importance of network centrality characteristics in risk identification.
TABLE 6 | Impact of regulatory policy on individual topological characteristics and default probability.
[image: A table displaying statistical analysis results with metrics including degree centrality, betweenness centrality, eigenvector centrality, clustering coefficient, and average path length across different models. Each metric includes values with standard errors in parentheses. Controls, time fixed, and company fixed factors are all marked as "Yes." The sample size (N) is 10,280, and R-squared values range from 0.3977 to 0.4006.]We further incorporate a real-world case to enhance the practical relevance and policy implications of the study. At the end of 2018, the total share pledges of A-share reached ¥ 4.61 trillion, accounting for 10.32% of the total A-share market value. There are 3,542 companies in A-share with unlisted share pledges, accounting for 99.13% of the total number of A-share listed companies. Among them, over 60 companies have pledged more than 60% of their shares, exceeding the regulatory threshold of 50%.
This study takes Yinyi Co., Ltd. as the case to discuss the 2018 tightening of share pledge financing regulations in China and its impact on contagion risk. Yinyi Co., Ltd. (000981) is a real estate company listed on A-share. It was forced liquidation when faced with stock crashes during the 2018 market turmoil due to high share pledge ratios. The share pledges of Yinyi Co., Ltd. have been increasing since 2015, with the highest proportion reaching 86.32%. At the end of 2018, its proportion of share pledges was 72.63%, which is far higher than the threshold of 50% in the new regulations. The market value of Yinyi Co., Ltd.’s share pledges ranked the top three A-share companies. Therefore, Yinyi Co., Ltd. is a typical case for study.
With the outbreak of share pledge risks in 2018, the stock price of Yinyi Co., Ltd. has continuously hit the limit down, and most of the share pledges approach the warning line. Therefore, the Yinyi Co., Ltd. tried to avoid the liquidation risk by suspending trading. However, with the strengthening of financial regulation, the strictest suspension and resumption rules have been implemented. After the Yinyi Co., Ltd. was forced to resume trading, its stock price continued to hit the limit down. The sharp decline in the market value of share pledges has increased the liquidation risk of Yinyi Co., Ltd. In addition, the difficulty of financing has also increased after tightening the share pledge supervision. Yinyi Co., Ltd. had to default in the face of the cash crunch, and it further received default disposal notices from five pledgees. The default triggers market panic. This concern has led to a fire sale by investors, which exacerbates the decline in stock prices. Thus, Yinyi Co., Ltd. went downhill and it finally filed for bankruptcy in 2019. Moreover, the risk also spreads to other listed companies in the YinYi Group, such as Guangxi Hechi Chemical Co., Ltd. and Ningbo Kangqiang Electronics Co., Ltd. Eventually, 16 companies under the Yinyi Group merged and restructured together in 2020 and renamed the company as “SENSTEED HI-TECH GROUP” in 2023. However, this reform did not improve the company’s losses. Since 2018, SENSTEED HI-TECH GROUP has suffered consecutive losses of up to ¥ 15 billion.
The case of Yinyi Co., Ltd. shows that excessive reliance on share pledge financing carries serious potential risks. Although the strong regulation of share pledge financing has an impact on the stock market in the short term, it is conducive to market stability and healthy development by cleaning up the stock market in the long run. Therefore, it should continue to improve the regulatory rules to promote high-quality development of the stock market in the future.
4 CONCLUSION
With the expansion of the securities market, the share pledge as a business form experienced booming growth in emerging markets. However, the risk of share pledges should also warrant attention. The share pledge relationships are more concentrated in emerging markets. As a result, there are a large number of common share pledges between different share pledgers. Due to this common share pledge network, once the risk breaks out, it will have a cascading effect. The impact will spread to multiple markets such as the stock market, banks, securities, and funds, which in turn will bring great harm to the entire financial market and the real economy. Therefore, this study proposes an identification method for systemically important listed companies by analyzing topological characteristics of a common share pledge network to improve the stability of the financial system and the ability to regulate financial risks. The following conclusions are obtained from the study.
Share pledge relationships in emerging financial markets are characterized by phases. Most share pledges have short cycles, and the common share pledge relationships form multiple localized communities in the short term. The strengthening financial regulation will promote the concentration of share pledges in some large companies, and the common share pledge relationship is characterized by a scale-free distribution. Although it reduces the possibility of risks in the share pledge market, it also enhances the position of companies with high centrality characteristics in the contagion of share pledge risks. This phenomenon implies direction for future financial regulation. The centrality characteristics of the common share pledge network can provide more risk information for identifying systemically important companies, which is helpful in financial risk prevention.
The findings implicate the following policy insights. The regulators should increase regulation for common share pledge issues to identify and address potential risks. The risks of the common share pledge should be diversified through policy guidance. It should optimize the structure of the share pledge market and promote its healthy development. More stable share pledge relationships are helpful to reduce frequent share pledges and share pledge releases in the short term, thereby reducing market volatility. It is important to strengthen the supervision of systemically important companies in the future. Using the common share pledge network to identify systemically important companies helps to prevent companies from triggering systemic risks.
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Introduction: With the development of global industrialization, metal minerals have become a global focal point of great power competition. An in-depth investigation into the evolution of global mineral trade structures, alongside an analysis of the relationships between metal minerals trade, resource endowments, industrialization, regional dynamics, and geopolitical competition, is crucial for nations to formulate effective trade policies and enhance the stability of global mineral trade development.Methods: This study explores the evolution trends of the global metal minerals trade structure from 1990 to 2022 based on complex network and further detect community structure using the Infomap algorithm.Results and discussion: The results show that (1) There is a general upward trend in global metal minerals trade from 1990 to 2022, which can be segmented into phases of slow, rapid, and moderate growth. (2) The two major trading circles formed in the early stage with Japan and Europe as the center have changed, forming a dual pattern with China as the super demand center and Australia as the super supply center. (3) China, Australia, the U.S., Japan, Brazil, and the European Union play key roles in shaping the global trade network, with the structure of the global metal minerals trade network primarily being driven by demand centers. (4) According to the economic trends and the evolving resource demands, the global trade structure will translate from a concentrated bipolar model to a diversified network with multiple trade centers. The conclusion of this research helps specify international policies and maintain supply chain resilience.Keywords: metal minerals, international trade, complex network, map equation framework, community detection
1 INTRODUCTION
Metal minerals are the raw materials for industrial development. With the development of global industrialization and the transfer of industrial centers, the trade structure of mineral resources has also changed. In recent years, black swan events such as the epidemic of the century, Sino-U.S. trade friction, the Russia-Ukraine conflict, and the Palestine-Israel conflict have occurred frequently, disrupting the stability of trade networks and impacting the trade of mineral products [1, 2]. For example, Russia is one of the largest exporters of copper resources, accounting for 4% of the world’s refined copper production. However, due to the ongoing fermentation of the Russia-Ukraine conflict, Russia’s copper exports have declined significantly, resulting in a rise in LME copper prices, and a supply shortage of 87,000 tons in the global refined copper market in 2023. Meanwhile, the import of copper from Russia by EU countries decreased by 79% compared with 2022, to 62,000 tons, and China’s import of copper from Russia increased by 14.8% compared with 2022 to 366,000 tons. As a result, exploring the evolution of the community structure of international metal minerals trade networks is essential for governments to adjust their development strategies. Previous studies on metal minerals trade networks usually focused on a single mineral, which cannot show the whole picture of the trade structure of mineral products. The complex network theory often be applied to carry out the supply chain network structure and risk of minerals such as copper [3, 4], lithium [5], nickel [6, 7], cobalt [8–11]and boron [12]. Additionally, models and methods such as multi-layer complex network construction, infectious disease spread models, and link prediction are widely used to characterize the evolution of global mineral resource supply risks and trade security [13–17]. Complex networks are typically composed of a few highly significant large nodes and numerous smaller nodes with less significance, often exhibiting community clustering phenomena. Community detection is a critical approach for investigating the internal structure and relationships within complex networks [18]. Three main algorithm types are widely employed in community detection for complex networks. The first includes hierarchical clustering-based algorithms, such as the Lawworth and Girvan-Newman algorithms [19, 20], which are suitable for communities with tree network structures. The second type is the greedy algorithm and Louvain algorithm based on maximum modularity-degree calculation [21–23], which are suitable for fast detection of undirected large complex network communities. The third type is an infomap algorithm based on random walks and data compression. The structure of the trading community of a single mineral species is often too simple, and only a few relevant studies have been carried out [24–27], using the second type of algorithm mentioned above, and the effect and explainability of the community division are not ideal. The infomap algorithm is a quality function for optimizing community recognition on directed and weighted networks, uses data compression for community detection, known as map equation [28, 29], which can be used for network visualization and dynamic evolution of community structure, and has developed rapidly in recent years. It is particularly effective for revealing hierarchical and overlapping communities in large-scale, weighted and directed networks [30–32]. This provides a robust framework for understanding the functional organization and resilience of the global metal minerals trade network. Therefore, this paper attempts to apply the infomap algorithm to the community detection research of mineral trade structure.
This paper selects the total trade values of 17 types of metal minerals products (trade code 2,601∼2,617) [33] as the research object. It first constructs a complex network of global trade of metal minerals products and then utilizes the map equation framework to detect and divide the community structure of international mineral trade. In the analysis of network community structure and evolution process, this paper combined the role importance of a single node and the characteristics of inter-regional trade structure analysis, to reveal the evolution process of metal minerals products trade structure.
In order to accurately divide trading communities, we integrate map equations with complex network theory into a new analytical framework. We conducted community surveys over multiple periods to explore the evolution of the global trade structure in metals and minerals. This article has two main contributions. First, unlike the traditional analysis of a single mineral, this paper analyzes all metal minerals with publicly available trade data, and for the first time explores the global trade structure of metal minerals from a holistic perspective. Secondly, this paper constructs a community network model of global metal minerals trade by infomap algorithm, analyzes the process of trade center transfer, and reveals the evolution characteristics of global metal minerals trade.
The remainder of this paper is organized as follows. Section 2 introduces the data source, structural indices of the complex network, and the algorithm for the map equation framework. Section 3 explores the top traders, important regions, important communities, and their evolution over time. Section 4 discusses the findings, and Section 5 offers conclusions.
2 DATA AND METHODS
2.1 Data
All metal minerals trading data including the Harmonized System(HS) code from 2601 to 2617 (Table 1) were obtained from the UN Comtrade database (https://comtradeplus.un.org/), covering the period of 1990, 1995, 2000, 2005, 2010, and 2015-2022. This study has retrieved 72,311 records (Table 2), each of which includes exporters, importers, and trade value (the unit is dollars). These minerals collectively form the basis of our research object, which is to investigate the overall trade structure of metal minerals. Based on the data of 13 years, this study adds the total trade value of each metal minerals as the trade weight in each year, as shown in Equation 1:
[image: Equation for calculating \( w \) as half the sum of \( w_{ij} \) from \( i = 1 \) to \( n \), annotated as equation (1).]
where W represents the total trade value of all metal minerals in each year, [image: The image shows a mathematical notation, specifically a lowercase "w" with subscripts "i, j".] represents the trade values of each metal mineral commodity between countries [image: Please upload the image you'd like me to generate alternate text for.] and [image: Please upload the image for which you want the alternate text, and I will help you generate it.] . [image: Please upload the image or provide a URL, and I'll be happy to help create the alternate text for it.] is the total number of countries. [image: Please upload the image you'd like me to generate alt text for.] is the total number of metal mineral commodities.
TABLE 1 | The HS code and the commodity name.
[image: Table listing commodities with their corresponding Harmonized System (HS) codes. Commodities include iron, manganese, copper, nickel, cobalt, aluminum, lead, zinc, tin, chromium, tungsten, uranium, molybdenum, titanium, and precious metals ores and concentrates, each paired with a specific HS code number.]TABLE 2 | Trading records of each year.
[image: Table displaying records from 1990 to 2022. The data for each year is: 1990: 2,115; 1995: 3,114; 2000: 4,384; 2005: 4,943; 2010: 5,952; 2015: 6,724; 2016: 6,188; 2017: 6,478; 2018: 6,621; 2019: 6,599; 2020: 6,161; 2021: 6,670; 2022: 6,362. Total: 72,311.]Except the trading data, commodity price, GDP, GDP Per Capita, Manufacturing value added, minerals resource reserve, and production data are also used to analyze and interpret the results of the study, and the sources of these data are the World Bank (https://data.worldbank.org/), and United States Geological Survey (https://www.usgs.gov/centers/national-minerals-information-center).
2.2 Methodology
2.2.1 The construction of complex networks
Complex networks are ideal for analyzing trade patterns due to their ability to capture intricate interdependencies, non-linear interactions, and systemic structures in large-scale systems [34, 35]. This approach reveals key players, community dynamics, and resilience, offering insights beyond traditional models [36]. Compared with other methods, its strength lies in handling mutil-dimensional data and providing global perspectives, making it essential for understanding the evolution and efficiency of global trade.
Complex network model G = (V, E) consists of node set (V) and edge set (E). In V = {1, 2, … ,n}, n represents the number of nodes, and in E = {1, 2, … , m}, and m represents the number of edges. The complex network matrix is shown in Equation 2: 
[image: Graph \( G = (V, E) \) represented by an adjacency matrix. The matrix is \( n \times n \) with diagonal elements as zero, and off-diagonal elements are \( w_{i,j} \) indicating weights for edges between nodes \( i \) and \( j \).]
where wij represents the edge weights of nodes i to j.
Therefore, we use the complex network model to construct a total of 13 directed weighted networks for the international trade of metal ores and concentrates from 1995 to 2022, in which the trading country is the node, the trade relationship is the edge, and the sum of all metal ores and concentrates trade volume is the edge weight.
2.2.2 Indices based on topological characteristics
Based on the complex network model of international metal minerals trade patterns, structural indicators are always used to measure the global or local characteristics from different perspectives. In this study, according to the topological features of the nodes and the global network, we selected five indies to measure the change in the community structure. Predicated on the difference in the pattern structure, these indices can reflect the impact of countries in the trade patterns when removing specific countries or regions. Simplified definitions and descriptions are as follows.
2.2.2.1 Degree
The degree represents the total number of edges connected between nodes in a network. In a directed network, the degree is composed of in-degree and out-degree representing the total export and import relations between countries. The calculations are shown in Equations 3–5:
[image: Equation showing the average of the variable \( a_{ij} \) from j equals 1 to N, denoted as \( \mu_i^n \), with equation number (3) on the right.]
[image: Mathematical equation showing \( y_{\text{out}}^i = \sum_{j=1}^{N} a_{ij} \), labeled as equation \( (4) \).]
[image: Mathematical equation \(K = k_{\text{in}}^{\text{m}} + k_{\text{out}}\) is labeled as equation (5).]
where [image: Lowercase letter "a" with subscripts "ji".] represents the edge from node j to node i and [image: The image shows the mathematical notation \( a_{ij} \), representing an element in a matrix where \( i \) and \( j \) are subscripts indicating the row and column, respectively.] represents the edge from node i to node j.
2.2.2.2 Weighted degree
The weighted degree of nodes is the sum of the trade value of all the edges. In a directed network, the weighted degree can be divided into the weighted in-degree and the weighted out-degree, which are shown by Equations 6–8:
[image: An equation for \( y_i^{ens} \) equals the sum from \( j = 1 \) to \( J \) of \( W_{ji} \), labeled as equation number six.]
[image: Equation labeled as (7), displaying y sub i superscript out equals the summation from j equals 1 to capital N of W sub i j.]
[image: Mathematical equation displayed as \( S_{in} = s^{H} + s_{out} \), labeled as equation number eight in parentheses.]
where [image: Mathematical notation showing the variable \(W_{ji}\).] represents the edge weights of node j pointing to node i and [image: I'm sorry, but I need the actual image to generate the alternate text. Please upload the image or provide a URL so I can help you with that.] represents the edge weights of node i pointing to node j.
2.2.2.3 Centrality
The centrality measures the importance and influence of nodes in a network and identifies the major active information channels. It is one of the core indices of network analysis. In this chapter, two types of centrality are considered: closeness centrality and betweenness centrality [37–39].
2.2.2.4 Betweenness centrality
The betweenness centrality measures the importance of a node to the shortest paths through the network, which describes the capability of a node that make connections to other pairs of nodes in a network. It is measured by Equation 9:
[image: The formula displays \( f(\theta) = \frac{\sum_{j, k \in V} s_{jk}(i)}{\zeta_{jk}} \) labeled as equation nine. This represents a summation of values over indices \( j \) and \( k \) in set \( V \), divided by \(\zeta_{jk}\).]
where [image: Mathematical expression showing the Greek letter xi, subscript jk, with a function of i.] is the number of shortest paths that pass through the node [image: Please upload the image or provide a URL, and I'll help generate the alternate text for it.], and [image: Greek letter zeta (ς) followed by subscript letters "jk" in italics, possibly indicating a mathematical notation or variable in a formula.] represents the total number of the shortest paths between any pair of nodes in the network.
2.2.2.5 Closeness centrality
The closeness centrality is the inverse of the average shortest distances from a node to all other nodes in a network. It measures how fast a node will take to spread information from the node to every other node that describe the influence of the node. It is defined as Equation 10:
[image: The image shows a mathematical equation: l(i) equals the fraction of (N minus 1) over the sum of ρ(i, j) for j in set clust set. The equation is labeled as equation number ten.]
Where [image: Greek letter rho, ρ, followed by parentheses containing the variables i and j, representing a function or density related to those variables.] represents the shortest path distance of node [image: Please upload the image you would like me to analyze, and I will generate the alternate text for you.] and node [image: Please upload the image or provide a URL, and I can help generate the alt text for it.] in the network.
In brief, weighted degree, weighted in-degree, and weighted out-degree are used to describe countries’ total trade value, import, and export. The closeness centrality and betweenness centrality are selected to estimate the influence and importance of the network.
2.2.3 Communities detection with the map equation framework
The map equation framework is an information-theoretic method that identifies communities by optimizing the random walker’s movement across the network to minimize its description length [29]. It is particularly effective for revealing hierarchical and overlapping communities in large-scale, weighted and directed networks [30–32]. This provides a robust framework for understanding the functional organization and resilience of the global metal minerals trade network. For a given network partition, denoted as [image: Please upload the image or provide a URL so I can help generate the alternate text for it.], the map equation specifies the theoretical limit [image: I'm sorry, I cannot see the image you're referring to. Please upload the image or provide a link, and I can help generate the alternate text for it.] of how concisely we can describe the trajectory of this random walk.
To capitalize on the regional structure of the network, one index codebook and m module codebooks are utilized, with each module in the network having its codebook, to articulate the movements of the random walker. The module codebooks contain codewords for nodes within each module, including exit codes to depart the module, derived from the node visit/exit frequencies of the random walker. The index codebook comprises codewords for the modules, derived from the module switch rates of the random walker. Thus, the average length of the code describing a step of the random walker is the average length of the codeword from the index and module codebooks, weighted by their rates of use, as shown in Equation 11:
[image: The image shows a mathematical equation: \( L(M) = q_a H(Q) + \sum_{i=1}^{m} p_{i0} H(P^i) \). The equation is labeled as equation (11).]
The two-level average description length for a single step of the random walker within a network comprising [image: Please upload the image or provide a URL to enable me to generate the alternate text.] nodes, segmented into map [image: It seems there was an issue with the image upload. Please try uploading the image again, and I will help you generate the alternate text for it.] with [image: It seems there's no image uploaded. Please try uploading the image again, and I'll help you with the alt text.] distinct modules, is composed of two components. The first term is the average description length of the index codebook, as shown in Equations 12, 13. The second term is the average description length of the module codebooks, as shown in Equations 14, 15.
[image: Mathematical equation showing the sum from \(i = 1\) to \(m\) of \(a_{i, n}\), denoted as \(\hat{a}_n = \sum_{i=1}^{m} a_{i, n}\), labeled with equation number \(12\).]
The [image: It seems like there was an issue with the image upload. Please try uploading the image again so I can help you generate the alternate text.] describes the rate at which the index codebook is used. The per-step utilization rate of the index codebook is thus calculated as the sum of the probabilities with which the random walker accesses each module.
[image: The equation shows the relative entropy or Kullback-Leibler divergence: \( H(Q) = - \sum_{i=1}^{m} \frac{q_{i_\wedge}}{q_{\wedge_0}} \log \frac{q_{i_\wedge}}{q_{\wedge_0}} \), labeled as equation (13).]
The [image: Mathematical expression showing "H" of "Q" inside parentheses.] describes the frequency-weighted average length of codewords in the index codebook. The entropy of the usage rates for the module codebooks quantifies the minimal average codeword length that can be theoretically achieved.
[image: Summation equation showing that the sum from i equals one to n of P sub i zero is equal to the sum from j equals one to m of the sum of P sub k j plus a sub j, equation number fourteen.]
The [image: Mathematical expression of the summation from i equals 1 to m of p sub i.] describes the rate at which the module codebooks are used. The per-step utilization rate of the module codebooks is dictated by the cumulative usage rate of the [image: Please upload the image or provide a URL so I can help generate the alternate text.] module codebooks. For module [image: Please upload the image you would like me to generate alt text for.], this rate reflects the time spent by the random walker in the module, which is the sum of the probabilities of visiting any node in the module and using the exit message when leaving.
[image: Mathematical expression for \( H(P^i) \) is given as: \(-\frac{q_a}{q_a + \sum_{j \neq a} p_j \beta_j} \log \frac{q_a}{q_a + \sum_{j \neq a} p_j \beta_j} - \sum_{a \neq i} \frac{p_a}{q_a + \sum_{j \neq a} p_j \beta_j} \log \sum_{j \neq a} p_j \beta_j\). Equation number fifteen.]
The [image: The image shows the mathematical expression \( H(p^i) \).] describes the frequency-weighted average length of codewords in module codebook [image: It seems there might have been an error in uploading the image. Please try uploading it again or provide a URL. If you have a caption or context for the image, you can include that as well.]. The entropy of the exit and visit rates of the random walker for module i represents the theoretical minimum of the average codeword length.
3 RESULTS
3.1 Overview of global metal minerals trade
3.1.1 3 stages of global metal mineral trade
To investigate the evolutionary process of the global metal minerals trade structure, this study analyzes historical trade data from 1990 to 2022 in terms of trade volume, trade value, unit trade price, and the metal price index (Figure 1). According to the growth rate of value, and combined with the reality of global economy and mining development, this study divides the global metal minerals trade into three stages: (A) the slow development stage (1990–2000), (B) the rapid growth stage (2000–2010), and (C) the deceleration stage (2010–2022).
[image: Two line graphs compare trends from 1965 to 2005. The left graph shows house prices rising from 1985 onwards, peaking in 2005. The right graph compares real estate prices and the Dow Jones index, showing a similar upward trend from the early 1990s to 2005, with real estate peaking similar to the Dow Jones in 2005.]FIGURE 1 | The trade value and metals price index, 1990–2022.
During Stage A (1990–2000), trade links doubled to 1949 in 2000, but trade value grew slowly, with new links contributing low value. Unit trade value declined slightly, while metal prices remained stable, indicating gradual trade volume expansion.
In Stage B (2000–2010), trade link growth slowed, but trade value surged nearly sevenfold to $232 billion, driven by rising unit trade values and metal prices, reflecting significant growth in both trade volume and value.
During Stage C (2010–2022), trade links stabilized (2,600–2,800), while trade value, unit value, and metal prices grew steadily. In 2021, the global economy rebounded post-pandemic, leading to a rise in metal prices and a new peak in trade value. By 2022, trade links declined and stabilized as industrial production normalized.
Overall, global trade in metals and minerals shows an upward trend in trade links, value, unit price, and the metal price index. Especially, the evolution process of trade value and unit price is similar.
3.1.2 Dominance countries evolution
Figure 2 illustrates the evolution of the global metal minerals trade network from 1990 to 2022, highlighting the weighted import and export of countries. It shows that a small percentage, about 10%–20%, of countries are responsible for 90% of the cumulative weighted indegree, while 11%–16% account for 90% of the cumulative weighted outdegree. This indicates that a minority of nations dominate global trade in metal minerals.
[image: Four graphs showing financial data over time. Top two graphs display the cumulative distribution of countries by GDP for years from 1995 to 2020. The x-axis represents the percentage of countries, and the y-axis shows the cumulative percentage of GDP. The bottom two graphs depict inequality of opportunity over years 1990 to 2022, with separate lines for different categories labeled Large and Small. The x-axis represents years, and the y-axis displays inequality percentage. Each graph has a legend indicating data for specific years or categories.]FIGURE 2 | The cumulative distributions of the weighted in-degree and weighted out-degree, (A) cumulative percentage of weight in-degree, by years; (B) cumulative percentage of weight out-degree, by years; (C) cumulative percentage of weight in-degree, by top countries; (D) cumulative percentage of weight out-degree, by top countries.
This paper examines the shifting dominance in global metal minerals trade, focusing on the top importers by the proportion of trade value annually (Figures 2C, D). From 1990 to 2000, Japan led trade until 2000, when its demand stabilized post-industrialization. Then China emerged as the top 1 importer, with its import growth mirroring its industrialization phase—rapid at first, then slowing as industrialization neared completion. Since 2010, the top 10 importers have consistently accounted for around 85% of global imports, indicating a high concentration of trade, with the proportion of top importer was near 90% by 2022. This suggests that a small number of countries dominate metal minerals imports.
Compared with the change of the number of top countries, the cumulative weighted export ratio is stable, mainly caused by the change of the top 5 major exporting countries, among which Australia, Brazil and Chile are stable major exporting countries. Analyzed the evolution of the cumulative weighted outdegree ratio among the top 30 countries since 1990, there is a gradual decline, indicating an increasing participation of countries in the export trade of metal minerals. Nonetheless, the preponderance of exports remains concentrated within the top 10 exporting nations.
3.1.3 Dominance commodities evolution
The global metal minerals trade from 1990 to 2022 was primarily driven by iron and copper, constituting over 65% of total trade (Figure 3). Iron ore (2,601) trade increased until 2010, peaking at 58% with a surge in iron prices, then declined to around 50%. Copper ore (2,603) trade remained steady at approximately 20%. Zinc ore (2,608) trade declined to a stable 5% post-2015, while molybdenum ore (2,613) experienced significant fluctuations, peaking at 6% in 1995 and 8% in 2000, before settling near 2%. Trade in precious metals (2,616) saw overall growth with substantial increases in 2000 and 2020. The trade share of other metal products remained largely consistent with minimal changes.
[image: Two stacked bar charts show pesticide presence as a percentage from 1998 to 2012. Chart A displays increasing pesticide percent, while Chart B has a more varied distribution. Different colors represent various pesticide concentrations.]FIGURE 3 | Commodity annual percentage, (A) included 2,601 and 2,603, (B) without 2,601 and 2,603.
3.2 Region analysis results
In this study, the global metal minerals trade was categorized into 13 key regions, including North America (NA), South America (SA), Europe (EU), The Commonwealth of Independent States (CIS), the Middle East (MEA), Africa (AF), Oceania (OC), Southeast Asia (SAS), China (CHN), Japan (JPN), Korea (KOR), and India (IND). Among them, North America, South America, Africa, Oceania, and Southeast Asia were the primary exporters, comprising 88% of total exports in 2022. Meanwhile, Europe, China, Japan, South Korea, and India were the major importers, making up 92% of total imports in 2022. Figure 4 shows the evolution of trade flows, with the left axis indicating trade origins, the right axis showing destinations, line widths signifying trade volumes, and colors denoting distinct regions.
[image: Six Sankey diagrams illustrate the evolution of programming language popularity from 1965 to 2022. Each diagram shows the flow and distribution of various languages, represented by colored bands, over time. Labels detail the rank and time, highlighting changes in language dominance across the decades.]FIGURE 4 | The evolution of metal minerals trade flows, by regions. (A–F) are the gobal metal minerals trade flows in 1995, 2000, 2005, 2010, 2015, 2022. The regions/countries in the left represent the exporter, and the regions/countries in the right represent the importer.
North America has historically been a key player in global metal minerals trade, with robust export capabilities, though its influence has waned in recent years. Between 1990 and 2000, Europe and Japan accounted for ∼60% of its exports, but post-2000, exports shifted toward China and South Korea. By 2015, China became the second-largest destination (∼28%), while South Korea’s share rose to ∼10%, matching Japan’s. Internal trade remains significant, comprising ∼20% of exports and ∼40% of imports, with the latter increasing since 2000, reflecting growing regional self-sufficiency.
South America, the largest global exporter, maintained ∼30% of global trade volume from 1990 to 2015. However, outdated policies and inefficiencies in major exporters like Chile and Brazil slowed production growth, leading to its overtaking by Oceania in 2019. Initially, Europe and Japan dominated as export destinations, but China’s industrialization shifted trade patterns, with its share rising from 9% (2000) to 65% (2022), marking a transition from multi-regional to concentrated trade.
Oceania, the second-largest exporter, saw its global export share rise from 22% (1995) to 30% (2015), surpassing South America in 2019. Initially, Japan and Europe were primary destinations (∼60% combined), but China’s demand surged post-2000, reaching 80% of Oceania’s exports by 2022. The Oceania-China trade flow became the largest globally, accounting for 24% of total trade in 2022, driven by the 2010 free trade agreement with Australia.
Africa emerged as a key supplier, with exports rising rapidly post-2000. Europe was the primary destination initially, but China’s share grew significantly, reaching 65% by 2022, while Europe’s stabilized at ∼20%. Exploration in Northwest and South Africa fueled this growth, solidifying China’s dominance.
Southeast Asia has been a stable exporter, contributing ∼7% of global exports (1990–2005), declining slightly to ∼5% (2005–2022). Japan and Europe were initially dominant (∼70% combined in 2005), but China’s share rose sharply, stabilizing at ∼55% post-2015, while Japan and Europe’s shares fell to 15% and 5%, respectively.
Europe, a major importer, saw its global import share drop from 38% (1995–2000) to 11% (2022). South America, North America, and Africa are key sources, with intra-European trade rising to 26% of imports by 2022. Europe reduced reliance on South America (44%–25%) while increasing imports from North America and Africa.
China became the largest importer, with its global import share surging from 1990. By 2022, it accounted for 64% of global imports ($224.3 billion), driven by industrialization and iron ore demand. Oceania (39%), South America (30%), and Africa (10%) are primary sources, with Oceania’s share growing significantly post-2010 due to Australia’s iron ore exports.
Japan’s import scale declined annually, falling to 9% of global imports by 2022 (from 40% in 1990). South America, Oceania, and North America are key sources, with imports from Southeast Asia dropping to 8% by 2022. Free trade agreements with South America, Oceania, and North America between 2010 and 2015 reshaped its import structure.
South Korea maintains steady imports (∼6% of global total), with Oceania and North America becoming dominant sources (∼56% combined by 2022) due to its participation in the Trans-Pacific Strategic Economic Partnership Agreement with Australia and the U.S. from 2010 to 2015.
India transitioned from a supplier to a major consumer. Exports peaked at 3.5% of global trade in 2010 but declined due to export tariffs and mining restrictions post-2009, particularly on iron ore. Imports rose during rapid economic growth (2000–2010), stabilizing at ∼2% of global imports by 2022. A production resurgence from 2014 helped recover mineral output and exports.
In summary, the global trade of metal minerals is centered around two main trade hubs: Europe, with North America and Africa as suppliers, and the Asia-Pacific, with China, Japan, and South Korea as demand centers and Oceania and Southeast Asia as suppliers. South America serves as a key mineral supplier to both trade circles. From 1990 to 2000, the trade was balanced between the Europe-America and Asia-Pacific circles, with Japan as a central player, leading to a diversified trade pattern. By 2000–2010, Japan’s trade diminished, shifting the Asia-Pacific hub to China, sparking competition with the Europe-America trade circle. From 2010 to 2022, China’s trade continued to grow, while Europe and Japan’s trade stabilized, leading to a decrease in their proportion of the total trade volume. By 2022, China accounted for over 60% of the trade, centralizing the trade circle around it. Overall, the trade pattern evolved from a diversified to a centralized system, increasing the instability of the global trade system. Additionally, India’s trade role shifted from supplier to demander due to increased domestic demand for iron ore during its industrialization phase, reducing exports to meet internal needs.
3.3 Communities detection results
In order to further investigate the evolution of trading communities in the global metal minerals trade, this paper constructs a complex network model and employs the map equation framework for community detection and monitoring. The trade flow data representing 80%, 90%, 95%, and 99% of the accumulated trade weight were extracted annually and categorized accordingly. Utilizing the Infomap code base, the data were processed in Python to test community division by year. The analysis revealed that selecting trade data with a 95% cumulative trade weight yielded the most stable and realistic community division. Thus, the paper focuses on countries within this 95% threshold for community analysis.
This study utilized Gephi to visualize the global metal minerals trade network, and the node size indicating a country’s weighted degree and line thickness signifying trade value. Due to the large difference between the international situation in 1990 and today, the participating countries in the global metal minerals trade were incomplete. This study focused on the years 1995, 2000, 2005, 2010, 2015, and 2022 as key observation points, with detailed classifications displayed in Figure 5. Communities are divided as follows:
	(1) In the early stage, the communities with Japan as the center and India, Malaysia, and other Southeast Asian countries as the main members are marked with orange;
	(2) Those with China as the center and South Korea, Indonesia, Thailand, and other Asian countries as the main members in the later period are marked in yellow;
	(3) Those with Australia as the center and Brazil, Chile, the United States, Canada and other countries in the Americas as the main members are marked in green;
	(4) Communities centered in Germany with major members from Europe and some North African countries, such as Spain, Italy, the United Kingdom and Egypt, are marked in blue;
	(5) The community with Russia as the center and Ukraine, Poland, Uzbekistan, Kazakhstan and other CIS countries as the main members, marked with cyan;
	(6) Communities with Southern African members centered on South Africa, identified in pink;
	(7) A transitory Brazil-centered trading community, marked in purple;
	(8) And a trading community that appears briefly and centers on Chile, marked in red.

[image: Six network diagrams depict international trade relationships over time, from panels (a) 1995 to (f) 2022. Each diagram shows nodes representing countries, with node size indicating trade volume. Lines between nodes illustrate trade connections. Notable is the increasing dominance of China (CHN) over the years, as indicated by the growing size of its node and its central position from 2005 onwards. The diagrams are color-coded to show different continental regions, highlighting global trade shifts.]FIGURE 5 | The evolution of gobal metal minerals trade community. (A–F) show the community division in 1900, 2000, 2005, 2010, 2015,2022. The different colors represent different communities, and the specific division is shown in the Section 3.3.
Between 1990 and 2000, Japan served as the largest global trade hub for metals and minerals. However, its prominence declined after 2005, as it became one of the top five centers within the Australia-Americas community. China, initially part of the Australia-Americas community, experienced rapid growth following its post-2000 economic reforms, emerging as the world’s largest metal minerals trader by 2005 and forming a new trade community centered on itself. From 2005 to 2022, this China-led community expanded significantly, becoming the largest trade group. The Australia-Americas community, characterized by abundant mineral resources, has consistently played a pivotal role in global trade, maintaining a relatively stable scale and membership. Countries such as Brazil and Chile temporarily formed a separate community in 2000 but rejoined the Australia-Americas community after 2005. The European community, primarily comprising EU member states and select North African countries, has remained relatively stable. However, between 2010 and 2015, some members temporarily transitioned to other communities before rejoining the German-led European community. The Russian community exhibited gradual growth until 2015 but experienced a contraction in 2022, as some members, including Ukraine, moved to the German European community. The South African community, while smaller in scale, has demonstrated remarkable stability, with its membership remaining largely unchanged over an extended period.
Globally, from 1990 to 2000, multiple trade centers coexisted, creating a competitive trade network pattern. From 2000 to 2010, China’s economic boom and Japan’s stable demand post-industrialization led to a shift in the trade network, with China and Australia emerging as the main trade centers. From 2010 to 2022, China became a super-demand center in the global metal minerals trade, with Australia as the main supply center, leading to a concentration of trade and a shift from a multi-centered to a dual-centered pattern dominated by China and Australia.
To further study the key factors of the evolution of the global metal minerals trade structure, this study analyzed the overall situation of the global metal minerals trade, the sub-regional evolution of the global metal minerals trade, and the evolution of the complex network community of the global metal minerals trade, and further collected the characteristic index data of each country in the complex network. And analyzed the leading countries in the numerical rankings.
The weighted in-degree percentage is a key measure of a country’s share in global metal and mineral trade imports (Figure 6A), indicating the trade network’s import center. Japan’s indegree percentage declined significantly from 1990 to 2000, then slowed until 2010, leveling off around 10% of global imports from 2010 to 2022. In contrast, China’s in-degree percentage showed gradual growth from 1990 to 2000, a sharp increase between 2000 and 2010, and a slower rise post-2010, eventually stabilizing at a higher share of global imports. Germany’s in-degree percentage also decreased, with a marked drop by 2000, followed by stabilization at around 8%. Meanwhile, countries such as the United States, South Korea, Spain, and Canada maintained relatively stable in-degree percentages throughout 1990–2022. Over this period, the trade network’s import hub shifted from Japan to China.
[image: Two line charts show trends over time from 1980 to 2020. The first chart (a) depicts the percentage of bachelor's degrees in various fields. Notably, 'OTH' increases sharply, while 'MET' declines. The second chart (b) displays degree changes in specific fields, with 'ECE' showing a significant rise, and 'CSE' having a steady trend. Both charts include multiple colored lines representing different fields.]FIGURE 6 | Percentage of weighted in-degree and weighted out-degree of major countries, 1990 to 2022. (A) Percentage of weighted in-degree of major countries; (B) Percentage of weighted out-degree of major countries. Where JPN-Japan, DEU- Germany, KOR- Korea, USA- United States, ESP- Spain, CAN- Canada, CHN-China, AUS- Australia, BRA- Brazil, CHL- Chile, IND- India, PER- Peru, ZAF- Zambia.
The weighted out-degree percentage is a crucial measure of a country’s contribution to global metal and mineral trade exports (Figure 6B). Historically, Australia has been the top exporter with a stable outdegree percentage of around 20% from 1990 to 2005, followed by rapid growth to 2015, and stabilization thereafter. Australia has consistently been the trade’s export hub from 1990 to 2022. Brazil, the second-largest exporter, maintained a roughly 15% share, with a spike in 2010 due to Chile’s decreased exports. Chile’s outdegree rose until 2005, then stabilized at 8%. Canada experienced a decline in 2005, followed by stabilization. The U.S. showed a steady decline, while South Africa trended gently upward, both achieving stability. Overall, Australia remains the central exporter, with other countries maintaining a steady proportionate structure in the global trade network.
Betweenness centrality evaluates a nation’s ability to influence trade network dynamics (Figure 7A). In 1990, Germany exhibited the highest betweenness centrality, reflecting significant network influence, although this influence fluctuated and diminished between 1995 and 2022. The United States maintained a high centrality index from 1995 to 2005, demonstrating stable control over global trade, but experienced a gradual decline after 2005 while retaining considerable international influence. China showed a sharp increase in betweenness centrality from 1990 to 2010, signaling its growing prominence in the global metal and mineral trade. It has remained the top-ranked country from 2010 to 2022, despite a slight decrease in its centrality value. Canada exhibited an upward trend until 2000, followed by a gradual decline, eventually stabilizing at a moderate level of influence. India’s centrality increased until 2010 before declining, while South Africa showed a slow but steady decline, maintaining a mid-tier position. Spain, by contrast, displayed consistent stability throughout the period.
[image: Two line charts depict data from 1990 to 2025. Chart (a) shows group size with lines for MC, RS, WS, AD, and LD. Chart (b) illustrates group centrality with lines for the same groups. Both charts have key markers and legends distinguishing each data line.]FIGURE 7 | Betweenness centrality and closeness centrality of major countries, 1990 to 2022. (A) Betweenness centrality of major countries; (B) Closeness centrality of major countries. Where USA- United States, DEU- Germany, GBR- United Kingdom, CHN-China, ZAF- Zambia, CAN- Canada, IND- India, ESP- Spain, NLD- Netherlands , AUS- Australia, BRA- Brazil.
Closeness centrality indicates a node’s proximity to others, reflecting a country’s capacity to exert counter-influence within a network (Figure 7B). Germany’s closeness centrality declined from 1990 to 2010 but rebounded by 2022, indicating a recovery in counter-control ability. The US maintained a high and stable closeness centrality from 1995 to 2022, demonstrating strong counter-control and trade security, with extensive global trade ties and high trade freedom. China’s centrality was initially low but rose to the top after 2010, showing improved trade security and a continued upward trend to 2022. South Africa, with rich mineral resources and self-sufficiency, has a consistently high and stable closeness index, reflecting its stable counter-control ability. Australia, similarly resource-rich, has a lower overall closeness index. India’s index rose steadily, enhancing its counter-influence in global metal minerals trade, though still lagging behind top countries. Brazil’s closeness index followed a pattern of decline and recovery, with a gradual strengthening of counter-control after hitting a low in 2005.
According to the analysis of the value change of each node characteristic index, the study finds that Japan, China, Australia, Brazil, the United States, and some European countries play an important role in the structure evolution of the global metal minerals trade network. Japan, despite a declining import share from 1990 to 2022 and weak control in the trade network due to limited domestic resources, remains a key player. China, as the current trade network’s hub and import center, has closely intertwined development with the overall metal minerals trade from 1990 to 2022, enhancing its counter-control to safeguard trade security. Australia, the second-largest trading entity and export center, maintains a stable trade relationship with China and ensures its trade security through stable counter-control. Brazil, with a consistent export share and rich metal resources, is a major exporter and counter-control player. The United States, while not the center of imports or exports, exerts significant control and offers stability as a crucial trade network connector between countries.
4 DISCUSSION
4.1 Metal minerals and industrial development
Metal minerals are crucial for societal industrial development, with demand often rising alongside industrialization. The range of metal minerals needed for comprehensive industrial development is vast, and their distribution is typically uneven, meaning few nations can rely solely on domestic production. This creates a significant link between the scale of metal minerals trade and industrial development. Figure 8 shows that since 2000, the manufacturing industry’s value-added has declined in the U.S., Europe, and Japan, China’s rapid growth has correspondingly increased its import position in the global metal minerals trade.
[image: Line graph showing the percentage of world manufacturing value added by country from 1995 to 2010. The USA, depicted in blue, decreases slightly. China, in green, shows a significant increase, surpassing the USA around 2007. Other countries like Japan, Germany, and South Korea have relatively stable trends, depicted in various colors.]FIGURE 8 | Percentage of industrial added value of major countries and regions, 2000–2022.
At present, the gap between the trade weight of other centrosomes and super centrosomes is wide, except for China and Australia, other countries’ trade changes are not obvious, but China 2021 proposed the “14th Five-Year Plan” [40], the domestic launch of the new steel policy, steel production has declined, iron ore demand growth will be limited. India has had the world’s highest GDP growth rate in recent years, the future steel demand will further increase, while domestic iron ore exports will also reduce, further to the demand-side role transformation. At the same time, investment in African mineral exploration projects is still advancing, and the production capacity of metal minerals in Africa will be further improved in the future [41]. In the future, the global metal minerals trade structure may change again, from the structure of China as the supercenter to the multi-center development of the trade structure, while Africa and India will become the new supply and demand centers, the global metal minerals trade structure from a highly concentrated state will once again turn to a diversified trade pattern.
4.2 Policy implications and resource security
Mineral resource trade is a crucial component of the metal minerals supply chain, and over-reliance on concentrated import sources can jeopardize a nation’s resource security. As the trade network becomes more intricate, nations have implemented policies to diversify trade and safeguard domestic resources. For instance, the U.S. formed the Mineral Security Partnership [42] with allies on June 14, 2022, aiming to curtail reliance on foreign adversaries for critical minerals and ensure national and economic security [43]. Concurrently, the European Union introduced the Critical Raw Materials Act on September 14, 2022, mandating that by 2030, reliance on a single third country for any strategic material should not surpass 65% of the EU’s annual consumption at any stage of processing [44]. These policies indicate a future trend where global metal minerals trade, under the influence of trade diversification, will evolve towards alliance-based structures, with developed nations and their allies forming closer trade communities, fostering a competitive environment with supercenters.
Indonesia, Chile, Peru, the Democratic Republic of Congo, Australia, and Canada, as major suppliers of metal minerals, have implemented policies to curb the direct export of raw minerals and bolster their economies. Indonesia’s 2014 ban on raw mineral exports, including nickel ore and bauxite, mandates local smelting or refining, attracting foreign investment in downstream industries and increasing export value [45]. Chile, Peru, and the DRC have raised export taxes on minerals like copper, lithium, and cobalt, and enforced national participation in mining to boost economic revenue [46, 47]. Australia and Canada promote domestic mining through key mineral lists, aiming to enhance economic growth, competitiveness, and employment [48, 49]. While China remains a significant export destination for Australian minerals, potential policy shifts influenced by the U.S. and its allies could encourage Australia to explore new markets in emerging economies like India and Southeast Asia, driving global trade structure evolution in metal minerals.
At the same time, the global energy transition is driving changes in the consumption structure of metal minerals. In the future, the energy consumption pattern dominated by clean energy such as wind power, photovoltaic, and hydrogen energy will greatly increase the demand for new energy metals such as copper, aluminum, nickel, cobalt, and lithium while the proportion of demand for iron will be reduced [50]. Moreover, the new energy sector also requires a more diverse range of metal minerals, particularly scarce minor metals such as gallium, germanium, indium, tellurium, and antimony, which will see a significant rise in demand, leading to a more diversified trade in metal minerals varieties globally [51].
4.3 Impact of geopolitical events on metal minerals trade
Geopolitical events have had profound impacts on the global trade structure of metal minerals. Trade frictions and conflicts have led to short-term disruptions and long-term shifts in trade patterns. In the short term, geopolitical events can cause significant disruptions in supply chains, leading to supply shortages and price increases. In the long term, these events drive structural changes in trade networks. For example, The ongoing Russia-Ukraine conflict has hit the European key mineral supply chain. As a major global producer of key minerals such as nickel and palladium, the instability of Russia’s supply has prompted European companies to accelerate the search for alternative resources [52]. Such as Finland has reached cooperation with Canada and increased investment in the development of nickel ore resources in Canada to make up for the potential gap caused by changes in Russia’s supply. In the Middle East, the tense geopolitical situation have put the transportation of minerals passing through the region at potential risk. The conflicts have triggered concerns about supply disruptions. In response to this situation, many major Asian electronics - producing countries, such as Japan and South Korea, have strengthened cooperation with Australia and Brazil to ensure the stable import of key minerals such as rare earths, gallium, and germanium [53].
5 CONCLUSION
Combining resource endowment, national policy, industrialization process, energy transition, and other influencing factors, this study analyzes the evolution process and evolution characteristics of the global metal minerals trade structure from 1990 to 2022 by region, community, and country. The main conclusions of this paper are as follows:
	(1) From 1990 to 2022, the global trade in metals and minerals shows an overall growth trend, which can be divided into three stages: A. Slow development period (1990–2000), B. Rapid growth period (2000–2010), C. Slow growth period (2010∼2022). With the development of international trade, an increasing number of countries have engaged in trade activities, while the concentration of metal minerals imports has gradually shifted toward the top 10 importing countries. A small number of nations dominate the majority of global metal minerals trade. Currently, iron and copper account for over 65% of the total trade volume, making them the most significant traded metal products. However, with the rise of the new energy sector, the demand for new energy metals is expected to rise, while the demand for traditional industry metals will diminish, leading to a more diversified trade in metal minerals.
	(2) Great changes have taken place in the structure of global metal minerals trade from 1990 to 2022. In the first stage, competition primarily occurred between the Japan-centered trade circle and the Europe-centered trade circle. As Japan entered the later stages of industrialization, its demand for metal minerals stabilized. In the second stage, the structure gradually shifted to competition between the Europe-centered trade circle and the China-centered trade circle. In the third stage, after 2015, China’s demand for metal minerals continued to grow, and the global trade structure of metal minerals gradually evolved into a dual trade structure with China as the super demand center and Australia as the super supply center. On the whole, it shows an evolution from decentralization to centralization.
	(3) Through the analysis of the numerical changes of each node characteristic index, the research finds that Japan, China, Australia, Brazil, the United States, and some European countries play an important role in the evolution of the structure of the global metal minerals trade network. Among countries with high import weight in metal minerals trade, those with higher betweenness centrality tend to have greater influence compared to nations with lower import weight. This indicates that the structure of the global metal minerals trade network is primarily shaped by demand centers. Conversely, countries with abundant domestic metal minerals resources exhibit relatively higher closeness centrality, suggesting that international metal trade has a comparatively smaller impact on their resource supply.
	(4) The global metal minerals trade structure is poised for a shift towards a diversified network with multiple trade centers. This evolution is partly due to China’s peak demand for iron ore and its commitment to carbon neutrality, which will likely reduce foreign iron ore demand and increase the use of recycled steel. Meanwhile, the demand for copper, crucial for the new energy sector, will rise, enhancing trade with copper-rich nations like Chile and Peru. Additionally, emerging economies such as India and Southeast Asia are expected to grow their industrialization, potentially becoming new demand hubs. Developed countries like the U.S. and Europe are also forging diversified supply chains, fostering a multipolar trade landscape.

It should be noted that this study has examined metal minerals trade data only within HS codes 2,601 to 2,617 from UN Comtrade, yet it acknowledges limitations as spodumene and lithium carbonate trade data with 8-bit codes which do not open publish date, and the intermediate products of cobalt metallurgy by wet process (HS code: 8105201000) which dominated the cobalt trade is not included. The research could be enhanced by incorporating these elements. Additionally, the study applies a disjoint community rule in network analysis, which may overlook the multi-community influence of key nodes, such as bridge countries, that are instead absorbed into larger communities by more dominant nodes.
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Introduction: The scale of default on credit bonds in China has been expanding. Credit bond defaults not only increase the financing costs of enterprises but also affect the efficiency of debt issuance and even lead to the spread of risks in the financial market. Accurately identifying bond default risks, clarifying the characteristics of bond defaults, and understanding the default risk mechanism are of crucial importance.Methods: This paper takes corporate credit bonds as the research object and analyzes bond defaults from both macro and micro perspectives. From a macro perspective, it confirms the logical transmission between macro factors and bond defaults through causal relationships and grasps the overall characteristics of bond defaults by combining association rule mining and descriptive statistical research methods. Bonds are divided into a risk-free bond group and a risky bond group, and association rules are mined in four dimensions: the bond issuance region of the enterprise, whether the issuer is listed, the attributes of the issuing enterprise, and whether the enterprise bond is guaranteed. Based on these rules, a cross-analysis of bond risk factors is conducted. From a micro perspective, taking each bond as the research object, a bond default identification system is established, and default predictions are made based on the ensemble learning algorithm. The important characteristics of default bonds are analyzed from the perspective of whether the issuer is a state-owned enterprise, and further cause difference analysis is conducted.Results: The results show that M1 and M2 have an impact on bond defaults, and the ensemble machine learning algorithm can accurately predict bond default risks and obtain key factors for bond risk identification. It is reasonable to choose macro indicators to predict bond defaults.Discussion: Based on the experimental conclusions, this paper discusses and analyzes the bond risk evolution process and the reasons for risk concentration in certain industries, which is helpful for a comprehensive understanding of bond default risks. Our research can provide tool references and guidance for risk management in the actual bond market.Keywords: Chinese bond market, bond credit default prediction, macro factors and default causality, combinatorial machine learning, granger causality test, association rule mining
1 INTRODUCTION
The bond market is an important component of the capital market. The effective operation of the bond market not only provides financing convenience for market participants but also promptly reflects the operational status of the real economy.
Chinese corporate bond issuance, which began in 1984, started late but has grown rapidly to become the world’s second largest bond market. Investors know little about the bond market compared to other forms of financing. The bond market is very sound and low risk for most investors. For a long time, Chinese credit bonds have been regarded as risk-free investment tools by investors, but with the improvement of the marketization degree of Chinese bonds, bond defaults began to appear, and the first case of corporate bond defaults occurred in 2014. Chinese corporate bonds have had a 10-year default history since November 2014, when the first case of “Chaori bonds” actually defaulted. At present, defaults are gradually becoming normal, credit risks are spreading across industries, and market players have stopped unreasonable “risk-free” expectations for Chinese corporate bonds.
By the end of 2023, the total value of outstanding bonds in China’s bond market had grown to 155.75 trillion yuan. Starting from 2018, the market witnessed a significant rise in bond defaults. The year 2019 marked the highest number of defaults, with 207 bonds failing to meet their obligations, totaling 166.187 billion yuan. Although the number of defaults dropped slightly in 2020, the total value of defaulted bonds hit its peak at 188.462 billion yuan that year. Following this period, while the overall scale of defaults has shown some reduction, even high-credit-rated companies and centrally-administered state-owned enterprises—typically considered lower-risk entities—have also faced default incidents. This development is likely to have a more profound impact on the credit bond market environment. Bond default will lead to capital loss, market risk intensification, credit risk spread, deterioration of credit environment, reduce investors’ investment participation in the bond market, and even lead to systemic financial risk. Therefore, it is very important to analyze and forecast the credit risk factors of bonds. China’s corporate bond defaults deserve attention.
As for the prediction methods of bond default, the earliest statistical and quantitative methods are Z-score model [1] and KMV model [2], etc. The statistical and quantitative methods of bond default are developed on the improvement of these models. In recent years, with the development of big data, machine learning algorithms have been applied in the field of credit prediction. Bao et al. [3] found that compared with the majority of existing studies that mainly aim to explain sample fraud and emphasize causal reasoning, the predictive model constructed by ensemble learning can predict accounting fraud more accurately. In the establishment of the bond default system, the current research generally selects the macro environment of the enterprise directly as the predictive index of the machine learning algorithm, while ignoring the causal relationship between the selection of macro indicators and bond default. Therefore, this study integrates causal inference with machine learning techniques to systematically analyze the causal relationships between macroeconomic indicators and bond defaults. It employs machine learning algorithms for predicting bond default risks and validates the effectiveness of the selected macroeconomic indicators through feature importance analysis.
The bond market is a crucial link in the transmission of monetary policy. China is in the process of interest rate liberalization. Grasping the risks in China’s bond market and clarifying the causal relationship between monetary and financial variables, macroeconomic variables and bond defaults is of great significance.
This study focuses on credit bonds issued by Chinese companies from 2014 to 2022 as the research sample, encompassing corporate bonds, enterprise bonds, medium-term notes, and short-term financing bonds. Bonds that are in default or have been extended are regarded as risky bonds, while bonds that mature normally are considered risk-free bonds. By using causal inference to analyze the causal relationship between macroeconomic indicators and bond defaults, and at the same time providing a reference for the selection of the timing of predictive indicators, machine learning techniques are utilized to predict bond default risks, and the effectiveness of the selected macroeconomic indicators is verified through feature importance analysis. The main experiments are as follows [1]: Conduct an empirical analysis on the impact of macroeconomic factors such as macro monetary policies and the economy on bond defaults through causal inference to explore whether there is a causal relationship between macroeconomic factors and bond defaults [2]. On the basis of descriptive statistics and association rule mining of the attributes of bonds themselves, find the associated features of bond defaults [3]. Process and construct the risk indicator system, and build a bond default risk early warning model through machine learning algorithms. The main innovations and contributions of this paper are as follows [1]: In the selection of indicators, it empirically proves the causal relationship between macroeconomic indicators and bond default [2]; Association rule mining is applied to analyze the relevant characteristics of risk bonds, and the distribution characteristics and rules of risk bonds are obtained [3]; Based on the results of association rules, the combination learning model is used to make group prediction and factor analysis of bond credit status, so as to grasp the differences, and prove that the prediction accuracy of combination learning on bond default is improved compared with the single classification model.
2 LITERATURE REVIEWS
Bond risk identification is the prediction and assessment of the credit status of bond issuance. The following reviews the existing research results from three aspects: the selection of indicators for bond default prediction, including financial and non-financial indicators; the risk transmission between monetary policy and financial markets and causal analysis and machine learning.
In terms of the selection of financial indicators, in 1968, the American economist Beaver [4] was the first to use financial analysis indicators to predict the default of corporate bonds and credit, and to create a univariate financial early warning model with the idea of regression analysis. Altman [5] established a default probability prediction model to predict the default probability of enterprises according to the ratio of retained earnings to total assets and other financial indicators. Douglas A et al. [6] found that net cash flows from operating activities, investing activities and financing activities are important sources for enterprises to repay debts. Sun [7] selected eight parts such as financial structure, growth level and profitability when identifying the financial distress of enterprises.
Beaver [8] argued that relying solely on financial factors to study bond default risk is inadequate due to challenges in obtaining accurate and reliable financial information. The research by Sadiq et al. [9] further suggests that the macroeconomic environment significantly influences corporate credit risk. In terms of the selection of non-financial indicators, Chava and Jarrow [10] found industry factors can affect the operation, profitability and development of enterprises in the same industry and industry cycle, and thus lead to bond default. Wu [11] selected three levels of non-financial indicators: macro, industry and enterprise. Eugene [12] and Wilson [13] discovered that when the macroeconomic environment is favorable, per capita disposable income grows more rapidly, which in turn leads to an increase in investment expenditure. The demand for bond investment rises, and enterprises have a stronger ability to repay principal and interest on bonds, with a lower risk of default. Lu Jun et al. [14] found that macroeconomic indicators such as GDP, CPI and M1 growth rate of narrow money supply had a significant impact on companies falling into financial crisis. Chen [15] studies the relationship between macroeconomic environment and credit risk; At the macro level, LIU [16] selected CPI, social financing scale, market interest rate and so on.
Bonds belong to corporates’ debt; debt repayment ability is closely related to the liquidity of enterprises. Money supply is a measure of market liquidity, it has an important impact on the price of various assets in the financial market, and its change will directly affect the economic environment. China’s infrastructure projects account for a large share of the economy, money supply tends to outpace economic data. Fan et al. [17] studied the relationship between the excess rate of return of bonds and macroeconomic variables, and believed bond prices and market interest rates were mutually determined, and market interest rates were affected by factors such as money supply M1 and actual consumption. Through empirical evidence, they proved that changes in market interest rates might affect the expected excess rate of return of bonds. Based on the Merton structured model and the data of China from 2000 to 2010. Dai and Sun [18] studied the factors affecting the credit spread of corporate bonds in China’s Shanghai and Shenzhen bond markets, and came to the conclusion that the issuance of M1 had a positive impact on the credit spread of corporate bonds. The fluctuation of stock index can indicate the current macroeconomic situation of economy and society to a certain extent, and the major changes of economic data will be reflected in the stock index. The stock market index is the vane of the stock price market, so the stock market index can also indicate the macro-economic situation.
In the selection of machine learning metrics, the causal relationship between metrics is a problem that should be given due attention. Some scholars have attempted to verify the relationship between the indicators and the predicted targets through causal relationship tests. In the field of transportation, Zhang et al. [19] studied the traffic speed of taxi in Changsha, China’s urban road network, and tested the spatiotemporal causality between various links through nonlinear Granger causality, providing reliable guidance for MTL model to select information features from the whole network link. Luo [20] applied nonlinear Granger causality test to explore the causal relationship between traffic areas, built a multi-task deep learning model framework with long short-term memory (LSTM) as the core neural unit, and verified it with New York City taxi trip data. In the field of economics and finance, Wei et al. [21] selected the three variables with the highest correlation with the exchange rate among 16 macroeconomic variables including import, export and foreign exchange reserves through Granger causality test analysis, and used KELM to make a medium-term forecast of RMB against US dollar. The results show that the set learning method based on KELM outperforms all other benchmark models in different prediction periods. Xu et al. [22] combined Granger causality test with support vector machine and found that among the 15 stocks studied, the after-hours collective sentiment of nine stocks had a strong predictive effect on stock price changes the next day. In the field of medicine, Almalaq et al. [23] use Granger causality test to determine the activation region related to the verbal fluency task in human EEG, and train the classifier between subjects with Parkinson’s disease and healthy control group in combination with support vector machine (SVM). In the field of physics, H et al. [24] introduced Granger causality to analyze the relationship between sensor variables, and selected variables with greater Granger causality relationship with sensor loss data as the input vector of the extreme learning machine. In the field of ecological environment, Vazquez-Patino et al. [25] explored the improvements in interpretability and robustness of models using causal selection predictors, comparing three cause-based methods with ML’s four standard predictor selection methods using rainfall data from the Andean basin in Ecuador. Li et al. [26] screened the key environmental factors affecting sea ice concentration based on causal relationship (KGC), and used a variety of machine learning (ML) algorithms to make short-term sea ice prediction.
The literature reviewed highlights the related factors of bond risks and the application of causal analysis in machine learning. It is evident that scholars across various fields emphasize the importance of the correlation between selected indicators and the target when applying machine learning and deep learning algorithms. Through an analysis of the factors influencing corporate bond defaults, it has been found that key factors related to identifying corporate bond credit status include the financial metrics of the enterprise itself, which are the most representative indicators of its operational conditions. Non-financial indicators, such as macroeconomic factors, have also garnered attention from relevant scholars. Based on these findings, this paper employs causal analysis to select critical predictive indicators in the field of bond risk identification to validate the effectiveness of the chosen macroeconomic factors. Additionally, association mining is incorporated to describe the characteristics of risk aggregation. On this foundation, financial data and associated macroeconomic factors are selected, and ensemble learning algorithms are utilized to predict the credit status of specific bonds issued by enterprises, thereby enhancing the accuracy of identification. The main contributions of this paper lie in the following aspects: In terms of algorithm selection, traditional methods (such as logistic regression and probit models) perform poorly in handling nonlinear relationships and complex data structures. They have limited capacity to process high-dimensional data and are unable to capture the interactions among variables. We employed multiple ensemble machine learning algorithms and selected the optimal model through comparative analysis, significantly improving the prediction accuracy. In the construction of the indicator system, previous studies typically used only a single data source, lacking the integration of multi-source data. We developed a multi-dimensional bond default identification system that integrates macroeconomic indicators and market data, providing more comprehensive data support. Regarding the selection of macro indicators, previous studies often directly incorporated macro indicators into the prediction model without clarifying their relationship with bond defaults. This paper aims to demonstrate the causal relationship between macroeconomic indicators and bond defaults.
3 RESEARCH DESIGN AND METHODOLOGY
This article conducts bond risk identification. From a macro perspective, We use Granger causality test to analyze the causal relationship between macroeconomic indicators and the amount of bond default, and association rule mining is used to grasp the risk characteristics of bonds. From a micro perspective, individual bond samples are taken as the research objects. Combined with combinational learning classification algorithm, credit default problems of corporate bonds issued by companies in China are predicted. We select the data of corporate credit bonds issued by Chinese companies from 2014 to 2022. Including short-term financing bills, corporate bonds, enterprise bonds, medium-term notes, and asset-backed securities The main research objectives are divided into three parts: First, for the selected macroeconomic factors, we apply co-integration test and Granger test to verify the causal relationship between macroeconomic and bond default; Secondly, since most machine learning algorithms have limited interpretation of text type indicators, we use association rule mining algorithm to carry out visual cross-analysis of the characteristics of defaulted bonds, and grasp the distribution of default risk from a macro perspective. Finally, based on the verified results, we use the combinatorial learning model to forecast corporate bond default, compare the forecast results before and after adding macro factors, and conduct in-depth analysis of default factors. (Figure 1).
[image: Flowchart illustrating a credit risk assessment model. It starts with "Default Factors" including "Firm Factors" and "Macroeconomics." These affect "Empirical Analysis" leading to "Credit Use." Then "Associative Rule Mining" and "Ensemble Learning" lead to "Default Predictions." "Feature Importance" affects "Predictive Modeling," culminating in "Default Inference."]FIGURE 1 | Experimental flow chart.
3.1 Causal analysis
VAR constructs the econometric analysis model by taking each endogenous variable in the economic system as a function of the other endogenous variables and their lagging values. It can deal with the estimation problems caused by endogenous variables as explained variables, identify and estimate the interdependence of endogenous variables or interactive spillover relationships. In Formula 1, yt is a k-dimensional endogenous variable, xt is an exogenous variable, p is the number of lag periods, A and B respectively represent matrices composed of estimated coefficients, and [image: It seems there might have been an issue with your upload, as only an expression is showing. Please try uploading the image again, or provide a URL or caption for context.] represents the error term. In the context of bond default analysis, VAR is used to analyze the relationship between Default and M1, M2, Default and CPI.
[image: Mathematical equation representing a time series model. The equation is \(y_t = A_1y_{t-1} + \ldots + A_p y_{t-p} + Bx_t + e_t\), where \(t \in (1, T)\).]
3.2 Algorithm and evaluation index
APRIOR is used for association rule mining, APRIOR is a frequently used algorithm for mining frequent itemset, which was formally proposed by Agrawal et al [27]. In 1994. It features multiple scans of the database, a large scale of candidate items, and high computational cost for support calculation. By adopting an iterative approach, the algorithm steps are divided into two parts: “connection” and “pruning”.
The reasons for choosing decision trees as the base learners are as follows: Compared with linear regression and other methods, decision trees have no strict requirements for data distribution, are robust to missing and noisy data, and can automatically handle and reduce the impact of outliers. Compared with neural network algorithms, decision tree models have an intuitive structure, are easy to interpret and visualize, provide a clear decision path for research problems, and have strong interpretability. Compared with algorithms such as KNN, they can efficiently handle high-dimensional data and reduce the influence of redundant features. Ensemble learning improves model performance by combining multiple base learners. Compared with a single machine learning model, ensemble learning integrates the prediction results of multiple models to reduce the bias and variance of a single model, thereby improving overall prediction accuracy. By majority voting or weighted averaging, it reduces the influence of data noise, thus having stronger robustness to noisy data and outliers. A single model may overfit the training data, while ensemble learning achieves a balance between model complexity and generalization ability by integrating the prediction results of multiple models. The research purpose of this paper is to identify the key factors of bond default and find an algorithm that can accurately predict bond default in practice. Given the robustness, interpretability, efficiency, and flexibility of decision tree ensemble algorithms, we choose the decision tree-based ensemble learning algorithm to predict bond risk.
Bagging and Boosting combined learning algorithms are used. Bagging is a homogeneous estimator composed of many decision trees. Boosting base learner construction has a sequence [28]. Bond risk prediction employs decision trees, the bagging algorithm based on decision trees - random forest, and boosting algorithms based on decision trees, including Xgboost, Catboost, GBDT and Hist-GBDT. GBDT (Gradient Boosting Decision Tree), also known as MART (Multiple Additive Regression Tree), The concept consists of Regression Decision Tree (DT), Gradient Boosting (GB) and Shrinkage. GBDT constructs a set of weak learners that add up the results of multiple decision trees as the final predictive output. GBDT iterates the model through gradient descent to reduce the impact of the cost function. By calculating the negative gradient of the loss function to construct residuals, it gradually reduces the value of the loss function, thereby obtaining increasingly accurate learners. GBDT can be expressed in the Equation 2. Xgboost consists of two parts: empirical risk and structural risk (regularization term), and it uses the forward stagewise algorithm to gradually optimize the classifier. Xgboost can be expressed as Equation 3. By effectively processing categorical features and introducing ranking boosting strategies, CatBoost addresses gradient bias and prediction shift issues [29]. CatBoost can efficiently handle class quantities, prevent overfitting, and train models with high accuracy. Its built-in algorithm can automatically transform categorical features into numerical features, and combine features according to the intrinsic relationship of features to enrich the feature dimension. Its biggest characteristic lies in its ranking idea. HistGradientBoostingClassifier uses histogram data structure to arrange data samples implicitly, and only the largest split nodes are considered in the tree building process, so the number of split nodes is small, and only the initial input data needs to be sorted. Most parts of the HistGradientBoostingClassifier algorithm are implemented in parallel, which can effectively improve the construction efficiency of base classifier.
[image: Mathematical formula depicting a summation. The function \(F(x)\) equals \(F_{M}(x)\) plus the summation from \(m=1\) to \(M\) and \(j=1\) to \(J\) of \(\gamma_{jm}\) multiplied by the indicator function \(\Pi(x \in R_{jm})\).]
[image: Mathematical equation labeled as equation three, representing an objective function: Obj equals the sum from i equals one to N of L applied to the function F sub i of x sub i and y sub i, plus the sum of functions Omega applied to f sub i, which simplifies to the sum from i equals one to N of L applied to the function F sub m minus one of x sub i, plus f sub m of x sub i, and y sub i.]
Common evaluation metrics in machine learning include confusion matrices and AUC curves. Bond risk assessment is a binary classification problem, so a confusion matrix can be used to represent the four possible outcomes of model operation, namely, FP, TP, FN, and TN, as shown in Table 1. Through the confusion matrix, accuracy, precision, recall, and F-score can be calculated.
[image: Mathematical formula for accuracy, represented as (TP + TN) / (TP + FP + TN + FN), where TP is true positives, TN is true negatives, FP is false positives, and FN is false negatives.]
[image: The image shows a mathematical formula for precision: \( \text{Precision} = \frac{TP}{TP + FP} \). It specifies how precision is calculated using true positives (TP) and false positives (FP).]
[image: Formula illustrating recall as the ratio of true positives (TP) to the sum of true positives and false negatives (FN), labeled with the equation number six.]
[image: Formula for False Positive Rate (FPR) is displayed: FPR equals false positives (FP) divided by the sum of false positives and true negatives (FN), denoted as equation (7).]
[image: Formula for F-score: F subscript Score equals start fraction 2 times Precision times Recall over Precision plus Recall end fraction, with a reference number eight in parentheses.]
TABLE 1 | Confusion matrix.
[image: Confusion matrix for a binary classification model. Rows represent actual outcomes: non-risk and risk. Columns represent predicted outcomes: non-risk and risk. Elements are true negative (TN), false positive (FP), false negative (FN), and true positive (TP).]Accuracy is the ratio of the number of correctly predicted samples to the total number of samples (Formula 4). Precision is the ratio of the number of samples predicted as positive and actually positive to the total number of samples predicted as positive (Formula 5). Recall is the ratio of the number of samples that are truly positive and correctly predicted as positive to the total number of samples that are actually positive (Formula 6). False positive rate is the ratio of the number of samples predicted as positive but actually negative to the total number of samples that are actually negative (Formula 7). The F1 score is the harmonic mean of precision and recall (Formula 8). The horizontal axis of the ROC curve is the false positive rate, and the vertical axis is the recall rate. The area under the ROC curve is denoted as AUC. Generally, when AUC >0.5, the model results are considered meaningful. Recall and AUC are used to evaluate the accuracy of classification models. Before conducting machine learning experiments, parameter optimization is required. The goal of parameter optimization is to improve the prediction accuracy by optimizing the model’s hyperparameters, prevent overfitting, and enhance the model’s generalization ability. We use grid search and cross-validation in Python’s scikit-learn, with AUC as the evaluation metric, to determine the reasonable values of hyperparameters. By traversing the predefined parameters, the parameters with the best performance are selected. The detailed parameter adjustment results are shown in Table 2.
TABLE 2 | Optimal parameters.
[image: Table displaying optimal parameters for machine learning algorithms. For Decision Tree: optimal "Criterion" is Gini, "Max_depth" is 15. For RandomForest: "N_estimators" is 71, "Max_depth" is 18. GradientBoostingClassifier lists "N_estimators" as 150, "Learning_rate" 0.1. Catboost shows "Learning_rate" as 0.136, "Iterations" as 50. Each row compares parameter ranges to optimal values.]4 DATA AND ANALYSIS
The research data of this article is sourced from Wind database and the National Bureau of Statistics of China. Table 3 is the descriptive statistics of the data. Through the analysis of literature review and the sorting out of the evolution process of bond risks, the factors selected in this article include macroeconomics, bond characteristics, local economy, industry characteristics, and the financial status of bond issuers. When analyzing the financial bond market, macroeconomic indicators and market indices are important influencing factors. M1 and M2 are key indicators for measuring the money supply. The changes in M1 and M2 directly affect market liquidity and interest rates, thereby having a significant impact on the bond market. CPI is an important indicator for measuring the level of inflation. Inflation expectations directly affect bond yields and prices. Based on the previous studies by Lu et al., Fan et al., and Dai and Sun, monetary indicators and CPI can affect bond defaults, so we incorporate them into the macroeconomic dimension. The economic environment of the region where the bond issuer is located is also an important influencing factor, so we include local GDP in the local economic dimension. At the same time, the characteristics of the bond itself cannot be ignored. The financial status of the bond issuer includes six aspects: capital structure, profitability, cash flow, debt-paying ability, operational ability, and development ability. There is an inherent correlation and synchronous change among financial indicators, and the contribution of financial indicators will affect the stability, explanatory power, and predictive performance of the model. Therefore, we conducted a correlation test and deleted the correlated indicators with a correlation coefficient greater than 0.6. We used the indicators that passed the correlation test to construct a bond risk identification index system (Table 4). Based on the principles of systematisms, scientific, and feasibility of the indicators, after data processing, a total of 10,516 bond data were obtained, including 657 default samples. The training set and test set were divided in a 7:3 ratio.
TABLE 3 | Results of descriptive statistics.
[image: A table displaying various financial indices and their statistical measures including mean, standard deviation, minimum, 25th percentile, 50th percentile, 75th percentile, and maximum. Indices listed include M1, M2, Business Prosperity Index, EPU, GDP, CPI, and numerous financial ratios. Values vary significantly across the indices, indicating diverse financial conditions.]TABLE 4 | Bond risk indicator system.
[image: Table listing financial factors and corresponding indicators. Factors include Profitability, Cash Flow, Capital Structure, and Industry Impact. Indicators under each factor cover metrics such as Return on Equity, Net Cash Flow, Bond Issuance Rating, Quick Ratio, and various turnover rates. The table categorizes these in columns labeled "Factor" and "Indicator," illustrating relationships between financial factors and specific metrics or ratios used to assess them.]4.1 Granger causality test
The purpose of the stability test is to assess whether these time series data are stationary. Stationarity tests were conducted on the default rate, M1, M2, and CPI for each quarter from 2014 to 2022. After first-order differencing, the time series of all variables became stable (Table 5). We select the reciprocal distribution of feature roots to verify the stationarity of VAR. When the reciprocal of feature roots is distributed in the unit circle, the model is stable. The results show that all the reciprocal of the characteristic roots are within the unit circle (Figure 2), indicating that the model is stable. Additionally, we conducted the ADF test (Table 6), and the ADF statistics of all variables are significant, suggesting that the data series is stable. Therefore, the stability of the VAR has been fully verified. The VAR system meets the conditions for impulse response analysis.
TABLE 5 | Stability test.
[image: Table comparing variables' sequences. Variables listed are Default, M1, M2, HS300, and CPI. All original sequences are non-stationary time series, while their first difference sequences are stationary time series.][image: Graph showing the roots of the companion matrix on the complex plane, with the horizontal axis as the real part and the vertical axis as the imaginary part. Several points are plotted within a unit circle centered at the origin.]FIGURE 2 | VAR stability test.
TABLE 6 | ADF test results.
[image: Table showing test results with variables, ADF values, P-values, and critical values at one percent. Variables d.lnM1, d.lnM2, and d.lnDefault have ADF values of -9.751, -6.169, and -8.374, respectively, all with P-values of zero. Critical values for d.lnM1 and d.lnM2 are -3.689, and d.lnDefault is -4.297.]The cointegration test of Default, M1 and M2 is carried out. The trace test results and the maximum eigen Root results show that the cointegration relationship between variables is significant (Table 7; Table 8). Table 9 shows the selection results of the optimal lag order. LR = 4, FPE, AIC, HQIC, SBIC = 2. According to the characteristics of each index, the lag order is determined as 2. The data is quarterly, which takes into account the causal relationship between factors with a lag of 6 months and defaults. According to the results of cointegration test, Granger causality test is used to explore the causal relationship between the above variables. The results are shown in Table 10. M1, M2 have an impact on bond default respectively, while M1 and M2 have an impact on the overall system respectively. Default only has an impact on M1. Therefore, there is a two-way causal relationship between M1 and the default amount of bonds, and a one-way causal relationship between M2 and the default amount. M2 has an effect on M1, while M1 has no effect on M2.
TABLE 7 | Trace test of Default, M1 and M2.
[image: Table displaying data for maximum rank from zero to three, including columns for parameters, log likelihood (LL), eigenvalue, trace statistic, and critical value at five percent. Values are provided for each rank.]TABLE 8 | Default, M1, M2 maximum characteristic root test.
[image: Table showing maximum rank, parameters, log-likelihood (LL), eigenvalue maximum, and critical value at five percent for ranks zero to three. Rank zero has fifteen parameters, LL 136.04948, eigenvalue maximum 48.4051, and critical value 23.78. Rank one has twenty parameters, LL 160.25203, eigenvalue 0.79017, maximum 19.8015, and critical value 16.87. Rank two has twenty-three parameters, LL 170.15279, eigenvalue 0.47205, maximum 8.5410, and critical value 3.74. Rank three has twenty-four parameters, LL 174.42327, eigenvalue 0.24082.]TABLE 9 | D.lnDefault D.lnM1 D.lnM2 Optimal lag order.
[image: Table displaying statistical values for different lags. Columns include Lag, LL, LR, DF, P, FPE, AIC, HQIC, and SBIC. Values for Lag range from 0 to 4. The optimal lag is marked at Lag 2, indicating minimum values for FPE, AIC, HQIC, and SBIC at this point, with FPE 8.4e-09, AIC -10.1153, HQIC -9.80987, and SBIC -9.11617.]TABLE 10 | M1, M2 and Default Granger causality test.
[image: A table displaying statistical test results with five columns: Equation, Excluded, chi2, Df, and Prob > chi2. The table includes data for various equations like D_InDefault, D_lnM1, and D_InM2, along with their corresponding chi-squared values, degrees of freedom, and probabilities, indicating the significance of the exclusion of certain variables.]The impulse response graph is shown in Figure 3. The horizontal axis of the impulse response function represents the lag period, and the vertical axis reflects the response fluctuation level of the target variable to the unit shock. The solid line and the shaded area represent the impulse response function. Based on the corresponding impulse images, we analyzed the response process of M1 and M2 to default. The impact of M1 on default generally shows periodic fluctuations, with positive and negative effects being symmetrical. When M1 changes, default first responds positively and then moves in the opposite direction, with a period of approximately 2, that is, 1 year. After moderate symmetrical fluctuations, it tends to converge. Compared with M1, the response path of M2 to the default amount has smaller fluctuations. When the impact of M2 on default does not exceed 1 year, default first rises slowly in a positive direction and then drops in a negative direction. After that, the fluctuation period of the impact gradually shortens. Based on the above findings, we demonstrated the connection between macroeconomic monetary indicators and bond risk and sorted out the risk evolution process (Figure 4). Loose monetary policy leads to an increase in the money supply, thereby enhancing market liquidity, reducing financing costs, easing credit conditions, and gradually affecting the short-term and long-term debt repayment capabilities of enterprises; the strengthening of economic activities, the rise in asset prices, and the improvement in consumer demand will further enhance the debt repayment capabilities of enterprises. We also verified the monetary supply and credit transmission mechanism through impulse response analysis.
[image: Nine graphs showing impulse-response functions across different variables (D.InDefault, D.InM1, D.InM2) and time steps from 0 to 8. Confidence intervals are shaded in gray. A legend indicates shading for a 95% confidence interval.]FIGURE 3 | Default and M1 and M2 pulse response.
[image: Flowchart illustrating the economic effects of increasing the money supply. It shows enhanced market liquidity leading to reduced financing costs, declining interest rates, and eased credit conditions, which augment economic vitality. Additional branches highlight increased borrowing capacity, improved profitability, increased market demand, decreased debt-paying ability, and heightened inflation risk due to tightened policies.]FIGURE 4 | Macro risk transmission map.
Following the above steps, we explore the impact of stock market factors on bond market and the impact of CPI on bond default. The pulse response plots and results are shown in Figure 5. The impact of CPI on bond default lasts for a long time. From the overall trend, the pulse effect given by CPI firstly have a negative impact on default, and then tend to be positive. HS300 index is selected as the characteristic index of stock market. There is Granger causality between HS300 and default. Under the influence of HS300, default first shows a relatively rapid negative change and then changes into a positive change, with a cycle of about 3 quarters. After a positive and negative influence appears alternately, the influence on the default amount tends to be stable.
[image: Six-panel graph showing impulse-response functions for various economic indicators with confidence intervals shaded. Each panel presents data over several time steps. Labels indicate variables like CPI, exchange rate, and economic standard. Graphs highlight response patterns and variability, with horizontal axes representing time steps and vertical axes indicating percentage change or deviation.]FIGURE 5 | Default and CPI, Default and HS300 pulse response.
4.2 Characteristic analysis of defaulted bonds
Based on credit status, corporate bonds can be classified into matured bonds and defaulted bonds. By comparing the five attributes of the issuer’s location, company characteristics, primary industry, whether there is a guarantor, and whether the issuer is a listed company, we analyzed the characteristics of defaulted bonds and obtained the association rules with the highest support, confidence, and lift values, as well as the attribute frequency ranking, between matured bonds and defaulted bonds. The association rules for risky bonds are shown in Table 11, and those for risk-free bonds are presented in Table 12. Based on the risk bond association rule, we observe that the credit risk of corporate bonds is more concentrated in four key industries: real estate, materials, discretionary consumption, and industrial sectors (Table 13). Utilizing association rules, we conduct a cross-statistical analysis of company attributes and issuer locations across these four industries. Overall, non-listed issuers exhibit higher risk levels compared to their listed counterparts in each industry.
TABLE 11 | Riskless bond association rules.
[image: Table presenting four rows of association rules. Support: Local state-owned enterprises to unlisted companies, riskless bonds. Confidence: Unsecured, central state-owned enterprises to North China, riskless bonds. Lift: Central state-owned enterprises to North China, riskless bonds. Frequency: Order is guarantee, company nature, region, industry.]TABLE 12 | Risk bond association rules.
[image: Table displaying four categories: Support, Confidence, Lift, and Frequency. Support includes rules involving unlisted companies and unsecured bonds. Confidence links unlisted companies and materials to risky bonds and unsecured status. Lift connects East China to risky bonds, unsecured status, unlisted companies, and private enterprises. Frequency notes high-frequency attributes like no guarantee, listing status, and regions.]TABLE 13 | Risk bonds strongly associated attributes.
[image: Table displaying dimensions, values, and characteristics. Under "Enterprise Dimension," values include "Private enterprise" with characteristics like "confidence of 7 rules is higher than 95%." "Industry" includes "Industrial sector" and "Real estate," with characteristics emphasizing confidence levels and bond information. "Region" lists "East China" and "South China," noting features like "Developed economy." "Guarantor or not" includes values "No Guarantor + Industrial" and "East China + Industrial," highlighting association rules.]The results of the cross-tabulation analysis of risk bonds with listing status and geographic distribution attributes for the industrial, real estate, consumer discretionary and materials sectors are shown in Figure 6. The risk of listed companies in the optional consumption sector is lower than that of unlisted enterprises, and unlisted private enterprises in South China and central state-owned enterprises in North China are particularly worthy of attention. The risks of corporate bonds in the real estate industry are primarily concentrated within private enterprises. Whether the issuing entity is listed or not has a negligible impact on risk discrimination. The bonds issued by non-listed private enterprises in North China, East China, and South China, as well as those issued by listed private enterprises in North China, South China, and Southwest China, entail relatively significant risks. Nevertheless, the bonds issued by non-listed Sino-foreign joint venture real estate enterprises have lower risks than those issued by wholly foreign-owned enterprises in the real estate sector. The bonds issued by non-listed Sino-foreign joint venture real estate enterprises in Northeast China encounter the least risk exposure.
[image: Four bar charts depict industry-specific consumption and enterprise distribution across different regions. Each chart represents an industry: (a) Optional consumption, (b) Real estate, (c) Maternal, and (d) Industrial. Bar colors indicate regions: Northwest, North, East, South, Southwest, and Northeast. Chart (a) shows varied enterprise types; Charts (b), (c), and (d) reflect regional distribution across enterprise categories like private, public, foreign-owned, and SOEs. Each chart includes numerical values atop the bars, indicating the data points for analysis.]FIGURE 6 | Risk distribution of default industry. (a) Distribution of characteristics of defaulted bonds in optional consumption industry; (b) Distribution of characteristics of defaulted bonds in real estate industry; (c) Distribution of characteristics of defaulted bonds in Material industry; (d) Distribution of characteristics of defaulted bonds in Industrial industry. SFJV, Sino-foreign joint venture.
The risk associated with bonds issued by the industrial and materials sectors is predominantly concentrated in unlisted enterprises. Within the industrial sector, unlisted private enterprises in East China, North China, and South China exhibit higher risk levels, bond defaults among centrally-owned state enterprises in North China warrant attention. In contrast, bonds issued by locally-owned state enterprises and foreign joint ventures tend to be less risky. The risk profile of bonds issued by industrial enterprises demonstrates a strong regional clustering effect. In the material industry, the number of bond defaults of private enterprises in East China is the highest, because the material industry is greatly affected by the energy policy, which leads to the cash flow turnover problem of bond issuers in the material industry, especially private material enterprises. The corporate bond risk shows no substantial variation based on regional or other characteristics.
The above analysis has examined the distribution characteristics of defaulted bonds from an industry perspective. It can be concluded that industries with a higher correlation to bond defaults mainly have strong cyclical nature, high leverage, policy sensitivity, and external environmental uncertainty. During economic downturns or deteriorating market conditions, the profitability, cash flow, and financing capabilities of these industries are more vulnerable to shocks, thereby increasing the risk of default. From the perspective of whether they are listed or not, the average risk of bond issuance by listed companies is lower than that of unlisted companies. In terms of regional distribution, the characteristics of default regions are mostly concentrated in the eastern, northern, and southern parts of China, mainly due to the greater economic vitality and a larger number of enterprises in these regions.
The results of the above descriptive statistics are basically consistent with the analysis and association rule mining results, it confirms the effectiveness of association rule mining. The cross-analysis of the four industries can grasp the distribution and concentration of bond credit risk from a macro perspective, and assist investors to make relatively safe decisions when investing in public offering corporate bonds.
4.3 Bond default forecast
The attribute of enterprise frequently appears in the mining of association rules, and the results of association rules show that the bond risks of different industries vary in this dimension. Using machine learning models, we segmented the dataset into two groups based on the nature of the bond issuers: state-owned enterprises (SOEs) and non-state-owned enterprises (NSOEs). Bond risk prediction was then conducted on these two datasets, yielding distinct prediction outcomes. The results are shown in Table 14.
TABLE 14 | Classification prediction results of bond risk models.
[image: Comparison table showing model performance metrics for SOEs and Non-SOEs across different methods: Decision, RandomForest, GBDT, Hist-GBDT, and Catboost. Metrics include accuracy, recall rate, and F1-score for matured and risky bonds, with accuracy rates also summarized for overall performance.]By comparing the experimental outcomes of the two groups of data, it is observed that the accuracies of decision trees and GBDT in the two groups of experiments are not high. From the perspectives of precision, recall rate, and F1-score metrics, the prediction accuracies of random forests, HistGradientBoostingClassifier, and Catboost for non-state-owned bonds are higher than those for state-owned bonds. CatBoost performs best on the state bond dataset, while HistGradientBoostingClassifier and CatBoost are the top models for another group. According to the ROC curve analysis (Figure 7), the AUC values predicted by the decision tree and GBDT algorithm models for state-owned bonds are higher than those for non-state-owned enterprise bonds. Conversely, other models predict higher AUC values for non-state-owned bonds compared to state-owned enterprise bonds. Among the models, Random Forest and CatBoost exhibit similar performance across both datasets. The HistGradientBoostingClassifier achieves an AUC score that is 0.0916 higher on the non-state bond dataset compared to the state bond dataset. CatBoost performs best on the state bond dataset, while HistGradientBoostingClassifier outperforms other models on the non-state bond dataset.
[image: Five ROC (Receiver Operating Characteristic) curve plots comparing various classifiers. Each plot displays True Positive Rate against False Positive Rate. Classifiers include DecisionTree, RandomForest, LogisticRegression, GradientBoosting, and CatBoost, each showing a line curve with corresponding AUC (Area Under Curve) scores labeled. The diagonal line represents random chance, and performance is indicated by how close the curve approaches the top-left corner.]FIGURE 7 | Comparison of ROC curves.
In addition, to verify the conclusion of the var experiment, we selected the Catboost model and conducted ablation experiments on the indicators M1 and M2. The experimental results are shown in Figures 8, 9. The addition of the monetary indicator increases the AUC area of Catboost and reduces the number of bond misclassifications. This proves that m1, m2 has an enhancing effect on recognizing bond risk.
[image: Receiver Operating Characteristic (ROC) curve comparing two CardBoostClassifier models. The x-axis represents the false positive rate, and the y-axis represents the true positive rate. Both models show high performance, with model 0 and model 1 achieving area under the curve (AUC) scores of 0.995 and 0.968, respectively. A diagonal line indicates chance level.]FIGURE 8 | ROC curve for the ablation experiment.
[image: Two side-by-side confusion matrices labeled (a) and (b). Matrix (a) shows values: true positives 2933, false positives 20, false negatives 9, true negatives 195. Matrix (b) shows values: true positives 2931, false positives 1, false negatives 4, true negatives 199. Both matrices have a color bar indicating intensity.]FIGURE 9 | Comparison chart of confusion matrices for the ablation experiment. (a) Confusion matrix of Catboost before adding macro features; (b) Confusion matrix of Catboost after adding macro features.
5 RESULTS AND DISCUSSION
The three experiments, VAR analysis, association rule mining, and descriptive cross-statistical analysis, analyzed the risks of credit bonds from the overall perspective of the bond market. Granger causality tests were conducted on the monetary indicators M1 and M2 and bond defaults, and the results confirmed the existence of a causal relationship between macroeconomic indicators and bond defaults. M1 and M2 have an impact on bond defaults: In light of the actual situation of China’s bond market, China’s interest rate liberalization is nearly complete, and the bond market has become an important platform for monetary policy operations. The interest rate transmission from the money market to the bond market is an important channel for monetary policy. M1 and M2 influence the bond market through liquidity effects and economic expectations, and their changes have an impact on the trend of the bond market. Bond defaults have an impact on M1: Against the backdrop of a high incidence of credit default events, defaulted bonds will lose liquidity due to trading suspension. Investors’ risk aversion will lead them to choose to sell liquid bonds in their asset portfolios, thereby weakening the liquidity of high-quality bonds. Bond market risks will also lead to a decline in systemic risk preferences in the financial market, further affecting monetary policy.
Association rule mining and cross-analysis identified the current existence and concentration points of risks. Based on the results of association rule mining, we have identified four industries with concentrated bond risks: real estate, materials, consumer discretionary, and industrial. These four industries with high-risk correlation are highly consistent with the risk concentration points in China’s bond market. The industrial and materials sectors have been affected by policies such as China’s industrial structure upgrade and environmental protection production restrictions. As a result, some enterprises with overcapacity and high energy consumption and pollution have faced increased operational pressure, rising financing difficulties, greater capital turnover pressure, and continuous decline in profit levels, leading to accelerated bond risk release. The consumer discretionary sector is highly sensitive to economic cycles and is mainly affected by the sluggish macroeconomy and weak consumer demand. For the real estate sector, it is because China’s real estate policy regulation has become stricter in recent years. Regulations such as “houses are for living in, not for speculation” have suppressed housing price increases while also restricting the financing of real estate enterprises, leading to accelerated exposure of bond credit risks. According to cross-analysis, the risks of corporate bonds in the real estate industry are mainly concentrated in private enterprises, which confirms the current situation of two-tiered differentiation in the operation of Chinese real estate enterprises. Currently, the net bond financing of state-owned real estate enterprises in China has significantly increased, but the financing situation of some private real estate enterprises is not optimistic. At the same time, we have found that in each industry, the risk level of non-listed issuers is higher than that of listed companies. This is because listed companies have diverse financing channels, are subject to more supervision, and can disclose more information. Therefore, the credit bond risks of listed enterprises are usually smaller than those of non-listed enterprises. From a regional perspective, the economic development levels in South China and East China are relatively high, with a large number of private enterprises and concentrated bond issuers. Most enterprises are mainly engaged in trade, manufacturing, and export processing, and are more vulnerable to economic environment changes, thus leading to relatively concentrated default risks. These discussions provide valuable insights for subsequent focused attention and targeted adjustments in industries and regions experiencing frequent defaults.
With individual credit bonds as the research object and based on the aforementioned results of machine learning, we explore the influencing factors of state-owned and non-state-owned bonds, and further compare them for difference analysis. Since the AUC of Catboost is greater than 90% on both sets, we give the ranking of the top 20 feature importance of Catboost after removing the principal component index on the two data sets (Table 15). Through the feature importance weights, a comparison chart of risk factor weights for the two groups of experiments was obtained (Figure 10). Debt-paying ability can directly reflect the risk of credit bonds, and its proportion in private enterprises exceeds 50%. This indicates that financial indicators related to debt-paying ability most directly reflect bond risk. Capital structure also holds certain significance for the risk identification of credit bonds. This indicates that enterprises should pay attention to the investment and financing structure as well as the proportion of enterprise expenditures during the investment and financing process. A reasonable investment and financing ratio can maintain the stability of cash flow to diversify risks. For listed companies, the risk of bonds is smaller than that of issuing stocks, and it also provides them with a tool to diversify risks. Profitability reflects short-term solvency, while development capacity is demonstrated through indicators such as revenue growth rate, asset growth rate, and ROE, which also reflect long-term solvency. The combination of the two comprehensively reflects the solvency of an enterprise and represents its development potential, making them relatively important risk identification indicators. The proportion of macroeconomics in the two sets of data varies greatly. Non-private enterprises are greatly affected by macroeconomics and macro factors on their own operations. Private enterprises are more susceptible to policy adjustments. When the credit environment is relatively tight and the overall financing environment tightens, the liquidity pressure on private enterprises’ funds will increase, which will significantly increase the risk of bond default. Therefore, issuers should make accurate predictions of the macro environment and the development positioning of their enterprises before issuing credit bonds.
TABLE 15 | Feature importance ranking of catboost.
[image: Comparison table displaying features with importance rankings for state-owned and non-state-owned bonds. Key features include net cash flows and financial ratios. Rankings differ across contexts, such as net cash flows from operating activities and total revenue ratios.][image: Two pie charts compare financial performance indicators for 2017 and 2018. In 2017, debt-paying ability is 40%, profitability 10%, growth capacity 15%, and others make up the rest. In 2018, debt-paying ability is 32%, profitability 21%, growth capacity 15%, and others fill the remaining percentages. Changes highlight increased profitability and capital strength significance over the year.]FIGURE 10 | Comparison of risk factors.
6 CONCLUSION
This paper analyses bond default from the perspective of macro and micro combination. Based on the macro perspective, the logical transmission between macro factors and bond default is confirmed by causation, and the overall characteristics of bond default are grasped by the statistical research method combining association rule mining and descriptive statistics. Bonds are divided into no-risk bond group and risk bond group, and association rules are mined in four dimensions, corporate bond region, whether the issuing entity is listed, the issuing enterprise attribute, and whether there is a guarantee for corporate bonds, and rules with high correlation degree are obtained, the cross-analysis of risk factors was carried out in these four different dimensions. Microscopically, the bonds issued by enterprises were taken as the research object. The characteristics of defaulted bonds were analysed from the perspective of whether the issuer is a state-owned enterprise or not, and the key factors for bond risk identification and the integrated algorithm with the highest AUC were obtained. The conclusions are as follows:
	(1) Through VAR and Granger causality test, we prove that bond default is correlated with M1 and M2;
	(2) In view of the text attributes of bonds and bond issuers, correlation mining is conducted to find out the risk attributes strongly related to bond, and further conducted descriptive statistics on risk attributes to further grasp the risk characteristics and trends on a macro level.
	(3) Bonds are grouped based on the risk correlation features obtained from association rules mining, and the credit status of bonds is predicted by combinational learning algorithm. The importance of risk attributes is ranked from the micro level according to the prediction results, and the validity of Granger causality test is further confirmed. At the same time,the combination learning model used in this paper has a high accuracy for bond default prediction, the accuracy rate of all algorithms exceeds 90%. In terms of recall rate, the ensemble learning algorithm is better than the decision tree. The AUC of Catboost on both sample sets is greater than 90%. Therefore, we chose CatBoost to conduct a comparative experiment on the risk identification of bonds issued by state-owned and non-state-owned enterprises. By analysing the importance features of two groups of machine learning, the ranking of feature importance was obtained. The top-ranked feature was the solvency of enterprises, including important indicators such as “net cash flow from operating activities/non-current liabilities”, indicating that the cash flow status of enterprises is extremely crucial for assessing the risk of corporate bonds. Macro factors are also key factors in bond risk identification. Non-state-owned enterprises are more affected by macro and their own operating conditions. In addition, in the ranking of the importance of default factors for non-state-owned bonds, both M1 and M2 are relatively important features. This results and the ablation experiments in machine learning indicate the correlation between bond default and M1 and M2, verifying the correctness of the aforementioned causal test from a micro perspective. Our research can provide a tool reference and guidance for risk management in the actual bond market.
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Climate risk has a negative impact on the stable operation of social, economic, and financial systems. Local commercial banks operate in a single geographical area and are unable to effectively diversify risk. This article uses data from local commercial banks from 2009 to 2021 to explore the impact of climate risk on the soundness of local commercial banks. The research results show that climate risk, represented by extreme rainfall and transition risk, affects the soundness of local commercial banks by increasing direct losses to credit entities, reducing corporate profitability, and decreasing corporate credit demand. Further analysis shows that for rural commercial banks, extreme rainfall and extreme high temperatures diminish their soundness by affecting agricultural production. In regions with high temperatures, extreme heat reduces workers’ labor income and the productivity of enterprises’ labor, thereby affecting the soundness of local commercial banks. The larger the scale, the higher the degree of digital transformation, and the higher the level of property insurance of local commercial banks, the smaller the impact of climate risk on their soundness. Therefore, it is suggested that local commercial banks should raise awareness of climate risk, expand their business scope, increase insurance coverage for credit entities, and accelerate digital transformation to maintain stable operations in the context of increasing climate risk.
Keywords: climate risk, local commercial banks, soundness, insurance, digitalization

1 INTRODUCTION
Climate change is a major challenge facing all mankind, seriously affecting the human living environment and socio-economic stability. As shown in Figure 1, the global warming trend is still ongoing, with frequent extreme high temperatures and an increase in extreme precipitation events in China. The frequency of extreme high-temperature events in China in 2022 was the highest since 1961 (Figure 2), and the climate risk index shows an upward trend. In order to reduce the impact of climate change risks in China, China proposed the “dual carbon target” set in September 2020, which aims to peak carbon dioxide emissions before 2030 and achieve carbon neutrality before 2060. In the 1990s, Schelling (1992), Ausubel (1991) [1, 2], and others began to discuss the impact of climate change on agriculture, economy, technological change, and other aspects. Carney (2015) [3] believes that climate change poses a threat to financial stability and long-term prosperity. With the implementation of the Paris Agreement, central banks and financial regulatory authorities of various countries have begun to study the possibility of financial systemic risks brought about by climate change. Climate change can trigger structural changes in the financial system, which has become a global consensus, but central banks around the world are divided over whether climate change factors should be included in the macro monetary policy and prudential supervision framework. The 20th National Congress of the Communist Party of China proposed actively participating in global governance to address climate change, strengthening the financial stability guarantee system, and safeguarding the bottom line of preventing systemic risks. The 2024 government work report also pointed out the vigorous development of the green and low-carbon economy, active and steady promotion of carbon peak neutrality, and classified disposal of financial risks. Climate change is increasingly being recognized as a contributing factor to financial risks.
[image: Line graph showing global average temperature anomalies from 1850 to 2025 with data from five sources: CMA-GMST v2.0, HadCRUT5, NOAAGlobalTemp v5, GISTEMP v4, and Berkeley Earth. All lines indicate a general upward trend, highlighting increasing temperatures over time.]FIGURE 1 | Global average temperature anomaly from 1850 to 2022 (relative to the average from 1850 to 1900). Reprinted with permission from Blue Book on Climate Change in China (2023) [90] by CMA Climate Change Centre, Copyright: Beijing, Science Press.
[image: Graph showing the frequency of extreme high-temperature events from 1960 to 2020. A red line represents the frequency, with noticeable peaks, particularly post-2000. A dashed line indicates the normal annual value, and a dotted line shows a rising linear trend over time.]FIGURE 2 | Frequency of Extreme High Temperature Events in China from 1961 to 2022. Reprinted with permission from Blue Book on Climate Change in China (2023) [90] by CMA Climate Change Centre, Copyright: Beijing, Science Press.
The Bank of England’s 2018 report found that most banks are starting to consider climate change risks like other risks, rather than simply a social responsibility. The People’s Bank of China will carry out climate risk stress tests in 2021, organize 19 systemically important banks to conduct sensitivity stress tests on high-carbon industries, and improve financial institutions’ risk management awareness. The European Central Bank stated that the losses incurred by European banks due to the rise in carbon asset prices and the impact of natural disasters exceeded €70 billion; The Bank of England found that banks and insurance companies that do not incorporate climate risk into their daily management may face profit losses of more than 10%. Climate risk has not yet been clearly recognized and effectively addressed by most financial institutions, and only a small number of large financial institutions adopt some environmental assessments (NGFS). Because small-scale banks are mostly local banks, their service recipients’ information disclosure is not standardized and the quality of disclosure information is low. Therefore, small banks may face more severe climate risks (Liu et al., 2024) [4]. Local commercial banks include urban commercial banks, rural commercial banks, rural credit cooperatives, and village banks that operate within their residential areas. Compared to national banks, they cannot effectively diversify risks or avoid regional economic fluctuations (Wang et al., 2012) [5]. The business scope of national commercial banks and joint-stock commercial banks is more dispersed across regions and industries, and the impact of climate change on their operations is limited; Local commercial banks mainly serve counties with concentrated service areas. When extreme weather occurs, it has a significant impact on their operations (Liu et al., 2021; Pan et al., 2022) [6, 7]. Currently, China remains in an indirect financing system dominated by commercial banks. Local commercial banks undertake the mission of economic transformation, upgrading and development. Climate change increases the operational risks of banks, which are then transmitted throughout the financial system, triggering systemic risks. Therefore, discussing the impact of climate risks on the soundness of local commercial banks in the context of “dual carbon” is crucial for establishing a climate risk prevention framework for small- and medium-sized banks, as well as providing a basis for building a prudent regulatory system for climate risks, which holds practical significance.
The main marginal contributions of this article are as follows: (1) Existing literature focuses on the impact of climate risk on the credit risk of local commercial banks, but fails to reveal the negative effects of climate risk on the overall operation of local commercial banks. This article expands the single impact of climate risk on the credit risk of local commercial banks by examining the impact on their soundness. (2) This article makes a significant contribution to the literature by introducing a soundness indicator for commercial banks, which provides a more comprehensive measure of bank stability compared to the commonly used credit risk indicators in existing research. While prior studies have largely focused on the impact of climate risks on banks’ risk-taking behavior using credit risk measures (Song et al., 2024) [8], this study extends the analysis by assessing the soundness of local commercial banks in China, incorporating both physical and transition risks. (3) By analyzing the heterogeneity of samples from multiple perspectives, this study explores the differences in the impact of different categories of physical risks on the heterogeneity of samples, and provides different climate risk compensation mechanisms for local commercial banks based on their own characteristics.
This study provides insights into the relationship between climate risks and bank soundness. However, we acknowledge that climate risks and financial regulations have continued to evolve beyond 2021. With the intensification of climate change, the frequency and intensity of extreme climate events are increasing, and financial institutions are continuously improving their risk management measures. Consequently, future research should incorporate more recent data to assess the dynamic nature of climate risks and the effectiveness of emerging regulatory policies (Campiglio et al., 2018) [9]. Additionally, new methodologies, such as stress testing and scenario analysis, can help model the impact of future climate risks on the financial sector more accurately (NGFS, 2020) [10]. The economic and financial aspects, as well as climate risk exposures, are closely interconnected among local commercial banks across different regions. While this study focuses on the impact of local climate risks on the soundness of individual local commercial banks, it does not fully account for the inter-regional synergistic effects. Future research could incorporate these cross-regional spillover effects to provide a more comprehensive understanding of how climate risks affect the banking sector across regions.
The remainder of this article is organized as follows: The second part reviews relevant literature on climate finance and banking operational risks, summarizes the transmission channels of climate risk to local commercial banks, and presents hypotheses. The third part outlines a research plan based on assumptions, presents the data, and constructs a regression model. The fourth part empirically examines the impact of regional climate risks on the soundness of local commercial banks and analyzes the results. The fifth part conducts a robustness test and further analysis to ensure the validity of the results. The sixth part summarizes the article and offers policy recommendations based on the experimental results.
2 LITERATURE REVIEW AND RESEARCH HYPOTHESES
Climate finance is an emerging research area in finance in recent years, such as the impact of climate risks on asset pricing, financial instruments, financial regulation, and public policy. The signing of the Paris Agreement in 2015 significantly advanced climate finance research. This chapter reviews the existing literature on climate finance and analyzes the mechanisms through which climate risk affects local commercial banks, proposing hypotheses.
The European Central Bank’s 2019 Financial Stability Assessment Report noted that if climate risks are not reasonably priced by the market, they may pose systemic risks across the eurozone. Climate finance risks are characterized by the loss of underlying financial asset value due to climate change, with features of ‘low probability and high loss’. Climate risk encompasses the risks from natural disasters, extreme weather, resource crises, and other negative impacts on human survival and economic growth due to climate change (Guo et al., 2023b) [11]. NGFS (2020) [10] also includes the risks associated with actions taken to address climate change within the scope of climate risk. Most researchers classify climate risk into physical and transition risks (Carney, 2015; NGFS, 2020; Cepni et al, 2023) [3, 10, 12]. Physical risks refer to direct economic losses from extreme weather events such as rainstorms, droughts, high temperatures, and floods, as well as indirect impacts caused by the ongoing effects of subsequent events; Transition risk refers to a series of policies introduced by various countries to address climate change, which lead to the accumulation of uncertain risks in the low-carbon transition market, such as the effects of policies, investor preferences, and market dynamics on economic and financial activities (Yang et al., 2024) [13]. Transition risk is long-term and typically occurs in industries with high levels of asset stranding, such as fossil energy (Zhang et al., 2022) [14].
Finance is the core and lifeblood of the modern economy. A financial crisis can have a profound impact on economic development. In China, banks occupy a central role in the financial system. Initially, China established a highly centralized financial system dominated by large banks (Lin and Li, 2001) [15]. Yao and Dong (2014) [16] believe that China should establish a financial system centered around small and medium-sized banks. By the end of 2023, the total assets of China’s banking industry are expected to account for over 90% of the total assets in financial institutions. This shows that China’s financial system remains dominated by banks. Maintaining the stability of the banking sector is key to ensuring financial stability. Effective banking governance strengthens risk management, promotes stability, and is crucial to financial stability and economic growth (Wang, 2013) [17]. Systemic risks in banking can lead to economic crises and severe socio-economic consequences (Milne, 2009) [18]. A flawed banking system can reduce resource allocation efficiency and increase uncertainty in economic growth (Jokipii and Monnin, 2013) [19]. Stable operations are the fundamental principle of commercial banking, essential across different contexts and institutional conditions, and widely accepted internationally. Gong (2004) [20] suggests that sound banking operations should adapt to economic conditions and market changes, balance safety and efficiency, evolve steadily, and pursue development on a stable foundation. A bank’s soundness reflects its ability to withstand market shocks. The lower the soundness, the more likely a bank is to face a run or collapse during systemic risk, which is linked to its fragility (Wang and Zhu, 2022) [21]. Chen and Wang (2011) [22] argue that existing research fails to fully capture the micro-level risks and robustness of bank operations, and propose a bank robustness indicator system based on five factors: capital adequacy, asset quality, profitability, liquidity, and risk. Most existing research examines the impact of climate change on commercial banks primarily from a risk perspective, often overlooking profitability and efficiency.
The primary source of commercial bank profits is the interest margin between deposits and loans, known as “interest income”. Additionally, “non-interest income” comes from intermediary business activities (Wang and Liu, 2013) [23]. In the fourth quarter of 2023, non-interest income accounted for 19.93% of total income, while interest income exceeded 80%. This indicates that China’s commercial banks still rely primarily on the traditional deposit-loan model for profits. Extreme weather events, such as high and low temperatures and heavy precipitation, can damage assets and reduce profitability for commercial bank borrowers, leading to direct or indirect losses for households and businesses, increasing the likelihood of defaults, and disrupting the stability of banks (Pan et al., 2022) [7]. Specifically, physical risks may lead to a variety of adverse financial outcomes for banks. For instance, extreme weather events such as floods, droughts, and storms can damage physical assets, disrupt supply chains, and reduce the productivity of key industries (e.g., agriculture, energy, manufacturing), all of which have significant financial implications for banks. When such risks are not adequately accounted for, they can lead to higher default rates on loans, especially in sectors most vulnerable to these events (e.g., agriculture, infrastructure, real estate) (Stern, 2007) [24]. Climate risks can cause corporate assets to become stranded or damaged, leading to fluctuations and depreciation in asset values, increasing uncertainty, and causing depreciation of assets mortgaged or held by commercial banks, thus increasing their operational risks (Ploeg and Rezai, 2020) [25]. Wu et al. (2024) [26] argue that the increase in climate risk will lead to a deterioration in the credit quality of commercial banks, resulting in heightened systemic risk, but with a limited impact on the depreciation of their investment portfolios. The intensification of climate risks has resulted in lower efficiency, business damage, supply chain disruptions, asset stranding, unstable income and profits, reduced repayment ability and willingness, rising default rates, and exacerbated bank credit risks, ultimately impacting their soundness. Climate risk not only reduces the profitability of enterprises but also intensifies financing constraints, lowers financing needs, reduces research and development investment, and ultimately decreases total factor productivity (Liu et al., 2023) [27]. Climate change significantly affects the operational efficiency of enterprises, leading to fixed asset losses, reduced expected returns, and decreased financial performance, including revenue, expenses, assets, liabilities, capital, and financing (Qing et al., 2024) [28]. In the context of banking regulation, the Basel III framework recognizes the importance of assessing and mitigating risk factors that could impair a bank’s financial health. Several studies have emphasized the importance of integrating physical climate risks into stress testing and financial disclosure practices to improve the resilience of financial institutions (Stern, 2007) [24]. These insights suggest that integrating physical risks into the assessment of banking risk is essential to ensure the long-term stability and soundness of financial systems. In short, climate risks have increased financing constraints for businesses, reduced their financing capacity and demand, and led to a contraction in the credit scale of local banks. When bank deposit size remains unchanged, a decrease in loan size lowers the loan-to-deposit ratio. The loan-to-deposit ratio reflects a bank’s asset allocation and is a key indicator of its operational efficiency. A higher loan-to-deposit ratio indicates greater efficiency in asset allocation (Zhen and Cao, 2005) [29]. Climate risk reduces corporate financing demand, decreasing the loan scale of local commercial banks, lowering their asset allocation efficiency, and further weakening their soundness.
In addition to the impact of physical risk, transition risk can also be transmitted through enterprises to banks. In order to alleviate the effects of climate change and extreme weather, the international community has begun advocating for low-carbon transformation and limiting carbon emissions, and has signed agreements such as the Paris Agreement to restrict member countries’ carbon emissions. In the process of low-carbon transformation, financial risks have rapidly increased along with the accumulation of climate risks. Climate risks and natural disasters have led to instability in the banking industry, exacerbating financial risks (Hansen, 2022) [30]. In 2020, China proposed the “dual carbon” goal, striving to achieve carbon peak before 2030 and carbon neutrality before 2060. According to data from the International Energy Agency, China’s carbon emissions in 2021 were 10.648 billion tons, accounting for 31.7%, ranking first in the world. China is facing enormous pressure to reduce emissions. Yu et al. (2022) [31] face severe challenges in emissions reduction, requiring significant changes in socio-economic development models and technologies, rapid development of low-carbon energy, decarbonization of energy transformation, and accelerated industrial restructuring. Thus, Chinese enterprises are facing enormous transformation challenges and regulatory pressures. Traditional environmental economic theory holds that environmental regulations affect the production conditions for optimal costs of enterprises. When the internalization of environmental costs intensifies, it will squeeze out the funds invested by enterprises in other places, resulting in reduced efficiency, business damage, and decreased competitiveness in domestic and international markets (Yu and Sun, 2017) [32]. At the same time, strict environmental regulations have increased the financial risks of enterprises, which are more evident in terms of profitability and debt increase (Wang and Wang, 2024) [33]. In the process of transformation, high carbon emitting industries such as fossil steel face the risk of non clean energy assets being stranded due to emission restrictions (Sun et al., 2024) [34], which further leads to a decrease in the value of assets pledged to banks and increases their operational risks. Transition risks arise from significant changes in policy, technology, and market dynamics as economies shift towards sustainability. The transition to a low-carbon economy is driven by policies such as carbon pricing, regulations on emissions, and incentives for renewable energy. These policies directly impact financial markets, influencing capital flows and the cost of financing, particularly for carbon-intensive industries. According to Green Finance Theory, policies aimed at promoting green investments and sustainable practices redirect capital flows towards low-carbon technologies, which can influence the financial stability of banks with large exposures to high-carbon sectors (Lamperti et al., 2021) [35]. Furthermore, the financial transmission mechanisms explain how these policies affect banks through various channels. For instance, carbon taxes increase the cost of financing for carbon-intensive sectors, elevating credit risk for banks that are heavily invested in these industries. At the same time, the introduction of stricter environmental regulations can lead to asset devaluation in high-carbon industries, impacting the collateral value for loans (Carney, 2015; Battiston et al., 2017) [3, 36]. Moreover, the transition can also cause shifts in market expectations, creating both risks and opportunities for banks as they adjust their portfolios and risk management strategies (Nguyen et al., 2023) [37]. In addition, the interaction between policy uncertainty and financial markets is a critical factor in the financial transmission of climate transition risks. The introduction of new policies or changes in existing ones can cause uncertainty in the financial markets, leading to volatility in asset prices and shifting investment patterns (Pastor and Veronesi, 2012) [38]. Banks must navigate this uncertainty while adapting their risk assessment frameworks to mitigate the impact of potential policy changes on their financial soundness.
The above analysis indicates that both ‘physical risks’ and ‘transition risks’ affect the soundness of commercial banks through credit entities, potentially triggering systemic risks. Extreme weather events cause both direct and indirect economic losses to households and businesses. Over the past 50 years, extreme heat, low temperatures, precipitation, and other events have occurred frequently, reaching 11,778 cases, causing more than 2 million deaths and direct economic losses of up to 4.3 trillion US dollars. Given the increasing frequency of extreme weather events, direct and indirect losses caused by climate risks will be transmitted to the banking sector through credit entities, leading to higher default rates, lower collateral value, and profit losses, ultimately decreasing bank soundness. Based on this, the following hypotheses are proposed.
H1. Climate risks have negative impacts on the soundness of local commercial banks.
H2. Climate risk can cause direct economic losses to credit entities, reduce corporate profitability, increase corporate financing constraints, and reduce corporate financing demand, thereby reducing the soundness of local commercial banks.
Risk refers to the uncertainty surrounding future losses, including both the size and likelihood of such losses occurring (Guo et al., 2004) [39]. Huang et al. (2010) [40] defined meteorological disaster risk as a future scenario in which meteorological factors cause economic and social losses, based on the definitions of risk and natural disasters. The risk of natural disasters primarily affects the social economy in two ways: direct losses to the real economy and the anticipated impact of disasters on economic entities (Chen et al., 2014) [41]. Insurance has been highly successful in risk management, as it converts losses from uncertain or low-probability natural disasters into deterministic costs through premiums (Wang, 2006) [42]. Shao et al. (2017) [43] argue that the existence of insurance can reduce macroeconomic losses from risks and help mitigate economic and social fluctuations. For extreme weather, both pre- and post-disaster insurance measures can reduce losses to economic entities. Natural disasters are characterized by low probability and high loss, making the demand for natural disaster insurance by economic entities distinct from other forms of insurance. People tend to choose insurance for risks with a higher probability of occurrence. In China, natural disaster insurance has yet to play its full role, primarily due to insufficient demand for disaster insurance from economic entities, which remains far below global levels (Tian et al., 2015) [44]. Therefore, as climate risks intensify, insurance coverage becomes an effective means of mitigating losses for economic entities, thereby reducing the negative impact of credit entities on bank operations.
Digital technology disrupts enterprise production and operation by reducing costs, eliminating intermediaries, and transforming existing production models and organizational structures. Digital transformation has become a strategic goal for most banks. The digital transformation of commercial banks can significantly improve management, reduce operating costs, enhance operational efficiency, alleviate information asymmetry, and reduce risk-taking. The impact on small and medium-sized banks is more pronounced (Jiang et al., 2023; Zhai et al., 2023) [45, 46]. Improving the digitalization of local commercial banks strengthens risk management awareness, enhances understanding of climate risks, and reduces information asymmetry with high climate-risk credit entities. Digital transformation also helps commercial banks accurately identify enterprise credit needs, direct credit to physical businesses, prevent excessive corporate financialization, improve credit efficiency, and optimize credit structures (Ding and Zhou, 2024) [47]. Improving the digitalization of local commercial banks alleviates financing constraints, boosts financing needs, expands credit volume, and enhances operational performance. Based on this, the following research hypotheses are proposed.
H3. The higher the level of insurance coverage and digitalization, the less impact climate risk has on the soundness of local commercial banks.
3 DATA AND METHODS
3.1 Data
This article uses data from local commercial banks in China from 2009 to 2021 as the research sample. Bank data are obtained from Wuhan University’s China Banking Database (CBD), while climate data, including rainfall and temperature in China, is sourced from the publicly available FTP server of the National Climate Data Center (NCDC) in the United States. Enterprise and macroeconomic data are sourced from the WIND and CSMAR databases. The reason for choosing 2009 as the starting point is that, prior to 2009, the number of local commercial banks and the available data samples were relatively small and not representative. However, as of this study, data for 2022 and beyond have not yet been fully processed and standardized within the CBD. Therefore, the dataset currently extends only up to 2021, which remains highly representative of key trends in banking soundness and climate risk exposure. Although climate risks and financial policies continue to evolve, this period remains relevant for several reasons. First, it captures significant regulatory changes in climate-related financial risks, including the early implementation of green finance initiatives in China (Ma and Zadek, 2019) [48]. Second, it covers multiple extreme climate events, such as severe floods and heatwaves, allowing for an analysis of banks’ responses to different climate risks (Song et al., 2024) [8]. Third, financial institutions have historically adapted their risk management strategies gradually, meaning that insights drawn from this period can still provide valuable guidance for understanding long-term trends in banking stability under climate risks (Bolton et al., 2020) [49]. To mitigate the influence of extreme values, a 1% truncation has been applied to bank financial variables. After data processing, the sample includes 293 local commercial banks, comprising 104 urban commercial banks, 185 rural commercial banks, and 4 rural credit cooperatives, with a total of 2,294 observations. The sample spans 31 provinces and autonomous regions, 131 prefecture-level cities, and 251 county-level administrative regions, demonstrating strong representativeness.
3.2 Research design
The study of climate risk typically requires controlling for time-invariant factors such as geographical characteristics. Therefore, using a fixed-effects model to analyze climate risk is more appropriate (Ding and Sun, 2022) [50]. To verify the above hypothesis, this article constructs the following baseline regression model for empirical analysis:
[image: Equation for sound: Sound_{i,t} = β_0 + β_1 Climate_{i,t} + β_2 Climate_{i,t-1} + β_3 X^{mic}_{i,t} + β_4 X^{mac}_{i,t} + μ_i + θ_t + ε_{i,t}, labeled as equation (1).]
Among them, i represents a certain bank, t represents the year, and γ represents the prefecture level city where the bank is located. The dependent variable [image: Text reads: "Sound subscript i, t". The word "Sound" is in italic font with subscripts "i" and "t".] represents the operational robustness of bank i during period t. [image: The expression "Climate" in italic serif font is followed by a subscript "r,t".] is the climate risk indicator for period t in region r.
Li and Li (2024) [51] believe that the risk impact of climate change on the insurance industry has a significant time lag. Fan et al. (2024) [52] found through a sample study of Chinese listed banks that climate risk has a delayed impact on banks. Similarly, there is a certain lag and persistence in the transmission of climate risks to banks, which means that previous climate risks may have an impact on current bank operations. Therefore, this article adds a first-order lag term of climate risk [image: The image shows the italicized text "Climate" with the subscript "r, t-1".] to the model. [image: Mathematical notation showing the variable \(X^{mic}_{r,t}\) with subscripts \(r\) and \(t\).] represents the bank level control variable. [image: Mathematical expression showing "X" with subscripts "i, t" and superscript "mac".] represents macro control variables at the regional level. [image: The image shows a mathematical symbol: the Greek letter "mu" with a subscript "i."] is the individual fixed effect of the bank. [image: Please upload the image or provide a URL so I can generate the alt text for you.] is a time fixed effect. [image: Mathematical expression of the Greek letter epsilon, subscripted by i and t.] is a random perturbation term.
3.3 Variable definition and explanation
3.3.1 Explained variable
Most scholars primarily consider bank stability—namely non-performing loans or risk-taking—when studying climate risks. However, the concept of bank soundness is distinct from other common bank risk indicators, as it focuses on a bank’s ability to withstand various financial and environmental shocks. Unlike market, liquidity, or credit risk, which typically assess specific types of risks, soundness is a broader measure that integrates capital adequacy, liquidity management, and overall resilience to external pressures. Soundness is particularly valuable because it provides a comprehensive assessment of a bank’s capacity to navigate financial turbulence or economic crises (Laeven and Levine, 2009; Coyle, 2000; Diamond and Dybvig, 1983) [53–55]. Soundness indicators offer a holistic evaluation, encompassing both short-term and long-term risks, making them ideal for assessing a bank’s ability to endure diverse financial and market conditions. Additionally, soundness emphasizes a bank’s preparedness for economic crises, ensuring that it is not only effectively managing risks but also structurally resilient over time (Basel Committee on Banking Supervision, 2011; Blundell-Wignall and Atkinson, 2010) [56, 57]. This makes soundness measures particularly relevant for evaluating both regulatory compliance and operational robustness across the banking sector. This article builds on Gong Feng’s research (Gong, 2004) [20] and classifies bank soundness into three categories: stability indicators, development indicators, and efficiency indicators. Stability indicators include the capital adequacy ratio (Car), liquidity ratio (Liq), non-performing loan ratio (Npl), and provision coverage ratio (Pc). Development indicators comprise the asset growth rate (Dasset), profit growth rate (Dnrofit), and deposit growth rate (Ddeposit). Efficiency indicators consist of return on capital (Pcaptial), return on assets (Passet), income profit margin (Pincome), per capita profit (Pemp), and cost income rate (Cincome). This article employs the entropy method to synthesize 12 tertiary indicators into 3 secondary indicators, which are then consolidated into a single primary indicator. Since all indicators are standardized and normalized before applying the entropy method, a higher bank soundness score indicates better overall bank performance.
3.3.2 Core explanatory variables
Climate risk is typically difficult to measure directly. This article draws on the research method of Pan et al. (2022) [7] and uses extreme weather events to quantify climate risk. Given the availability of extreme weather data, this article conducts empirical tests using extreme high temperatures (Htd), extreme low temperatures (Ltd.), and extreme rainfall (Ipd). Due to significant regional climate variations in China, this article employs the relative threshold method to determine extreme weather thresholds for each region. Temperature and rainfall data from 1981 to 2010 are used as the baseline for climate averages, and the extreme thresholds for local commercial banks are defined using daily meteorological observations from stations in the cities where banks are located. The percentile relative threshold method is applied to determine these thresholds, and the frequency of extreme events occurring each year during the sample period is calculated. Specifically, the methodology involves the following steps: Downloading data from the National Climate Data Center in the United States, extracting it, and selecting data from Chinese stations based on their country IDs. For temperature data, within each station, arranging the daily highest and lowest temperatures during the standard period from lowest to highest, and setting the 90th and 10th percentiles as the thresholds for extreme high and low temperatures, respectively. If, during the sample period, a station records a highest temperature exceeding the extreme high-temperature threshold or a lowest temperature falling below the extreme low-temperature threshold, an extreme high-temperature or low-temperature event is identified in the corresponding city. Daily data are then aggregated into annual reports to determine the number of extreme temperature days per year in each city. For rainfall data, sorting annual rainfall data (greater than 0 mm) within the standard period from lowest to highest, and setting the extreme rainfall threshold as the average of the 90th percentile of each year’s rainfall data. Similarly, if a station records total annual rainfall exceeding this threshold during the sample period, an extreme rainfall event is identified in the city where the station is located. Daily data are then aggregated into annual reports to determine the number of extreme rainfall days per year in each city.
3.3.3 Control variables
To effectively identify the impact of climate risks, this article draws on the methodologies of Pan et al. (2022) [7], Liu et al. (2021) [6], and Xu (2022) [58] and selects the following control variables: Bank asset size (Lsize): The logarithm of total bank assets. Equity asset ratio (Ea): The proportion of equity assets to total assets. Deposit ratio (Dep): The proportion of total deposits to total assets. Net interest margin (Nim): The ratio of a bank’s net interest income to its total interest-bearing assets. Macroeconomic variables are selected based on regional economic development and environmental conditions. Due to data availability, nighttime light brightness (Lights) is used as a proxy for economic development, while the average urban PM2.5 concentration is used as a proxy for environmental quality. The detailed definitions of the variables are presented in Table 1, and the descriptive statistics of the sample are shown in Table 2.
TABLE 1 | Variable definition.
[image: Table detailing variables related to financial soundness and climate risk. Categories include explained, core explanatory, and control variables. Variables like Soundness, Climate Risk, and Bank Asset Size are defined using symbols, such as "Sound" and "Climate," with definitions provided for each. Definitions encompass metrics like GDP proportions, asset sizes, and extreme weather event days.]TABLE 2 | Descriptive statistics of main variables.
[image: Table displaying statistical data for various variables, including Sound, Ipd, Htd, Ltd, Translation, and others. Columns list observations, mean, standard deviation, minimum, and maximum values. For example, Sound has 2,294 observations with a mean of 16.9589, standard deviation of 5.3054, minimum of 2.4895, and maximum of 43.7571.]4 EMPIRICAL RESULTS
4.1 Analysis of baseline regression results
To test the impact of climate risk on bank soundness, this paper employs the regression model specified in Equation 1. The regression results are presented in Table 3. Columns (1)–(6) report the effects of extreme rainfall, extreme high temperatures, and extreme low temperatures on the soundness of local commercial banks. The results indicate a lagged effect of extreme rainfall on the soundness of local commercial banks. Current extreme rainfall does not significantly affect bank soundness, whereas one-period lagged extreme rainfall exhibit a significant negative impact. This negative effect remains statistically significant even after the inclusion of control variables. However, the effects of extreme high and extreme low temperatures remain insignificant, even after controlling for additional variables, suggesting that these temperature extremes do not have a meaningful impact on the soundness of local commercial banks. Ray et al. (2021) [59] found that the frequency of extreme events in India has increased over the past 50 years, with fatalities from floods far exceeding those caused by heatwaves and cold waves. Similarly, Hu et al. (2024) [60] assert that in China, extreme rainfall has the greatest impact and longest duration, persisting for up to 7 months. From an enterprise perspective, extreme rainfall increases environmental uncertainty and operational risks, exacerbating financing constraints, which hinders production activities and promotes financialization. However, extreme high and low temperatures do not exhibit significant effects (Deng et al., 2024) [61]. Extreme precipitation and extreme heat events are intensifying globally, with a rising likelihood of compound extreme events and low-probability, high-impact disasters (Zhai et al., 2021) [62]. In terms of disaster impact, economic losses, and post-disaster recovery, extreme rainfall tends to cause greater direct economic losses, affect a larger population, and require more complex and prolonged recovery efforts compared to extreme temperature events. According to an investigation by the Ministry of Emergency Management of the People’s Republic of China, the consequences of extreme rainfall significantly outweigh those of extreme high temperatures. This suggests that compared to extreme high temperatures, extreme rainfall occurs more frequently, results in greater losses, affects a wider range, and presents greater challenges for disaster response and recovery. Therefore, the negative impact of extreme rainfall on the soundness of local commercial banks is significant, whereas the impact of extreme temperatures remains insignificant.
TABLE 3 | Main regression results.
[image: A statistical table shows regression results for six columns labeled "Sound" with variables Ipd, L.Ipd, Htd, L.Htd, Ltd., and L.Ltd. Values include coefficients, standard errors in parentheses, and significance markers. Observations and R-squared are consistent across models with various controls, bank and year fixed effects.]Climate risk can be categorized into physical risk and transition risk. The previous discussion focused on physical risks, represented by extreme temperatures and extreme rainfall. Transition risk refers to the uncertainty enterprises face in implementing green transformation under increasingly stringent climate policies. These risks include the stranding of high-carbon assets, energy substitution, technological innovation, and environmental regulations, all of which negatively affect business operations. Transition risk undoubtedly impacts the day-to-day operations of enterprises by raising production costs, such as expenses related to clean energy adoption and low-carbon innovation. These factors erode profitability and diminish asset values, which in turn transmit to the banking sector, ultimately reducing the soundness of local commercial banks. Due to the lack of detailed data on commercial bank loan recipients, this article follows the methodology of Li and Pan (2022) [63] to measure transition risk at the prefecture-level city by using the proportion of GDP from high-carbon-emission industries relative to the city’s total GDP. Specifically, we measure regional transition risk using the proportion of GDP from agriculture, forestry, animal husbandry and fishery, construction, real estate, industry, transportation, warehousing, and postal services. The empirical results are presented in Table 4. As shown in Table 4, transition risk also exerts a negative impact on the soundness of local commercial banks. This finding supports Hypothesis 1, confirming that climate risks have negative impacts on the soundness of local commercial banks.
TABLE 4 | Impact of transition risk on the soundness of local commercial banks.
[image: Table displaying regression results with columns for two sound models. Both models show a negative translation coefficient: -.1516 in model one and -.1155 in model two, with statistical significance at the 5% level. Each model includes 670 observations and 273 IDs. The R-squared values are .068 and .118, respectively. The first model has no control, while the second includes control. Both models feature bank and year fixed effects. A note clarifies significance levels.]4.2 Robust test
4.2.1 Adjusting thresholds and removing samples from areas with less impact of extreme events
To further verify the impact of extreme rainfall and extreme temperatures, we adjusted the thresholds for extreme rainfall, extreme high temperature, and extreme low temperature by both increasing and decreasing them. Specifically, the threshold for extreme rainfall was set at the 95th and 99th percentiles, the threshold for extreme high temperature at the 95th and 99th percentiles, and the threshold for extreme low temperature at the fifth and first percentiles. These stricter thresholds for extreme rainfall and temperature allow us to assess whether the regression results remain robust under different threshold specifications. The results are presented in Table 4.
Secondly, China has a vast geographic expanse and significant regional climate variations, leading to differences in both the probability and impact of extreme weather events. As this article employs the relative threshold method to measure extreme weather, the occurrence of extreme high temperatures in traditionally cooler regions and extreme low temperatures in warmer regions may not significantly affect social production and economic activities. This could introduce potential regression bias. Extreme temperature events in central and northern China exhibit strong long-range correlations, suggesting that extreme high temperature events are more likely to occur in these regions. Conversely, regions such as Yunnan-Guizhou, Northeast China, and the Qinghai-Tibet Plateau are less affected by extreme high temperatures (Ren et al., 2010) [64]. Similarly, extreme low temperatures have minimal impact on areas south of the Nanling Mountains. This paper follows the threshold criteria proposed by Cai (2016) [65] for extreme temperature events across different provinces. Specifically, provinces with an extreme high temperature threshold below 30°C and an extreme low temperature threshold above 0°C were excluded from the sample. This includes Guangdong, Guangxi, and Hainan, which are less affected by extreme low temperatures, as well as Qinghai and the Tibet Autonomous Region, which are less affected by extreme high temperatures. The results are presented in Table 5. In Table 5, Columns (1)–(2) present the results after excluding samples from Qinghai and Tibet, while Columns (3)–(4) show the results after excluding samples from Guangdong, Guangxi, and Hainan. The findings in Tables 5, 6 demonstrate that after adjusting the threshold criteria and removing specific samples, the results remain consistent with the baseline regression.
TABLE 5 | Regression results after adjusting the threshold.
[image: Table displaying regression results across six different sound thresholds: 95%, 99%, 95%, 99%, 5%, and 1%. Variables include Ipd, L.Ipd, Htd, L.Htd, Ltd, and L.Ltd. Notable coefficients: L.Ipd shows statistical significance at 10% level in columns one and two. Observations are consistent at two thousand two hundred ninety-four across all columns. R-squared values range from 0.135 to 0.136. Control, bank fixed effects, and year fixed effects are included in all columns. Statistical significance levels are noted with asterisks.]TABLE 6 | Regression results after excluding samples from areas with less impact of extreme events.
[image: Table displaying regression results with variables Ipd, L.Ipd, Htd, L.Htd, Ltd, and L.Ltd. Columns labeled "(1) Sound" to "(4) Sound" show coefficients and standard errors. Observations number between 2,166 and 2,265, with R-squared values from 0.135 to 0.143. Control variables, Bank Fixed Effects, and Year Fixed Effects are included. Significance is indicated by asterisks, with *, **, and *** denoting significance at the 10%, 5%, and 1% levels, respectively.]4.2.2 Replacing the standard period for extreme events and using other methods to measure climate risk
In the main regression, this article adopts the commonly used international practice of using the past 30 years as the standard period to calculate the extreme event threshold. Since the data in this article starts from 2009, the closest standard period is 1981–2010. In order to avoid the impact of incorrect selection of standard periods on empirical results, this article uses two standard periods, 1971–2000 and 1971–2010, to calculate extreme event thresholds and re conduct empirical tests. The regression results are shown in Table 7. According to the results in Table 7, after replacing the standard period, extreme rainfall still has a negative impact on the operational risk of local commercial banks, while extreme temperature does not have a significant impact, which is consistent with the main regression. The greater the fluctuation of temperature and rainfall, the greater the unexpected impact on the social economy. Therefore, this article draws on the approach of Liu et al. (2021) to measure climate risk using the fluctuation of annual average temperature and annual average rainfall, and conducts empirical testing again (We use temperature and rainfall fluctuations calculated based on the base period of 1991–2021). The specific results are shown in Table 8. The results in Table 8 show that rainfall fluctuations have a negative impact on the soundness of local commercial banks, and the impact lags behind; Temperature fluctuations have no significant impact on the soundness of local commercial banks, consistent with the main regression, demonstrating the robustness of the results.
TABLE 7 | Regression results after replacing the standard period for extreme events.
[image: A statistical table compares different sound variables over two periods: 1971–2000 and 1971–2010. The variables listed include Ipd, Htd, and Ltd, with lagged versions L.Ipd, L.Htd, and L.Ltd. The table shows coefficients, standard errors in parentheses, observations, R-squared values, and control variables. Statistical significance is indicated by asterisks, denoting significance at the 10%, 5%, and 1% levels. All models include controls such as bank and year fixed effects.]TABLE 8 | Regression results after replacing explanatory variables.
[image: A table with statistical regression results for four models labeled as sound. Each model includes variables: Prec, L.Prec, Temp, and L.Temp with coefficients and t-statistics displayed below them. Observations, R-squared values, number of IDs, presence of control, bank fixed effects, and year fixed effects are specified for each model. Asterisks indicate statistical significance at the ten, five, and one percent levels.]4.2.3 Excluding the impact of special events
Since the reform and opening-up, China’s rural credit cooperatives have undergone four stages of reform, with the period from 2003 to 2010 marking the stage of provincial-level government management and comprehensive reform exploration (Sun and Wang, 2022) [66]. By the end of 2010, most of China’s rural credit cooperatives had completed the transition to a shareholding system. To avoid the potential impact of these reforms on the analysis, we excluded samples prior to 2011. At the end of 2020, the outbreak of COVID-19 had a profound impact on China’s economy and society. He et al. (2020) [67] argued that in the aftermath of COVID-19, the probability of enterprise defaults increased, significantly affecting urban and rural commercial banks. To eliminate potential biases caused by the COVID-19 shock, we also excluded samples after 2020. The results are presented in Table 9, which shows that the regression findings remain consistent with the main regression, demonstrating the robustness of the results.
TABLE 9 | Regression results excluding special events.
[image: A table presents regression results with variables like Ipd, L.Ipd, Htd, L.Htd, Ltd., and L.Ltd. Each column represents a model of "Sound," showing coefficients and t-values in parentheses. Observations are 1,893 for most models, with an R-squared ranging from 0.087 to 0.162. A significant coefficient of Translation is noted in model (4) with -0.0888**, indicating significance at the 5% level. Models include controls and fixed effects for both bank and year.]4.2.4 Replace the explained variable
Soundness primarily emphasizes stability, which refers to a bank’s ability and condition to maintain financial stability. Stability is the most critical factor in assessing bank soundness. According to Gong Feng’s research (Gong, 2004) [20], the stability index score is the highest-weighted and most influential indicator of bank soundness. Therefore, we replaced the soundness indicator with the stability indicator for robustness testing and selected the default rate as a key variable for further analysis. The regression results, presented in Table 10, show that extreme rainfall has a negative impact on the stability of local commercial banks with a lag effect, while extreme high and low temperatures remain insignificant. Similarly, extreme rainfall significantly increases the non-performing loan ratio of local commercial banks without any lag, whereas extreme high and low temperatures have no significant impact on the non-performing loan ratio. Furthermore, transition risk significantly reduces the stability of local commercial banks, but does not have a significant impact on the non-performing loan ratio.
TABLE 10 | Regression results for replacing the dependent variable.
[image: Table displaying regression results for variables related to stability and Npl across eight models. Coefficients, t-statistics in parentheses, observations, R-squared values, and control variables are shown. Statistical significance is marked at 10%, 5%, and 1% levels.]4.2.5 Endogeneity
To address the potential endogeneity issue between climate risk and the soundness of local commercial banks, we employed an instrumental variable (IV) approach. Specifically, we followed the methodology of Guo et al. (2023a) [68] and used the latitude of local commercial banks as an instrument for extreme rainfall. Latitude is an inherent geographical factor specific to each locality, and it satisfies the strict exogeneity condition required for instrumental variables. This choice is based on the fact that latitude is highly correlated with precipitation patterns, as regions closer to the equator typically receive more rainfall due to the higher levels of solar radiation and atmospheric convection that occur in these areas (Sauter et al., 2023) [69]. Latitude, as a geographical variable, is independent of the financial conditions of banks, making it an appropriate instrument for climate risk in the context of our study.
Table 11 presents findings from the instrumental variables’ two-stage estimation. All the statistical figures derived from the Cragg-Donald Wald test surpass the critical threshold of 16.38, as determined at the 10% significance level by Stock-Yogo (2005), indicating that the problem of weak instrumental variables does not exist. The coefficients before Ipd in Columns (2) were negative and significant at the 10% significance level, which was consistent with the results of the main regression.
TABLE 11 | Instrumental variable (IV) estimation.
[image: Table with two stages showing regression results. The first stage lists the variable IV with a coefficient of -0.4680 and a Z statistic of -16.79, both marked significant at 1%. The second stage lists L.lpd with a coefficient of -0.1039 and a Z statistic of -2.36, significant at 5%. Observations are 2,315 for both stages. Control is present. The Cragg-Donald Wald statistic is 281.803.]5 FURTHER ANALYSIS
5.1 Mechanism analysis
The main credit targets of commercial banks are individuals, households, and enterprises. Climate risk affects the soundness of local commercial banks through three credit entities: individuals, households, and businesses. Extreme weather causes asset impairment and losses for bank credit entities, leading to a decrease in corporate profitability and increasing household income uncertainty. This affects individual, household, and corporate income, resulting in a decrease in the value of bank collateral assets, reduced repayment ability and willingness for individuals and businesses, a decline in the quality of commercial bank credit assets, an increase in default rates, a further increase in non-performing loans, and a decrease in profits. At the same time, from the perspective of profit and risk, banks need to raise interest rates to compensate for the increased operational risks of enterprises, which increases the financing costs of enterprises, increases financing constraints, reduces financing demand, and leads to a reduction in bank credit supply. Therefore, the impact of climate risk on the soundness of local commercial banks is mainly through the direct losses caused by extreme weather to credit subjects, the indirect effects on the profitability of enterprises, and the reduction of credit supply.
5.1.1 Direct economic losses incurred by credit entities
This article uses the logarithm of the direct economic losses caused by natural disasters at the provincial level published by the National Bureau of Statistics as an intermediary variable to measure the direct economic losses of commercial bank service providers. Referring to the mediation effect model proposed by Wen and Ye (2014) [70], a stepwise test method was used to construct a model to examine whether climate risk affects the soundness of local commercial banks by affecting the direct economic losses of service providers in Equation 2 and in Equation 3.
[image: Equation representing a statistical model where Loss at time t for entity i (Loss_it) is a linear combination of Climate at time t (Climate_it), a set of control variables (Controls_it), time fixed effects (μ_t), entity fixed effects (θ_i), and an error term (ε_it).]
[image: Mathematical equation depicting a model for sound with variables for loss and climate. It includes coefficients \(\beta_0\) to \(\beta_6\) and variables for time and macro factors.]
The regression results are shown in Supplementary Table S1. Columns (2) and (3) in Supplementary Table S1 report the regression results of models (2) and (3). The Ipd coefficient in column (2) is positive and significant at the 1% significance level, indicating that extreme rainfall can cause direct economic losses to bank service recipients. In column (3), L The loss coefficient is negative and significant, with Ipd and L Ipd is not significant, indicating that the direct economic losses of bank service recipients have a negative impact on the soundness of local commercial banks, and this impact has a lag effect. The results of columns (1)–(3) indicate that the direct economic losses of service providers are the mediating variable for the impact of climate risk on the soundness of local commercial banks.
5.1.2 Decreased profitability of enterprises
Climate risk worsens the profitability of enterprises, affects their production status, increases the probability of default, and thus affects the soundness of local commercial banks. Due to the inability to obtain bank level enterprise data, it is not possible to conduct bank enterprise matching in a simple way. Therefore, this article refers to the approach of Bertrand and Mullainathan (2001) [71] and Ge et al. (2021) [72], selects a sample of A-share listed companies, and establishes the following two-stage model to explore the impact mechanism of climate risk on the soundness of local commercial banks - whether the profitability of enterprises is established:
[image: Mathematical equation showing a linear model: FirmRisk_i,t equals beta_0 plus beta_1 times Climate_t,u plus beta_2 times X^mic_i,t plus beta_3 times X^mac_i,t plus mu_i plus theta_t plus epsilon_i,t, labeled as equation (4).]
[image: Mathematical expression representing "FrimRisk" with subscripts "i" and "t".] represents the profitability of a company, and [image: Mathematical expression of X subscript i, t superscript mic.] and [image: Mathematical expression showing "X" with superscript "mac" and subscript "r, t".] represent control variables at the company and regional levels, respectively. The coefficient before [image: I'm sorry, it seems like there was an issue with uploading the image. Could you please try uploading it again? If you provide extra context or a caption, that would be helpful too.] represents the impact of climate risk on the profitability of listed companies. This article uses operating profit/total assets to measure the profitability of enterprises, and controls for variables such as the logarithm of total assets, survival turnover rate, industry competition level (Herfindahl index), regional GDP growth rate, Tobin’s Q value, and Hu Huanyong line as dummy variables for regional economic characteristics. Due to the fixed individual and time effects in Equation 4, the estimated value of [image: Please provide the image or a URL for me to generate the alternate text.] represents the average impact of climate risk after excluding individual and macro dimensional influences. This article sets up a time region dimension indicator to connect the Equation 4:
[image: Equation showing FirmRisk with the variables FirmRisk sub t comma n equals beta one times Climate sub t comma n, labeled as equation five.]
[image: Equation representing a model for soundness: \( \text{Sound}_{i,t} = \beta_0 + \beta_1 \text{FirmRisk}_{i,t} + \beta_2 \text{FirmRisk}_{i,t-1} + \beta_3 X^{\text{mic}}_{i,t} + \beta_4 X^{\text{mac}}_{i,t} + H_t + \theta_t + \epsilon_{i,t} \). It is labeled as equation six.]
The estimated coefficients in Equation 5 multiplied by [image: Italicized text "Climate" followed by subscript "r, t".] represent the average impact of climate risk on businesses in the region. Replace the estimated value of [image: Mathematical expression displaying "FrimRisk" with a circumflex accent over the letter "R," subscript "r, t."] with the values of [image: Mathematical notation showing the word "Climate" with subscripts "r" and "t".] and [image: Text showing "Climate" with a subscript of "r, t-1" in italic font.] in Equation 1 to obtain the second stage Equation 6. The coefficient [image: Greek letter beta with subscript one in a stylized font.] represents how the changes in corporate operational capacity caused by climate risks in the region affect the soundness of bank. The results of the two-stage regression are shown in Supplementary Table S2. According to the results of the first stage in Supplementary Table S2, climate risks represented by extreme rainfall have reduced the profitability of enterprises. Based on the comprehensive regression results of the two stages, it can be concluded that climate risks can have a negative impact on the soundness of local commercial banks by reducing their profitability.
5.1.3 Corporate financing constraints, bank credit scale
Climate risk increases the financing constraints for enterprises, reduces their financing needs, leads to a decrease in operational efficiency, increases financial difficulties, and reduces the credit scale of local commercial banks, thereby affecting soundness. This article selects the logarithm of the total loan amount of local commercial banks and the enterprise SA index as intermediary variables to measure the scale of bank loans and financing constraints of enterprises, referring to the mediation effect model of Wen and Ye (2014) [70] and the two-stage model in the previous section.
[image: Mathematical notation for "Loan" with subscripts i, t.] represents the logarithm of the total loan amount, and [image: Mathematical notation representing a variable "S" with subscript "A" and additional subscripts "i" and "t" in italics.] represents the financing constraint of the enterprise. The regression results are shown in Supplementary Table S3. The results in columns (1)–(2) of Supplementary Table S3 show that extreme rainfall can significantly reduce the credit scale of local commercial banks, leading to a decrease in the soundness of banks. The regression results of the two-stage model are shown in columns (3)–(4) of Supplementary Table S3. The results indicate that extreme rainfall exacerbates the financing constraints of A-share listed companies. By constructing an average impact index of climate risk on financing constraints of enterprises in various regions, it can be concluded that extreme rainfall exacerbates financing constraints, leading to a decrease in financing demand and an increase in financing difficulty, which in turn affects the soundness of local commercial banks.
5.2 Heterogeneity analysis
The heterogeneity analysis is crucial in understanding the varying impacts of climate risks on local commercial banks. Different types of banks (such as state-owned or private banks) may respond differently to these risks due to varying levels of government support and risk management capacities (Yeung, 2021) [73]. Moreover, larger banks, with their more extensive resources, are better equipped to handle climate risks compared to smaller institutions (Battiston et al., 2017) [36]. Finally, geographical differences play a key role as regions with higher exposure to physical climate risks, such as coastal areas or arid regions, experience more severe impacts, which can affect their financial stability (Jia et al., 2022) [74].
In order to capture the impact of transition risks on local commercial banks, we acknowledge that enterprises’ technological innovation capabilities and policy adaptation capabilities play a crucial role. However, due to data limitations, particularly the absence of detailed reports on technological innovation and policy adaptation capabilities for many banks in our sample, we were unable to directly incorporate these factors into our analysis. As an alternative, we examined bank size and bank nature (rural commercial banks vs urban commercial banks), as they are often linked to the technological innovation and policy adaptation capacities of the enterprises within the banks’ portfolios. Research has shown that larger banks tend to have more diversified portfolios and better access to technological innovation, which enables them to better manage transition risks (Zhu, 2013) [75]. Similarly, rural commercial banks tend to be more affected by policies, and their policy adaptability is weak, thus weakening their capacity to navigate transition risks (Hao, 2022) [76]. By analyzing these characteristics, we indirectly assess the potential influence of technological innovation and policy adaptation capabilities on the climate risk exposure of the banks.
5.2.1 Nature of commercial bank
Agricultural production is one of the most sensitive sectors to climate change, and climate is the primary factor affecting agriculture. Climate change has led to significant changes in China’s crop planting system and production layout, and the increase in climate risks will directly affect the agricultural economy, resulting in a decrease in crop yields (Ding and Sun, 2022) [50]. Meanwhile, there is an inverted U-shaped relationship between precipitation and crop production. Extreme precipitation leads to waterlogging in farmland, loss of soil fertility, and affects crop yield, which is a factor contributing to the vulnerability of agricultural production (Zhou et al., 2010) [77]. Liu et al. (2012) [78] studied the impact of extreme weather on agricultural economic output in China. The research results showed that climate risk is the Granger cause of reduced agricultural economic output, and extreme rainfall has the greatest impact on agricultural economy. Due to the different nature of local commercial banks, there are significant differences in their service providers and business scope. Rural commercial banks mainly serve agricultural production oriented objects such as agriculture, rural areas, and farmers, and their business scope is mostly related to agriculture, rural areas, and farmers, with geographical locations concentrated in rural areas such as counties. We divided the sample into rural commercial banks (RCB) and urban commercial banks (UCB) for grouped regression to test whether the nature of banks affects the operational robustness of local commercial banks under climate risk. The regression results are shown in Supplementary Table S4, which indicates that neither extreme rainfall nor extreme temperature have a significant impact on the soundness of urban commercial banks. Extreme rainfall has no significant impact on the soundness of rural commercial banks at the 90% threshold, but when the threshold is raised, the impact of extreme rainfall on their operations significantly increases, indicating that the higher the degree of extreme rainfall, the greater the impact on the soundness of rural commercial banks. The impact of extreme high temperatures on the soundness of rural commercial banks increases with the increase of the high temperature threshold, and there is no lag effect. In the basic regression, extreme high temperatures have no impact on the operation of local commercial banks, but due to the significant negative impact of high temperatures on agricultural production, extreme high temperatures have a significant negative impact on rural commercial banks serving agriculture, rural areas, and farmers. There is no significant impact of extreme low temperature on the soundness of rural commercial banks under the three thresholds. The possible reason is that the average annual temperature in China has been increasing year by year, with a significant warming in winter and a relatively small impact of low temperatures on crop yields (Pan et al., 2011) [79]. Yu (2019) [80] studied the impact of climate change on crop production in Zhejiang Province. The study showed that extreme low temperatures had limited effects on crop yield reduction, with the highest impact on rapeseed yield reduction. For every day of increase in extreme low temperatures, rapeseed yield decreased by only 0.53%–0.79%, while extreme high temperatures had a greater impact on crop yield. For every day of increase in extreme high temperatures, early rice yield decreased by 3.91%–5.08%. Therefore, under the background of climate change, the impact of extreme low temperatures on agricultural production and economic and social development is limited, and rural commercial banks are not significantly affected by it. This article also conducts heterogeneity analysis based on the nature of commercial banks on transition risk. The results are shown in Supplementary Table S5. According to Supplementary Table S5, transition risk also have a greater impact on the soundness of rural commercial banks. Rural commercial banks tend to have weaker resistance to policy risks compared to larger banks. This is primarily due to their limited capacity to adapt to policy changes and lower human resource investments. These banks rely heavily on government support and are more vulnerable to policy shifts, especially those related to agricultural financing. Additionally, their lack of advanced risk management and technological resources limits their ability to handle transition risks effectively. Consequently, rural commercial banks face greater challenges and more significant impacts on their financial stability when dealing with transition risks, as they have fewer resources and less capacity to manage such risks compared to larger, more well-equipped banks.
5.2.2 Scale of commercial banks
The larger the scale of a bank, the wider its business scope, the more service objects it serves, and the more branches it has. Its assets are relatively diversified, and risks are more easily spread across various industries. Jiang and Chen (2012) [81] believe that the scale of commercial banks has the function of risk diversification. The larger the scale, the more diversified the operating assets, which can effectively diversify certain risks and reduce their risk-taking. This is more conducive to maintaining soundness and preventing systemic risks from occurring. This article starts from the perspective of local commercial bank assets, and divides the sample of local commercial banks into large and small banks through asset grouping regression to determine the impact of climate risk on the soundness of local commercial banks of different sizes. The results are shown in Supplementary Table S6. According to Supplementary Table S6, extreme rainfall has a negative impact on the soundness of smaller local commercial banks, and the impact increases with the increase of the threshold, while the impact on larger local commercial banks is not significant. The impact of extreme high and low temperatures on the soundness of new commercial banks in both large and small areas is not significant at different thresholds. The results in Supplementary Table S7 indicate that transition risk also has a negative impact on the soundness of smaller local commercial banks. Larger banks generally possess a significant advantage in technological innovation and human capital compared to smaller institutions like rural commercial banks. Their ability to invest in advanced technologies and specialized talent enhances their capacity to manage transition risks effectively. This enables them to adapt more efficiently to policy shifts and market changes. As a result, larger banks experience a lower impact from transition risks, with their financial stability and resilience being less affected compared to smaller banks. Both physical and transformational risks have a greater impact on smaller local commercial banks, making it difficult to effectively diversify risks.
5.2.3 Commercial bank region
With the intensification of global climate change, high temperatures have caused a series of impacts on human health. Temperature can increase negative emotions in humans, leading to psychological disorders. Yu et al. (2020) [82] believe that meteorology has an emotional effect, and teenagers, the elderly, and workers are susceptible to high temperatures and high temperature stress. KO et al. (2024) [83] analyzed data from 140 countries and found that climate change significantly reduces the happiness of people in the region. The impact of extreme high temperatures on labor productivity shows an inverted U-shaped relationship. When the temperature is too high, it will reduce the labor productivity of workers. Due to the decrease in labor productivity of workers, enterprises will increase mechanized production to replace labor (Huang et al., 2023; Wang and Lin, 2021) [84, 85]. Therefore, based on Cai’s research [65], this article retains samples from provinces with high temperature thresholds above 36 °C to empirically test the impact of extreme high temperatures on the soundness of local commercial banks. The regression results are shown in Supplementary Table S8. Extreme high temperatures only reduce the soundness of local commercial banks at the 99% threshold, indicating that in high-temperature areas, the operational robustness of local commercial banks will only be affected when extreme temperatures further intensify.
5.3 Moderating effect
5.3.1 The mitigating effect of insurance on climate risks
Based on the above analysis, climate risk can cause direct economic losses to individuals, households, and businesses, resulting in fixed asset losses, reduced income, decreased repayment ability and willingness, and a decline in the soundness of local commercial banks. Insurance can convert uncertain losses and risks into fixed premiums, and convert uncertain losses faced by individuals, households, and businesses into fixed costs, greatly enhancing their ability to resist risks. Therefore, purchasing property insurance can enhance one’s ability to resist risks and prevent low-risk, high loss risk shocks at a lower cost. This article uses property insurance income data from various provinces to divide the samples into high and low levels of property insurance, and conducts empirical tests by grouping them. Meanwhile, using the interaction term approach, the moderating effect of property insurance was verified, and the results are shown in Supplementary Table S8. According to Supplementary Table S8, climate risk has a negative impact on the soundness of local commercial banks in samples with low insurance levels, while the impact is not significant in samples with high insurance levels. At the same time, under the interaction term model, the coefficient before the interaction term between extreme rainfall and property insurance income is positive, indicating that property insurance has a positive moderating effect on the impact of climate risk on the operational robustness of local commercial banks, which is consistent with hypothesis 3.
Climate has a significant impact on agricultural production, and rural commercial banks are greatly affected by climate risks. But insurance can mitigate the negative impact of climate risks on the operation of local commercial banks. Agricultural insurance can supplement farmers’ risk diversification ability in large-scale natural disasters and help restore production (Zhang et al., 2007) [86]. Agricultural insurance can alleviate the impact of climate risks on agricultural production and the risks transmitted to local commercial banks. This article uses agricultural insurance income data from various provinces to empirically test whether the level of agricultural insurance protection can alleviate the impact of climate risks on the soundness of local commercial banks. As shown in Supplementary Table S9, agricultural insurance is beneficial in mitigating the negative impact of climate risks on local commercial banks. But the coefficient is not significant under the interaction term model, which may be due to the relatively backward and narrow coverage of China’s agricultural insurance system in the early days. In 2013, China implemented the “Regulations on Agricultural Insurance”, and the development of agricultural insurance entered a new stage (We excluded samples before 2014, and the coefficient before the interaction term was significantly positive, proving the impact of agricultural insurance on mitigating climate risks).
Regarding the transition risk, this article also divided the samples into two groups based on property insurance and agricultural insurance, with high and low insurance levels, for grouped regression. The regression results are shown in Supplementary Table S10. The results in Supplementary Table S10 show that the levels of agricultural insurance and property insurance have no mitigating effect on transition risks. The possible reason is that transition risk is the risk of increased costs and decreased profits in the production process due to environmental regulations, carbon emission restrictions, and other factors. Therefore, purchasing property insurance and agricultural insurance cannot have a positive effect on environmental penalties, asset obsolescence, and green technology innovation faced by enterprises during the transformation process.
5.3.2 The mitigating effect of digitalization on climate risks
The digital transformation of local commercial banks has the effect of reducing costs and increasing efficiency, effectively alleviating the degree of information asymmetry between banks and enterprises, improving operational efficiency, and expanding credit scale. According to the above analysis, improving the digitalization level of local commercial banks is beneficial for mitigating the negative impact of climate risks on their soundness. This article uses an interaction term model to verify the effect of digital level mitigation of climate risk on the operational robustness of local commercial banks. The measurement of digitalization level is generally obtained by using Python text analysis to aggregate the frequency of keywords appearing in the “digitalization” dictionary in the annual reports of listed companies (Wu et al., 2021) [87]. Local commercial banks are different from listed companies in that it is difficult to collect annual reports and disclose information irregularly, making it difficult to obtain effective digital transformation keywords. This article draws on the approach of Qi et al. (2024) [88] and uses a “Python text analysis + information retrieval” method to construct a digitalization level index for local commercial banks, measuring the level of digitalization. Python text analysis are used to statistically analyze keyword search results, which are summarized by bank year. This index has obvious right bias, and we perform logarithmic processing on it. The regression results are shown in Supplementary Table S11. The significant improvement in digitalization has alleviated the impact of extreme rainfall on the soundness of local commercial banks. Meanwhile, the risk of transformation does not have a significant impact on the soundness of local commercial banks with high levels of digital transformation, but still has a significant negative impact on the soundness of local commercial banks with low levels of digital transformation.
6 CONCLUSION AND SUGGESTIONS
This article uses a sample of 293 local commercial banks from 2009 to 2021 to categorize climate risk into physical risk (extreme high temperatures, extreme low temperatures, and extreme rainfall) and transition risk. It quantitatively analyzes the impact of climate risk on the soundness of local commercial banks and tests the heterogeneity of this impact across bank size, type, and property insurance levels. The main conclusions of the empirical test are as follows: (1) Climate risk, represented by extreme rainfall, significantly reduces the soundness of local commercial banks, while extreme high and low temperatures have no significant impact across the entire sample. (2) Climate risk affects the soundness of local commercial banks by impacting the direct losses and profitability of individuals, households, and businesses, reducing repayment capacity and loan willingness. (3) Agriculture is an industry highly impacted by climate risks. Extreme high temperatures and extreme rainfall negatively affect the soundness of rural commercial banks, with the impact intensifying as climate risks increase, but no significant effect on urban commercial banks. (4) Large-scale local commercial banks have stronger risk diversification capabilities, while extreme rainfall has a greater impact on smaller-scale local commercial banks, with the effect increasing as climate risk intensifies. (5) Property insurance preserves assets at low cost and converts uncertain climate risks into premiums. (6) Digital transformation reduces information asymmetry among local commercial banks, improves capital utilization, and mitigates the impact of climate risks on their soundness. (7) Both transition and physical risks negatively impact the soundness of local commercial banks. Due to differences in impact channels, transition risk has a greater effect on rural and smaller banks, while the alleviating effect of agricultural insurance is not significant.
Based on the above analysis, this article proposes the following recommendations:
First, raise awareness of climate risks among local commercial banks and integrate them into their daily management practices. Different types of climate risks should be assigned appropriate weights. For risks such as extreme rainfall, which can lead to significant losses, preventive measures and contingency plans should be established in advance.
Second, rural commercial banks with a high proportion of agricultural credit should carefully consider the impact of local climate on agricultural production, including whether specific agricultural products are affected by extreme temperatures and rainfall. In daily operations, when collateral is involved, it is crucial to assess the potential for climate risks to cause damage, and for collateral vulnerable to climate risks, its value should be appropriately adjusted.
Third, local commercial banks should pursue diversified business operations to broaden their scope and mitigate climate risks. A concentrated business scope makes operations highly vulnerable to climate risks, which can have a significant impact. Diversifying into other industries less affected by climate risks can help mitigate these risks and enhance operational stability. Additionally, risk hedging products can be developed to manage potential climate risks. Certain agricultural products are less impacted by extreme temperatures and rainfall, with some crops even benefiting from these conditions. Credit supply can be adjusted based on the type of operation to hedge against climate risks.
Fourth, local commercial banks should encourage or even mandate property insurance for individuals facing higher climate risks, incorporating insurance purchase decisions into credit assessments to determine credit limits and interest rates. When granting credit to individual and family customers, banks should consider their insurance coverage to ensure sufficient risk protection. Banks can collaborate with insurance companies to offer policy incentives for high-quality customers, improving bank soundness and boosting insurance companies’ revenues. Simultaneously, local commercial banks should accelerate their digital transformation, aiming to reach higher levels of digitalization, reduce information asymmetry between banks and enterprises, and enhance fund utilization efficiency.
Finally, the feasibility of digital transformation varies across banks due to differences in financial resources, technological investment capabilities, and talent availability (Cuesta et al., 2015) [89]. Large commercial banks have the resources to invest in advanced AI-driven risk prediction models, while small and medium-sized banks may face challenges due to limited technical expertise and funding constraints. To effectively integrate digital transformation into climate risk management, banks can adopt a phased implementation strategy based on their size and technological readiness: Large banks: Can establish dedicated climate risk management departments, develop AI-driven climate risk models, and integrate blockchain for secure green finance transactions. Medium-sized banks: Can focus on partnerships with fintech firms, adopting cloud-based climate risk analysis tools, and enhancing data-sharing platforms for climate finance. Small banks: Should prioritize cost-effective solutions, such as utilizing government-provided climate risk databases, outsourcing data analysis to specialized firms, and leveraging public-private collaborations for technology adoption.
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Introduction: In the e-commerce supply chain, many risk-averse suppliers face the dilemma of capital constraints. Bank financing helps to alleviate these financing difficulties, and blockchain trust mechanisms can optimize bank financing strategies.Methods: To address the issue of capital constraints for suppliers, based on the two operating modes of Consignment and Direct Selling in the e-commerce supply chain, using the Stackelberg game, considering the company’s risk-averse behavior and consumers’ green preferences, a game model is constructed to explore the impact of factors such as blockchain, risk aversion, product greenness, guarantee interest rates, and information verification efforts on bank financing strategies.Results and discussion: When the blockchain technology is adopted within a certain threshold, the supplier can obtain higher financing income by adopting consideration than Direct Selling. Compared with the Direct Selling mode, the blockchain trust mechanism under consideration mode can play a better role and improve the financing efficiency of suppliers. The financing efficiency of suppliers will also decrease with the increase of risk aversion coefficient, and the impact of risk aversion on suppliers will be greater in the case of blockchain, but the trust of blockchain will increase with the increase of risk aversion coefficient. Product greenness will increase the sales price of e-commerce supply chain under consideration mode, and improving product greenness will help improve enterprise cash flow. However, under the Direct Selling mode, the impact on the price is not great, and the impact on the financing strategy will be different. Although the guaranteed interest rate will increase the financing cost, it will make banks more willing to provide financing for suppliers with financial constraints. In practice, managers should comprehensively consider the balance between guaranteed interest rate and financing return. Information verification efforts will increase product greenness and green preference coefficient, and the improvement of information transparency will make e-commerce platforms more willing to provide guarantees for suppliers. This study is expected to provide decision-making references for the managers of e-commerce supply chain.Keywords: blockchain, risk aversion, green preference, e-commerce supply chain, bank financing
1 INTRODUCTION
The e-commerce market is growing rapidly, and the market size of e-commerce supply chains is expanding, leading to an increasing demand for Supply Chain Financing (SCF) and growing concerns about financing constraints. According to the “2023 Global E-commerce Platform Report” published by Webretailer, global green e-commerce sales $6.3 trillion, with an annual growth rate of 9% in 2023. It is expected to reach $8.1 trillion by 2025. The continued growth of the green e-commerce market has made the operation of e-commerce green supply chains a key area of focus [1]. Consumer green preferences are driving suppliers to focus more on producing green and low-carbon products. To meet market demands, e-commerce supply chains have adopted two sales models: Direct Selling and Consignment. In the Direct Selling model, which is platform-led, inventory funding is high, and financing demand is rapidly increasing. In the Consignment model, which is supplier-led, the operation cycle is longer, and cash flow is insufficient. With market expansion, the demand for funding in e-commerce supply chains continues to grow. According to Market Research Future, the global supply chain financing demand was valued at $235 billion in 2023. According to the World Bank’s report on “Financing Gaps for Small and Medium Enterprises,” the financing demand of Small and Medium-sized Enterprises (SMEs) accounted for 40% of global supply chain financing demand in 2023. The financing needs of e-commerce supply chains are enormous, but existing funds cannot fully meet operational requirements, with about 35% of businesses facing severe financing constraints.
Bank financing is the most widely used financing model, and finance strategies can address the financing constraints of e-commerce green supply chains. In bank financing, suppliers with financial constraints are guaranteed by the e-commerce platform and apply for loans from banks to solve their own financial problems [2]. For funding-constrained suppliers, bank finance is preferred due to its simple process and comprehensive audit measures [3]. In the bank financing model, higher interest rates increase financing costs, and seller competition is detrimental to improving financing efficiency. Higher product pricing can generate more cash flow, better alleviating funding constraints [4]. Operating capital levels also affect financing strategy formulation. A higher guaranteed interest rate encourages e-commerce platforms to provide more guarantees. The platform’s service fee rate should not be too high, as this could affect the financing willingness of funding-constrained firms [5]. Both interest rates and product pricing affect financing costs, and the platform’s sales model also influences financing strategies, making it crucial to choose the right sales model to improve financing efficiency.
In e-commerce supply chain bank financing, there are many risk-related issues, and businesses are increasingly focusing on risk aversion. Bank financing relies on e-commerce platforms to provide guarantees for suppliers to resolve their funding constraints. However, suppliers are often SMEs with low credit ratings and significant credit and moral risks [6]. Information asymmetry between enterprises leads to barriers in the finance review process, and the information obtained cannot guarantee its authenticity, resulting in a lack of trust mechanisms and the risk of fraudulent transaction data [7]. E-commerce supply chain enterprises are generally risk-averse, and risk-averse suppliers tend to adopt conservative, preventive measures in financing decisions to reduce potential risks and ensure operational stability [8]. Risk-averse e-commerce platforms assess supplier credit by reviewing the transaction data within the e-commerce supply chain, a data-based risk control approach that allows the platform to effectively reduce potential risks and meet its own risk aversion preferences [9].
Blockchain technology holds great potential for improving bank financing strategies in e-commerce supply chains. Blockchain’s trust mechanism enhances the credibility between enterprises, reduces the risks faced during financing, and improves the financing efficiency of suppliers. According to Grand View Research, the application market for blockchain in e-commerce green supply chain financing is expected to reach $26.4 billion by 2027, primarily benefiting from the transparency blockchain provides, which reduces fraud risk, alleviates financial constraints, and improves liquidity. Blockchain automates the recording of transaction data, reducing the cost of information collection and enabling real-time dynamic credit ratings based on blockchain data. Especially in multi-level e-commerce supply chains, blockchain’s trust mechanism better facilitates trust transmission, reducing credit risks and moral hazards related to adverse selection. The SAS platform of Ping An Bank uses the distributed ledger technology of blockchain to transfer and manage accounts receivable, which solves the problem of information sharing and trust transfer between transaction parties, and improves the financing efficiency of banks. In various power structures within the e-commerce supply chain, blockchain can better protect the interests of followers. According to JD.com’s statistics, JD Finance utilizes blockchain to enhance supply chain financial services, shortening the financing cycle by 30%–40% and reducing financing costs by 15%–25%. Blockchain enhances trust in financing data, reduces reliance on intermediaries, simplifies financing processes, lowers financing costs, and increases financing returns [10]. The “Double Chain Link” platform launched by Ant Financial takes advantage of the immutability and transparency of blockchain to enhance financial institutions’ trust in transaction information, reduce financing costs and risk levels, and optimize bank financing strategies.
To solve the funding constraints in e-commerce supply chains and better help enterprises avoid risks, this study uses blockchain technology to optimize bank financing strategies and improve financing efficiency. The study constructs a bank financing model for e-commerce supply chains before and after adopting blockchain, considering Direct Selling and Consignment sales models, and explores how blockchain and risk aversion affect bank financing strategies. The study addresses the following key questions: (1) Will bank financing differ under different power structures in the e-commerce supply chains with Direct Selling and Consignment models? How can the sales model be chosen to seek the optimal bank financing strategy? (2) What is the difference between the bank financing strategies of e-commerce supply chain before and after the adoption of blockchain? How to optimize bank financing strategy by using blockchain trust mechanism? The contributions are as follows: First, from the perspective of blockchain trust, it discusses the impact of trust between enterprises and between enterprises and the market on bank financing strategies, providing new insights into the study of factors affecting bank financing. Second, using game theory analysis, it investigates the impact of enterprises’ risk aversion on bank financing strategies before and after blockchain adoption, finding that higher risk aversion does not necessarily lead to improved financing efficiency, which contradicts common assumptions. Finally, Consignment the Direct Selling and consideration of e-commerce supply chain, this paper explores the choice of sales methods to seek the best bank financing strategy. The traditional two-level e-commerce supply chain is extended to a three-level deep-level e-commerce supply chain, and the bank financing strategies under different power structures of the supply chain are analyzed. With different sales methods and power structures, the bank financing strategies will be different, and appropriate sales methods should be chosen to improve financing efficiency.
The structure is as follows: Section 2 summarizes existing literature. Section 3 is the practical issues of the research, defines relevant symbols, and presents research hypotheses. Section 4 builds three models: the baseline bank financing model, risk-averse e-commerce green supply chain bank finance model, and blockchain-enabled risk-averse e-commerce green supply chain bank finance model, followed by comparative analysis. Section 5 conducts numerical analysis of the models using MATLAB, examining the effects of blockchain, blockchain trust, risk aversion, product greenness, guarantee interest rates, and information collection efforts on e-commerce supply chain bank financing strategies. Section 6 concludes the paper, discussing its limitations and proposing future directions.
2 LITERATURE REVIEW
2.1 Bank financing strategies in E-commerce supply chain
Research on banking financing strategies in e-commerce supply chains mainly focuses on financing influencing factors, financing risks, financing strategy models, and strategy optimization.
Regarding the influencing factors of financing, interest financing impacts the willingness of constrained supply chains to take loans. Supply chain companies can achieve Pareto optimality and better financing benefits when financing rates fall within a certain threshold. When the rate is smaller, the order quantity increases, and the expected profit for online retailers also rises. Additionally, initial working capital also affects the choice of financing strategies [11]. Under the Direct Selling model, when the unit costs of products with different qualities are the same, and the differences in e-commerce service fees and product evaluations are minimal, manufacturers constrained by funds are more likely to opt for bank financing [12]. Other scholars have analyzed various factors that influence bank financing, exploring the operational mechanisms and internal influences of SCF. They found that government subsidies and third-party guarantees also affect e-commerce supply chain bank financing strategies [13]. The financing loan contract and corporate decision-making also influence financing effectiveness, determining the expected profit of both parties with the optimal decision based on game model calculation [14]. Additionally, under the Consignment model, product greenness affects the financing strategy of carbon-dependent manufacturers [15].
Regarding financing risks, the rapid expansion of the e-commerce market has intensified risk issues, with rising uncertainties and risks in e-commerce supply chain bank financing. Therefore, risk identification methods should be actively explored. Scholars have applied Deep Convolutional Neural Networks (DCNN) to predict risks in financing decisions, and DCNN has been shown to provide better predictions than traditional neural networks and support vector machines, with an accuracy rate of 95.36% [16]. Some researchers have utilized game theory to explore the risks in financing decisions and found that higher expected output coefficients result in lower production inputs but increase the purchase price, thus mitigating the impact of risks on financing strategies [17]. Introducing core enterprises into bank financing can leverage their advantageous position and provide guarantees to reduce the overall credit risk in e-commerce supply chains. Game theory analysis, based on the Consignment model, has been used to study financing strategies considering credit guarantees and default risks [18]. Case study research has also shown that risks can be reduced from the perspectives of banking, business, and legal aspects, helping enterprises to take timely measures to mitigate risks.
In terms of financing strategy models, some scholars have constructed game models under the Consignment model to explore the optimal financing strategies for SMEs facing financial constraints [19]. Other researchers have validated financing mechanisms using a cash-to-cash flow sensitivity model [20] and assessed the factors influencing supply chain performance through a comprehensive evaluation method [1]. Additionally, an interpretive structural model has been used to simulate the relationships between financing factors [21]. Bank financing can improve financing efficiency by alleviating information asymmetry. Other researchers have proposed a new cooperation method using a network perspective to trigger capital flows between customers, which better alleviates funding constraints [22]. The integration of artificial intelligence (AI) into e-commerce supply chain bank financing has promising research prospects, with some scholars examining optimal financing strategies using emerging technologies. Under the Direct Selling model, when the regret cost are lower, but the platform’s commission is higher, SMEs facing financial constraints are more likely to choose bank financing [23]. Evolutionary game models have been used to study green financing firms, promoting green innovation to achieve balanced finance [24]. Some scholars use Stackelberg game to explore the financially constrained retailers by considering the impact of joint pricing and quality level [25]. When manufacturers and logistics providers are free riders in financing decisions, the game analysis method can be used to obtain the financing equilibrium point and find the optimal financing strategy [26]. In the low-carbon supply chain, considering the impact of low-carbon performance, Stackelberg game is used to explore the optimal financing strategy [27].
Regarding financing strategy optimization, guarantee-based financing solutions have become increasingly popular as they help enterprises more easily access financing and optimize financing strategies. In the Consignment model, in addition to bank financing, alternative finance products and services such as retailer credit finance and hybrid finance are used to offer SMEs more diverse financing options, optimizing the financing strategies [28]. Because the loan limits provided by commercial banks are relatively high, financing costs are also higher, and credit combination financing can broaden the funding channels for constrained enterprises to optimize their financing strategies [29]. In uncertain conditions, creating value from the perspective of sustainable development can improve corporate credibility and optimize financing strategies [30]. Strengthening green innovation helps attract more consumers and improves financing efficiency [31].
Overall, e-commerce supply chain bank financing has a promising research outlook, bringing more opportunities and advantages for alleviating financing constraints, and can effectively improve financing efficiency. Existing research on the factors influencing bank financing strategies in e-commerce supply chains has paid limited attention to the impact of emerging technologies. This study innovatively explores the effect of blockchain trust mechanisms on bank financing strategies. While existing studies have considered the issue of financing risk when formulating bank financing strategies, there has been little research on how risk attitudes affect financing strategies. Therefore, it is necessary to incorporate the risk aversion attitude of firms into the analysis. Based on social preference theory, this paper introduces the behavioral management of business decision-makers and examines the impact of risk aversion on bank financing strategies, grounded in the real operational scenarios of e-commerce supply chains such as Direct Selling and Consignment. Among various bank financing models, this study mainly adopts the Stackelberg game analysis method, which is different from previous studies in that this study considers the risk aversion and green preference of enterprises and other influencing factors to explore the optimal bank financing strategy. Regarding financing strategy optimization, most existing literature on bank financing strategies has been based on traditional supply chain structures. This paper innovatively investigates optimal financing strategies from the perspective of sales channel choice, closely aligning with the characteristics of e-commerce supply chains and consumer green preferences. It comprehensively considers the two sales models, Consignment and Direct Selling, and different supply chain power structures to explore how different power structures and sales methods impact bank financing strategies.
2.2 Blockchain-based supply chain financing strategy
Research on blockchain-based SCF strategies mainly focuses on the role of blockchain, finance influencing factors under blockchain, the effects of blockchain on financing, and the optimization of financing strategies in blockchain contexts.
Regarding the role of blockchain, blockchain, as a decentralized and secure technology, has injected new vitality and possibilities into SCF, significantly impacting the formulation of financing strategies. Smart contracts can be automatically executed, strengthening trust between enterprises, while consensus mechanisms allow for information sharing and enhance traceability [32]. The coupling of blockchain with SCF enhances the effectiveness of financing strategies within supply chains, breaking through the bottlenecks of traditional financing mechanisms, improving information exchange between enterprises, and assisting banks in better assessing credit levels, thereby providing financing support to financially constrained companies [33]. Using blockchain’s smart contracts and other technological tools, the automation of contracts and funds flow, as well as real-time detection, simplify financing processes, reduce human intervention, and mitigate moral hazards such as adverse selection. Machine learning algorithms, applied in blockchain, improve the prediction of corporate credit risks, better preventing risks faced by enterprises and enhancing the security and transparency of blockchain transaction systems [34]. The advantages of blockchain effectively address issues such as difficulty in information sharing and lack of trust mechanisms in the financing process, improving financing efficiency. Through its decentralized and immutable properties, blockchain allows all participants to achieve transparent information sharing and real-time updates, reducing credit risk and increasing the reliability of financing information [35].
Regarding the influencing factors of financing under blockchain, blockchain-based SCF has attracted significant attention. Game-theoretical models are constructed with different blockchain structures to analyze the financing equilibrium and decision-making problems of the participants. It is found that when the number of receivables exceeds a threshold, it becomes more difficult for enterprises to repay loans, and delayed payment financing strategies can help enterprises achieve higher financing benefits. When the loss from financing defaults is relatively low, the likelihood of defaults by financially constrained companies is higher. However, when the default loss is large and reliable income is more substantial, enterprises are more likely to fulfill their commitments, minimizing credit risk and optimizing the financing strategy [36]. In multi-period two-level supply chains, considering the impact of bank insurance on financing strategies, scholars have proposed BCT-SCF platforms that can convert receivables into online bills for transfer payments. With the support of bank insurance, blockchain-driven accounts receivable factoring improves the accessibility of financing. This method is widely applied in business settings. Case studies confirm that the introduction of blockchain technology, higher product pricing, and lower factoring fees all help alleviate financing constraints [37]. A certain degree of product greenness may increase manufacturing costs but boosts overall returns and increases cash flow, thereby alleviating financial constraints. When blockchain investment efficiency is high, trade credit finance is more advantageous than bank finance in improving finance efficiency [38]. The introduction of blockchain enables better tracing of green information, driving green investment, and improving financing availability. Thus, green innovation and investment also influence financing strategies [34]. In the sustainable green supply chain, green investment has attracted much attention. Although the introduction of blockchain technology will increase business costs, it will also increase the level of green sensitivity of consumers and reduce tax costs [39]. Applying blockchain technology to the accounts receivable financing model of green supply chain, Stackelberg was used to explore the optimal financing conditions, and the setting of pledge rate and loan interest rate had a great impact on financing strategies [24]. In the dual-channel green supply chain, financially constrained manufacturers can choose two combination financing strategies: bank financing and platform financing (EB) and prepayment financing and platform financing (EP). Before and after the adoption of blockchain technology, EP is the optimal strategy. When the green degree difference of dual-channel products is large, the offline sales price is higher than the online sales price. When blockchain costs reach a certain threshold, adoption of blockchain technology should be reduced [40].
In terms of the effects of blockchain on financing, blockchain technology addresses frequent issues such as fraud and high financing costs. It simplifies SCF transaction process and offers solutions to collaborative financing dilemmas. Blockchain can effectively reduce financing risks, and higher blockchain technology and credit costs help improve overall financing returns [41]. Blockchain technology can reshape financing processes, and the new technical architecture based on blockchain’s underlying design can resolve trust and default issues within supply chains, perfecting the credit breakdown mechanism, reducing risks, and improving overall efficiency. By providing trustworthy data records and transparent transaction processes, blockchain offers a more reliable and efficient solution to risk reduction [42]. Blockchain helps to strengthen the trust among enterprises in multi-level supply chain. Based on the intuitionistic fuzzy set theory, it implements a reward and punishment mechanism for enterprises through dynamic weight allocation to achieve trust aggregation and credit transmission [43]. The comprehensive trust value of the enterprise can be calculated by using the cloud function in the blockchain, stored in the blockchain and can be split, and the transfer of trust can be realized by the split warrant [44]. In order to alleviate the trust crisis, blockchain technology is used to realize credit information sharing, and a credit evaluation model is built in combination with Funk-SVD to improve the trust framework of supply chain financing [45]. Blockchain’s smart contracts have excellent applications in the flow of information and capital operations, better meeting enterprises’ funding needs, enhancing financing system transparency and trust, and effectively reducing fraud risks while extending payment deadlines. Blockchain’s advanced technologies should be fully leveraged in SCF risk management to improve the effectiveness and feasibility of financing strategies [46]. Financing risks are a major focus for many scholars. In deep-tiered supply chains, upstream suppliers often have small sizes and high financing demands. Limited visibility in multi-tiered supply chains exacerbates financing difficulties. Game analysis shows that blockchain enhances the traceability of on-chain information, optimizes financing decision-making, and mitigates risk-taking by companies. When secondary suppliers face severe financial constraints and their daily operating costs fall below a certain threshold, financing can ensure the interests of tertiary suppliers with lower risks. Cross-level financing based on blockchain can achieve a win-win, reducing financing risks and improving financing efficiency [29].
Regarding the optimization of finance strategies under blockchain, blockchain-powered supply chain financing is widely applied across various industries, significantly promoting innovations in SCF strategies. Some scholars have explored the stable financing equilibrium strategies of supply chain enterprises through a three-party evolutionary game model, analyzing collusion behaviors in enterprises within bank financing, and innovating financing structures and business logic to optimize financing strategies [47]. Other scholars, using case studies of blockchain financing platforms, propose optimization suggestions for financing strategies under blockchain-driven SCF models. By utilizing blockchain’s immutability, consensus mechanisms, smart contracts, and other features, transaction processes are effectively simplified, information sharing and transparency are enhanced, trust costs are reduced, and financing difficulties faced by SMEs are alleviated [48]. Blockchain financing platforms accelerate capital flow and integrate supply chain resources based on trustworthy data, providing better solutions to ease enterprises’ financing constraints and optimize SCF. As the underlying technology of digital currencies such as Bitcoin, blockchain optimizes financing models and improves liquidity among enterprises on the blockchain. After the introduction of blockchain, issues of distrust between enterprises are resolved, bank loan risks are reduced, the credibility of financing increases, and financing efficiency is significantly improved. To protect corporate privacy data during the financing process, homomorphic encryption can be used to better meet the needs of financing entities, helping financially constrained enterprises secure funding more effectively [49]. In blockchain-enabled SCF, financial institutions’ and enterprises’ multiple decision-making factors should be comprehensively considered to explore stable equilibrium strategies for financing platforms, solve supply chain distrust and risk issues, assist companies in better managing risks, and optimizing financing strategies [50].
Blockchain technology has a good application in many industries and has an important impact on bank financing strategies. From the existing research, in terms of the role of blockchain, most of them explore its application in financing strategy based on the traditional characteristics of blockchain, such as smart contract. From the perspective of blockchain trust, there are few studies on improving blockchain trust mechanism to optimize financing strategy, while higher trust between e-commerce supply chain and banks can better optimize financing strategy. From the perspective of blockchain trust, this paper explores the influence of blockchain trust mechanism between supply chain and banks, and between supply chain and green consumers on financing strategy. In the aspect of financing influencing factors, although existing scholars have considered risk factors, it is rare to explore its influence on financing strategy from the aspect of risk aversion behavior of enterprises. In terms of financing impact, blockchain can simplify the financing process, reduce the problem of default, better alleviate financing risks and improve financing efficiency. On this basis, this paper introduces contract coordination mechanisms to coordinate interest conflicts and reduce credit risk. Blockchain can improve the trust between enterprises and realize the splitting and transmission of credit. The existing research considers the application of blockchain in green supply chain financing; based on this, this study considers the green preference of consumers and the green investment of suppliers to explore the optimal bank financing strategy. In terms of strategy optimization, most scholars discuss the influence of blockchain on financing strategy based on theory, and some scholars analyze blockchain financing platforms in the form of cases. In this paper, quantitative analysis is used to explore the optimal financing strategy, and at the same time, the influence of risk aversion and sales mode selection on financing strategy is considered to explore how to coordinate the supply chain to optimize financing strategy.
3 PROBLEM DESCRIPTION AND RESEARCH HYPOTHESIS
3.1 Problem description and notation definition
In an e-commerce green supply chain consisting of suppliers, manufacturers, and green e-commerce platforms, enterprises are risk-averse, two sales methods are considered: Direct Selling and Consignment. These two sales methods are the most common and representative, with significant differences in inventory management, risk taking, capital liquidity and decision-making right allocation, which can cover the typical operation scenarios of different subjects in the supply chain. Under the Direct Selling Mode, suppliers process green products and sell them to market consumers via the e-commerce platform at a price [image: Please upload the image or provide a URL for me to generate the alternate text. Optionally, you can add a caption for additional context.]. In this scenario, the supplier must pay the platform a certain usage fee proportion [image: Please upload the image or provide a URL for me to generate the alternate text.]. With greater pricing power and market control, e-commerce platforms can bring products to market more quickly and obtain cash flow. This model is suitable for those enterprises that pursue rapid financing and want to use the advantages of the platform to reduce operational risks, providing direct profit opportunities for the platform, while also providing a stable sales channel for suppliers. Under the Consignment Mode, suppliers sell green products to manufacturers at a wholesale price [image: It seems like there might be an issue with uploading the image. Please try uploading the image again. If you have a caption or context, feel free to include it.]. Manufacturers further process these products and sell them to the e-commerce platform at a wholesale price [image: Mathematical notation depicting a lowercase "w" followed by a subscript "d".], which then sells them to consumers at a retail price [image: Please upload the image or provide a URL for the image you would like me to describe. You can also include a caption for additional context if needed.]. This approach achieves lower inventory risk and higher price transmission efficiency in the supply chain, which is suitable for those enterprises with low risk but with tight cash flow and helps to improve the financing environment and ease capital constraints. Consumers tend to prefer green, low-carbon products with a higher degree of information transparency. Products with good traceability and environmentally friendly features are more trusted by consumers, and blockchain significantly enhances product traceability and trust. In the daily operation process, risk-averse suppliers need a lot of money to buy raw materials, but their own funds are limited, and they are facing serious financing constraints. Suppliers with tight funds will choose to apply for bank financing.
In traditional bank financing models, banks provide loans to financially constrained suppliers based on guarantees from the e-commerce platform, the financing process is shown in Figure 1a. Most suppliers are SMEs with high credit risk and a lack of trust mechanisms, leading to limited loan amounts from banks. Consequently, risk-averse suppliers rely on the e-commerce platform for credit guarantees, paying a guaranteed fee rate [image: Please upload the image so I can help generate the alternate text for it.]. They apply for loans from banks using orders as collateral based on their transactions with the green e-commerce platform. During the loan qualification review process, e-commerce supply chain companies bear the information verification cost. Upon approval, the bank provides loans at an interest rate [image: It seems there's no image attached. Could you please upload the image or provide a URL for it?]. The supplier uses the funds to process and produce green products, sells them to the green e-commerce platform, and receives accounts receivable. These receivables are then transferred to the bank for factoring. The green e-commerce platform, being risk-averse, repays the bank after the product sales generate returns, charging factoring fees in the interim. The loan interest rate is considered an exogenous variable in this study, which explores the optimal bank financing strategy. In the process of financing decision-making, banks mainly consider their own credit risk, loan cost and other factors. This paper sets the bank loan interest rate as an exogenous variable to explore the bank financing strategy of the e-commerce supply chain.
[image: Flowcharts comparing supply chain processes before and after blockchain integration. Panel (a) shows the traditional process involving supplier, manufacturer, e-commerce platform, and consumer interactions. Panel (b) illustrates the blockchain-enhanced process with more direct and efficient interactions, emphasizing order, payment, and financing steps.]FIGURE 1 | Financing processes of E-commerce supply chains before and after blockchain. (a) Before Blockchain. (b) After Blockchain
Under the blockchain trust mechanism, the bank financing process differs, the financing process is shown in Figure 1b. While blockchain adoption incurs additional financing costs, suppliers must pay these costs under both Consignment and Direct Selling Modes. Blockchain improves the authenticity and reliability of information, reducing information verification costs and increasing the bank’s trust in e-commerce supply chain enterprises. The industrial and commercial bank of China to launch “ICBC e letter” platform, through intelligent automatically perform contract, reduces the financing cost of upstream suppliers, increasing the utilization of funds. Smart contracts automate loan execution, enabling banks to provide loans to suppliers without guarantees and foster trust transfer. Consensus mechanisms effectively regulate funds, mitigate credit risk during financing, and better accommodate firms’ risk-averse preferences. Tencent Cloud combines blockchain technology with financing scenarios. Through multi-party rights confirmation and coordination, the platform helps financial institutions monitor financing risks and effectively solve the financing problems of small and medium-sized enterprises. At the start of the sales period, suppliers sign sales contracts with the green e-commerce and apply for finance from banks using the orders obtained. Banks leverage blockchain to assess the credit information, verify transaction authenticity, repayment capacity, and creditworthiness. Blockchain enhances suppliers’ credibility, enabling banks to grant loans. Suppliers then use the funds to process green products and sell them through green e-commerce. After product sales generate returns, funds are promptly allocated to repay the bank. Both members and bank are risk-averse, aiming to maximize supply chain profits while minimizing credit risk. Thus, we explore the impact of blockchain on bank finance in e-commerce green supply chains, considering firms’ risk aversion. The bank financing process before and after adopting blockchain is shown in Figure 1.
Based on this, this study constructs a Stackelberg game to explore the optimal bank financing strategy under different sales methods and power structures. Because the e-commerce supply chain usually presents a clear hierarchical structure, enterprises play different roles in the entire process, and each has different decision-making rights and information advantages. Stackelberg game model is based on the “leader-follower” relationship, which can clearly depict the sequential decision-making process of each body in the supply chain. In the e-commerce supply chain composed of suppliers, manufacturers and e-commerce platform, the game analysis method is used to construct the bank financing strategy model under two sales methods of Consignment and Direct Selling. This paper explores the optimal bank financing strategy of e-commerce supply chain enterprises with risk avoidance behavior and consumers with green preference behavior. The two sales methods have different power structures. In Consignment, because the supplier first determines the wholesale price to be sold to the manufacturer, the e-commerce platform then determines the retail price to be sold to the consumer. Therefore, the supplier is the leader, the manufacturer is the follower, and the e-commerce platform is the second follower. Under Direct Selling, the e-commerce platform determines the platform service price, and the supplier determines the selling price on this basis. Therefore, the e-commerce enterprise is the leader, and the supplier is the follower. Through the Consignment model, we can discuss how to coordinate the game between suppliers as price makers, manufacturers and e-commerce platforms. The Direct Selling model reflects the dominant position of the platform in pricing and financing decisions. This hierarchical structure is exactly consistent with the premise of Stackelberg game model, which provides a solid theoretical foundation for the construction of the model.
In the e-commerce supply chain, in addition to the basic supply and demand relationship, it also involves a variety of factors such as blockchain adoption, risk avoidance behavior, product greenness, consumer green preferences, and guarantee rates. Stackelberg model has high flexibility, which can simultaneously consider multiple influencing factors in the decision-making process of leaders and followers and provide decision support for managers in the face of complex and changeable market environment. The construction model of this study first analyzes the benchmark model of bank financing under Direct Selling and Consignment selling methods and explores the optimal bank financing strategy under supplier financing constraints. Secondly, it analyzes the optimal financing strategy of e-commerce supply chain when enterprises have risk avoidance behavior. Introduce the enterprise’s attitude towards risk, explore the optimal bank financing strategy of e-commerce supply chain under risk avoidance. Finally, the introduction of blockchain technology, numerous advantages of blockchain can optimize bank financing strategy, explore the optimal bank financing strategy of risk avoidance e-commerce supply chain under blockchain.
The definitions of the symbols used in this study are shown in Table 1. [image: It seems there was an error in uploading the image. Please try again by clicking the image upload button or provide a URL if the image is online.] represents the market demand function, related to the number of consumers [image: Please upload the image or provide a URL for me to generate the alternate text.], sales volume [image: Please upload the image or provide a URL, and I will generate the alternate text for you.], sales price [image: Please upload the image or provide a URL for me to generate the alt text.], trust [image: It seems you might be referring to an image, but it hasn't been uploaded. Please try uploading the image file again, and I'll help you generate alt text for it.], information verification effort [image: Please upload the image or provide a URL, and I will generate the alternate text for you.], green preference coefficient [image: It seems like there was an issue with uploading the image. Please try uploading it again, and I'll be happy to help with the alt text!], product greenness [image: Please upload the image or provide a link, and I will generate the alternate text for it.], Direct Selling proportion [image: Please upload the image or provide a URL for me to generate the alternate text.] and product valuation [image: Please upload an image for me to generate the alternate text. If you are having trouble, feel free to ask for assistance.]. The financing income [image: Mathematical symbol of pi with a subscript i, often used to represent a sequence or series of terms in mathematical expressions.] and utility function [image: Please upload the image you want me to describe.] of supply chain enterprises are affected by product cost [image: It seems there was an error and no image was uploaded. Please try uploading the image again by clicking the image icon or by providing a URL. If you like, you can also add a caption for additional context.], wholesale price [image: The image shows a lowercase letter "w" followed by a subscript "i".], retail price [image: It seems there is no image uploaded. Please upload the image or provide a URL, and I will be happy to help with the alt text.] and platform service rate [image: Please upload the image, and I will help create the alternate text for you.]. The introduction of blockchain technology requires a certain cost [image: Please upload the image or provide a URL, and I'll generate the alt text for you.], while reducing the cost of information verification [image: Please upload the image or provide a direct URL so I can help generate the alternate text for it.], and the blockchain trust coefficient is [image: Please upload the image or provide a URL, and I will help you generate the alternate text.]. In the financing process, the loan interest rate of the bank is [image: Please upload the image or provide a URL for me to generate the alt text.], the factoring rate of return of the e-commerce platform is [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.], and the risk sharing ratio is [image: Please upload the image or provide a URL for me to generate the alternate text.]. The risk avoidance coefficient is [image: Lowercase Greek letter eta with a subscript lowercase letter i.] and the green product input coefficient is [image: Please upload the image or provide a URL so I can generate the alt text for you.].
TABLE 1 | Symbol definitions.
[image: A table with two columns, "Symbol" and "Meaning." Symbols include \( D, \tilde{n}, \xi, c_i, a, \tau, \theta, e, \pi_i, x, \beta, U, w_i, p_i, v, \varepsilon, b_j, \delta, \mu, k, \gamma, \eta_i, q, \Theta \). Corresponding meanings include market demand, potential number of consumers, e-commerce information efforts, unit cost, trust level, loan interest rate, risk sharing ratio, product greenness, e-commerce benefits, service fee rates, direct selling ratio, enterprise utility, wholesale price, retail price, product valuation, factoring return rate, blockchain costs, verification cost, consumer preference, green input coefficient, blockchain trust, risk aversion factor, product quantity, and supplier default probability.]3.2 Research hypothesis
Based on the two sales methods, Consignment and Direct Selling, in green e-commerce supply chains, this study considers corporate risk aversion and consumers’ green preferences to explore the impact of blockchain on bank finance strategies. The hypotheses are proposed:
	1. Referring to Tian et al. [51] and Li et al. [52], the market demand follows a random distribution, and consumers have green products’ preference, satisfying [image: Equation showing \( D = \tilde{n} \int_{p - a \xi}^{1} f(v) \, dv = \tilde{n} (q - p + a \xi + \mu \varepsilon) \).], where [image: Text displaying the mathematical expression "f(v)".] is the density function of product valuation [image: Please upload the image you want described or provide a URL.], and [image: Please upload the image or provide the URL, and I will help generate the alternate text for it.] is the potential consumers number. In both Consignment and Direct Selling sales modes, the sales volume follows a Bernoulli distribution: [image: Mathematical equation depicting a function \( Q = f(x) \) defined piecewise as \( \beta q \) and \( (1 - \beta) q \).]. Here, [image: Please upload the image or provide a URL so I can generate the alt text for you.] is the potential market demand scale, [image: Please upload the image or provide a link to it so I can help generate the alternate text.] denotes the market using Direct Selling, and [image: Mathematical expression displaying "1 minus beta" in an italic serif font.] represents the share using the Consignment method. Thus, in Direct Selling mode, the market demand is [image: Mathematical formula depicting demand: \( D_d = \tilde{n}[\beta q - p^d + a \xi + \mu e + \epsilon] \).]. In the Consignment mode, the market demand is [image: The image contains a mathematical equation: \( D_c = n\tilde{l}((1-\beta)q - p^c + a\xi + \mu e + \epsilon) \).], where [image: Please upload the image or provide a URL so I can help generate the alternate text.] epsilon is a random variable representing market uncertainty with a mean of 0 and variance [image: Please upload the image you would like me to generate alt text for. If you have specific details or context about the image, feel free to share them as well.].
	2. Considering that members are risk-averse, the CVaR risk measurement method, adopted by Choi et al. [53] and Gupta and Ivanov [54], is used. The risk-averse utility function is: [image: Mathematical formula \( U_i = E(\pi_i) - \eta_i \sqrt{\text{VAR}(\pi_i)} \), involving expected value \( E(\pi_i) \), variance \( \text{VAR}(\pi_i) \), and scaling factor \( \eta_i \).]. Where [image: Mathematical expression showing E, parenthesis, pi sub i, parenthesis.] denotes the expected profit of enterprise, [image: Lowercase Greek letter eta with a subscript i.] is the risk aversion coefficient of the supply chain enterprise (a higher value indicates greater risk aversion), and [image: The image shows a mathematical expression of the variance of a set of probabilities, denoted as VAR followed by pi in parentheses, where pi represents the probability vector.] is the variance of the enterprise’s stochastic profit: [image: The image shows the mathematical formula for variance: \(\text{VAR}(\pi_i) = \mathbb{E}[(\pi_i - \mathbb{E}(\pi_i))^2]\).].
	3. Referring to Jiang et al. [43] and Liu et al. [55], the blockchain trust cost is expressed as [image: Mathematical expression "y a squared divided by two".], where [image: Please upload the image or provide a URL for me to generate the alternate text. If you have additional context or a caption, feel free to include that as well.] is the blockchain trust coefficient, and [image: It seems there is an issue with the image rendering. Please try uploading the image file again or provide a URL. You can also add a caption for more context.] represents the degree of blockchain trust, [image: Please upload the image you would like me to generate alternate text for.]. A higher [image: If you upload an image or provide a URL, I can help generate the alt text for it.] indicates a higher degree of trust. For inter-enterprise trust, [image: It seems you've referenced an image but didn't upload it. Please upload the image or provide a URL so I can generate the appropriate alt text for you.] is negatively correlated with the effort of information collection [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.]: the higher the trust, the lower the verification cost, reducing [image: Please upload the image or provide a link to it so that I can help generate the alternate text.]. For trust between enterprises and consumers, [image: It seems there is no image uploaded. Please upload the image or provide a URL so I can generate the alternate text for you.] is positively correlated with price [image: Please upload the image, and I will help generate the alternate text for it.]: the higher the trust, the more people will buy, creating a seller’s market, and [image: Please upload the image for which you would like me to generate alt text. You can also provide a caption for additional context.] will rise accordingly.

4 MODEL CONSTRUCTION
4.1 Bank financing baseline model
In e-commerce supply chains, there are two sales methods: Direct Selling and Consignment. In Direct Selling mode, green e-commerce acts as a service provider and charges platform service fees during sales. In Consignment, the platform is a retailer, purchasing goods from manufacturers and selling to consumers. During the supply chain operation, upstream suppliers face financial constraints and apply for bank financing with guarantees provided by Green E-commerce. Optimal finance strategies under both sales methods are explored.
4.1.1 Direct selling mode
In the Direct Selling mode, suppliers produce products at cost [image: It seems like there's an issue with the image or the format provided. Please upload the image again or provide a URL for it.] to meet market demand and sell them at price [image: Please upload the image or provide a URL so I can generate the alternate text for you.] to consumers through green e-commerce. The service fee charged by the platform is [image: Please upload the image or provide a URL so I can help generate the alternate text for it.]. Suppliers with insufficient initial funds opt for bank financing to alleviate financial constraints. The platform provides a guarantee at a rate [image: Please upload the image or provide a URL so I can help generate the alternate text for it.], and the bank’s loan rate is [image: It looks like there was a mistake with the image upload. Please try uploading the image again or provide a URL. Optionally, you can include a caption for context.].
For suppliers, the inflow of funds is the total revenue from product sales minus the service fee paid to the platform. Outflows include production costs, guarantee fees paid to the platform, and interest expenses paid to the bank. The financing utility function of the supplier is:
[image: Mathematical equation displaying an optimization problem. It aims to maximize \( \Pi^{TD} \) by adjusting \( x^{TD} \). The equation involves parameters \( P_g^{TD} \), \( x^{PD} \), \( x^{PD'} \), \( D^{TD} \), \( c_s^{TD} \), \( t^{TD} \), and \( r^{TD} \), with conditions based on supply, cost, and demand.]
For the e-commerce platform, inflows are platform service fees and factoring fees from financing, while outflows are platform operating costs. The platform’s financing utility function is:
[image: A mathematical equation shown as a maximization problem with respect to a variable. The equation includes variables and parameters such as \(X_t^{ID}\), \(P_t^{ID}\), \(D^{ID}\), \(C_t^D\), and \(E_t^D\), with subscript indicatives like \(T\), \(C\), and \(E\), ending with equation number two in parentheses.]
For banks, the overall financing income is mainly interesting income, and the expected income function is as follows:
[image: It seems like you've uploaded a formula or equation rather than an image. Please try uploading an image file or provide a URL to the image, and I can help generate the alt text for it.]
Here, [image: Equation showing D superscript TD equals beta q minus p superscript d plus epsilon.].
Proposition 1. According to Equations 1–3, it can be calculated that, the optimal retail price for a financially constrained supplier is: [image: Equation showing \( p_s^{TD^*} = \frac{c_l (1 + \tau + \varepsilon) - \beta q (x - 1)}{2 (1 - x)} \).], The platform’s optimal service fee rate is: [image: Equation showing \( x_e^{TD*} = \frac{c_{\epsilon}c_{\tau}\epsilon - 3c_{\xi}c_{\tau}\epsilon - c_{\xi}c_{\epsilon}\tau + c_{\xi}\tau - 2c_{\xi}\epsilon^2 - 2c_{\epsilon}\tau + \beta \theta}{4\epsilon + 2\tau + 2\epsilon\tau + 2\epsilon^2 + 2} \).], and the optimal guarantee fee rate is [image: Mathematical equation describing ε subscript e superscript TD star equals the fraction with numerator c sub s minus c sub e plus c sub s times tau plus c sub s times x minus beta q minus beta q x squared plus two x beta q, and denominator c sub s times (x minus two).]. Substituting each decision variable into the profit function of the supplier and green e-commerce, the optimal financing utility is [image: Mathematical equation showing π subscript s superscript TD equals open parenthesis 1 minus x close parenthesis, multiplied by open parenthesis c subscript e plus c subscript s plus c subscript s times τ minus β times q close parenthesis, divided by 4 times open parenthesis 2 minus x close parenthesis squared.], [image: The equation shows \(\pi_e^{TD*} = \frac{(c_e + c_s + c_s \tau - \beta q)^2}{4(2-x)}\).].
Proof: Using the backward induction method of Stackelberg theory, the optimal solutions for the decision variables are calculated. According to the supplier’s profit, the first and second derivatives of [image: The image shows the mathematical notation for a policy, represented as "pi" with subscript "s" and superscript "TD".] about [image: Mathematical notation showing \( p_s^{TD} \).] are calculated. We obtain [image: The mathematical equation shows the second derivative of pi sub s superscript TD with respect to p sub s superscript TD squared, equals negative two, which is less than zero.]. It is a concave function, so there is an price that enlarges the supplier’s profit. Let [image: The equation shows the partial derivative of π subscript s superscript TD with respect to ρ subscript s superscript TD equals zero.], and the best price is [image: The equation represents \( p_s^{TD^*} = \frac{c_s(1+\tau+\varepsilon) - \beta q(x-1)}{2(1-x)} \).]. [image: Mathematical expression of the variable \( p_s^{TD*} \).] is brought into the expected revenue function of green e-commerce, and then the first derivative and the second derivative of [image: Mathematical expression showing pi subscript epsilon with superscript TD.] about [image: The image shows the mathematical expression "x" with a superscript "TD".] and [image: Mathematical notation displaying the Greek letter epsilon with a superscript "TD."] are obtained, and the Hessian matrix is found to be negative, That is, [image: Mathematical expression showing the Greek letter pi with a subscript epsilon and a superscript TD.] is a concave function about [image: It seems like there is an error in displaying the image or a rendering issue with the URL or file name. Please try uploading the image again or provide a valid URL.] and [image: Lowercase Greek letter epsilon with a superscript "TD" on the right.], and there are unique [image: It seems there might have been an issue displaying the image. Please upload the image file directly, and I will generate the alternate text for you.] and [image: Text shows the Greek letter epsilon (ε) followed by the superscript "TD".] to make [image: Stylized mathematical notation showing the symbol π with a subscript ε and a superscript TD.] get the optimal value. Let [image: Partial derivative of \( \overline{\pi}_{e}^{TD} \) with respect to \( x^{TD} \) equals zero.], [image: Partial derivative equation showing the derivative of \(\bar{\pi}_e^{TD}\) with respect to \(\varepsilon^{TD}\) equals zero.], The available optimal platform service fee and optimal guarantee rate are respectively [image: Equation for \( x^{TD*} \) is given as the numerator \( c_t - c_t t - 3 c_s t + c_t c_s - c_t t c_s - 2 c_s t - 2 c_s^2 - 2 c_s t + \beta c_t \) divided by the denominator \( 4 c_s t + 2 t + 2 t^2 c_s + 2 c_s^2 + 2 \).] and [image: Mathematical expression for epsilon TD star equals the fraction with numerator: c sub s minus c sub t plus c sub tau tau plus c sub s x minus beta q minus beta q x squared plus two x beta q. The denominator is c sub s times x minus two.]. By bringing the variables into the financing utility function, the optimal revenue can be obtained as follows: [image: An equation is displayed as follows: π sub s with a superscript TD asterisk equals the fraction of open-parenthesis one minus x close-parenthesis times open-parenthesis c sub e plus c sub s plus c sub s tau minus beta q close-parenthesis divided by four times open-parenthesis two minus x close-parenthesis squared.], [image: Mathematical formula: π subscript e superscript TD equals the square of the sum of c subscript e, c subscript s, c subscript s tau, and negative beta q, divided by four times the difference between two and x.].
Inference 1 The expected profit [image: Mathematical notation showing the symbol pi with a subscript "s" and a superscript "TD".] of suppliers will decrease with an increase in market demand [image: Certainly! Please upload the image you'd like me to describe.] under the Direct Selling mode. Under the Direct Selling mode, the larger market scale is due to the measures taken by suppliers to reduce prices, and the lower sales price attracts more consumers and speeds up the withdrawal of funds. However, in the larger market demand [image: Please provide the image, so I can generate the alternate text for you. You can upload the image or provide a URL. If there is any specific context or details you want to include, feel free to add that as well.], the platform service fee expenditure increases accordingly, so the overall higher market share is not conducive to the increase of suppliers’ income, and it cannot better solve its own financial problems. When the service fee income [image: It seems that there's no image uploaded. Please upload the image or provide a URL, and I'll generate the alt text for you.] is large, the revenue level [image: Pi with superscript TD and subscript e followed by the asterisk symbol in light grey text.] will increase and the cash flow will be large. The guaranteed fee income will decrease with the increase of market demand [image: Please upload the image file or provide a URL so I can help generate the alternate text. If you like, you can also add a caption for context.], and the platform service fee income will increase with the market share [image: Sure, please upload the image you'd like me to describe.], but the profit level [image: Mathematical expression showing pi subscript e superscript asterisk, superscript T, superscript D.] will decrease under higher market demand. The platform service fee should be within a certain limit. Excessive service rate [image: Please upload the image or provide a URL so I can help generate the alternate text for you.] will damage the enthusiasm of suppliers, but it is not good for improving the finance income of green e-commerce.
4.1.2 Consignment mode
Under the Consignment model, the supplier produces goods at [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] and sells them to the manufacturer at [image: A lowercase letter "w" with a subscript "s" next to it, often used to represent a specific variable or parameter in mathematical or scientific contexts.]. The manufacturer further processes the products, incurring a cost of [image: Please upload the image or provide a URL for me to generate the alternate text.], and sells them to the green e-commerce platform at [image: The text displays the mathematical notation "w" with a subscript "d".]. Finally, the green e-commerce platform sells to green consumers at [image: It seems like there might have been an error in uploading the image. Please try uploading the image again, and if possible, add a caption for additional context.]. When the supplier faces financial constraints and applies for bank financing, they pay factoring fees at a guaranteed rate [image: It looks like there was an issue with uploading the image. Please try uploading the image again or provide a URL, and optionally add a caption for context.] and loan interest to the bank at a rate [image: Please upload the image or provide a URL so I can generate the alternate text for you.].
For the supplier, the primary cash inflow is the total revenue from product sales. The cash outflows include production costs, financing guarantee fees, and loan interest payments. The financing utility of supplier is:
[image: The mathematical expression shows an optimization problem. It maximizes a function \(\pi_{TC}\) with respect to \(w_{e}^{TC}\), defined as \(w_{e}^{TC}DT^{C} - c_{e}^{TC}DT^{C}(1 + t^{C} + r^{C})\), including constants \(w_{e}^{TC}\), \(c_{e}^{TC}\), and variables \(t^{C}\), \(r^{C}\). It is labeled as equation (4).]
For the manufacturer, the main operation involves processing the purchased products into finished goods. The cash inflow is the revenue from selling to the green e-commerce platform, while the cash outflows include the costs of purchasing products and further processing. The financing utility of manufacturers is:
[image: Mathematical equation depicting an optimization problem. The objective is to maximize \(\pi_{d}^{Tc}\) with respect to \(y_{d}^{Tc}\). The equation is \([w_{d}^{Tc} - w_{c}^{Tc} - c_{d}^{Tc}]D^{Tc}\), followed by the equation number \( (5) \).]
For green e-commerce, the primary cash inflows are revenues from product sales and guarantee fee income. The main cash outflows are the costs of purchasing products from the manufacturer. The financing utility of green e-commerce is:
[image: Maximization equation involving variables \( \pi_{T}^{c} \), \( p_{e}^{c} \), \( D^{Ic} \), \( c_{e}^{c} \), \( c_{5} \), and \( w_{d}^{c} \), where the goal is to maximize \( \pi_{T}^{c} \) with respect to \( x_{e}^{c} \) and \( x_{d}^{c} \). Equation includes subtraction and summation of terms incorporating coefficients and variables, followed by equation reference number (6).]
For banks, the capital inflow is mainly interesting income, and the expected income function is as follows:
[image: It seems you've tried to include an image, but it hasn't been uploaded. Please try uploading the image again or provide a URL. If you have a description or caption, feel free to add that as well.]
Here, [image: The equation \( D^{TC} = (1 - \beta)q - p^c + \epsilon \) represents a mathematical expression involving variables and parameters: \( D^{TC} \), \( \beta \), \( q \), \( p^c \), and \( \epsilon \).]
Proposition 2. Under the Consignment method of bank financing, according to Equations 4–7, it can be calculated that, the supplier’s optimal wholesale price is [image: Formula for \(w_s^{TC}\) as \(\frac{c_s - c_d + 3w_d - c_s s + c_s \tau - 2q + 2\alpha \beta}{2}\).], the manufacturer’s optimal wholesale price is [image: Equation for \( w_d^{TC*} \): \( \frac{c_d + w_s + c_s \varepsilon + (1-\beta)q}{2} \).], the green e-commerce’s optimal retail price is [image: The image depicts a mathematical equation: \( p_e^{TC*} = \frac{w_d - c_s \varepsilon + (1 - \beta) q}{2} \).], and the optimal guarantee rate is [image: Mathematical equation showing epsilon subscript e multiplied by TC superscript asterisk equals the fraction wd minus one minus beta times q over cs.]. The optimal profit function of the capital-constrained supplier is [image: The equation represents a complex mathematical expression for \(\Pi_s^{TC^2}\). The numerator consists of two terms: \((c_s - c_d - 4 q - 2 w_a + 5 w - 3 c_s + c_c + r + 4 \beta q)\) and \((c_s + 2 c_d + c_r + q + 2 c_s - \beta q + w_s - 3 w_a)\). This entire expression is divided by sixteen.], the manufacturer’s optimal financing utility under the Consignment sales method is [image: Equation featuring \(\pi^{TC*}_d\) equals the fraction of two expressions. The numerator is \((c_l + g + w_f - 2w_r + c_t c_e - \beta \theta)(c_l - w_r + 3w_r - 2c_t c_e + c_t - 3g + 3\beta q)\). The denominator is 8.], and the green e-commerce’s optimal financing utility is [image: Mathematical equation displaying \(\pi_{e}^{TC*} = \frac{(c_{d} + w_{s} - 2w_{d} + c_{s} \epsilon + q - \beta q)^{2}}{16}\).].
Proof: The backward induction method of Stackelberg game is used. First, the first and second derivatives of [image: Mathematical expression showing "pi subscript e superscript TC".] about [image: Mathematical expression depicting "p" with superscript "TC" and subscript "e".] and [image: To generate alt text, please provide an image or a URL to the image you'd like described. You can also add a caption for context if needed.] are obtained, and the Hessian matrix is calculated, so it can be judged that the matrix is negative, that is to say, [image: Mathematical expression of pi sub e raised to the power of capital T and capital C.] is a concave function about [image: Mathematical notation showing a pair of terms in parentheses: \( p_{e}^{TC}, \varepsilon^{TC} \).], and there are optimal [image: The image contains the mathematical expression epsilon superscript TC in italic font.] and [image: Mathematical expression representing the variable \( p^{TC}_e \).], which makes [image: Mathematical expression showing pi subscript e superscript TC.] get the optimal solution. Let [image: A mathematical expression showing the derivative of pi subscript e raised to the power TC divided by the derivative of p subscript e raised to the power TC equals zero.], [image: The partial derivative of pi subscript epsilon with respect to epsilon superscript TC equals zero.], The optimal solution is [image: Equation showing \( p_{e}^{TC^*} = \frac{w_d - c_s \varepsilon + (1 - \beta) q}{2} \).] and [image: Mathematical expression for epsilon subscript e superscript T C asterisk equals w subscript d minus open parenthesis one minus beta close parenthesis q over c subscript s.]. The [image: Mathematical expression displaying "p subscript e raised to the power of TC with an asterisk".] is brought into the manufacturer’s expected revenue function, and the first and second partial derivatives of [image: Mathematical expression displaying the symbol "pi" with subscripts "d" and a superscript "TC".] about [image: Formula displaying "w_d" with a superscript "TC" above the "d".] are obtained, [image: The image shows a mathematical equation: the second derivative of the profit \(\pi_d^{TC}\) with respect to \(w_d^{TC}\) squared is equal to negative one, which is less than zero.]. The [image: Mathematical notation displaying \(\pi^{TC}_d\).] is a concave function, and the existence of the optimal price makes the manufacturer’s expected revenue maximum. Let [image: Partial derivative of average profit with respect to wage, represented as \( \frac{{\partial \bar{\pi}^{TC}_d}}{{\partial w^{TC}_d}} = 0 \).], The optimal wholesale price of available manufacturers is [image: Equation depicting weighted utility: \( w_d^{TC*} = \frac{c_d + w_s + c_s \varepsilon + (1-\beta) q}{2} \).]. Bring the above decision variables into [image: Mathematical expression showing pi subscript s with superscript TC.], and solve the first and second partial derivatives of [image: Greek letter pi with a subscript s and a superscript TC.] about [image: Mathematical expression showing "w" with a subscript "s" and a superscript "TC".], [image: The expression shows the second derivative of \( \pi_s^{TC} \) with respect to \( w_s^{TC} \), which equals \(-1/2\), indicating a negative value.]. The expected income function of suppliers with financial constraints is concave function, and the optimal solution of wholesale price makes the expected income of supplier’s maximum. Let [image: A mathematical expression showing the partial derivative of \(\overline{\pi}_{s}^{TC}\) with respect to \(\overline{w}_{s}^{TC}\) equals zero.]. The optimal price is [image: Equation for \(w_{s}^{TC}\) is shown. It is equal to \((c_s - c_d + 3w_d - c_s + c_s\tau - 2q + 2\alpha\beta) / 2\).]. By bringing each decision variable into the expected revenue function, we get: [image: Mathematical equation displaying 𝑇𝑆 raised to the power 𝑇𝐶 equals the fraction: numerator is (𝑐𝑠 minus 𝑐𝑑 minus 4𝜌 minus 2𝑤𝑠 plus 5𝑤𝑑 minus 3𝑐𝑠𝑡𝑐𝑡 plus 4𝛽𝜌) multiplied by (𝑐𝑠 plus 2𝑐𝑑 plus 𝑡𝑐𝑡𝑐𝑡q plus 2𝑐𝑑 minus 𝛽𝜌 plus 𝑤𝑠 minus 3𝑤𝑑), and the denominator is 16.], [image: Mathematical equation representing π subscript d superscript TC star equals the fraction with numerator open parenthesis c subscript t plus g subscript t plus w subscript t minus 2 w subscript r plus c subscript ε minus β q close parenthesis, and another open parenthesis c subscript ε minus w subscript t plus 3 w subscript r minus 2 c subscript t plus c subscript τ minus 3 q plus 3 β q close parenthesis, all over denominator 8.], [image: Equation showing \( \pi_{e}^{TC^*} = \frac{(c_d + w_s - 2w_d + t_c \xi + q - \beta q)^2}{16} \).].
Inference 2 The profit [image: Mathematical notation showing \(\pi^{TC^\dagger}_e\).] will increase with the increase of market demand [image: Mathematical expression consisting of an open parenthesis, one minus beta, close parenthesis, and a lowercase q.] of consideration mode. When [image: If you have an image, please upload it so I can generate the alternate text. If you’re referring to a specific image or context, please provide more details or an upload.] is small, that is, [image: Sorry, I cannot process the image you mentioned. Please upload the image or provide a URL for it.] is large, the sales price [image: Mathematical notation showing "p" with subscripts "e" and superscript "TC".] will be relatively high, the optimal profit level will be improved, and more financing income will be obtained. Under the higher market demand of consideration mode [image: The equation consists of the expression \((1-\beta)q\), where \(1-\beta\) is multiplied by \(q\).], a buyer’s market will be formed, and the supplier as the leader will set a lower sales price [image: Mathematical notation showing \( w_s^{TC*} \).], which is not conducive to the increase of the supplier’s cash flow. However, the sales prices [image: The image shows the mathematical expression \( w_{d}^{TC} \), with "w" as the base, "d" as a subscript, and "TC" as a superscript.] and [image: The image displays mathematical notation: "p" with subscript "e" and superscript "TC".] of manufacturers and e-commerce platforms will increase correspondingly under higher market demand [image: The mathematical expression shows \((1 - \beta)q\), where \(\beta\) and \(q\) are variables.], and the revenue level of green e-commerce [image: Mathematical expression showing pi to the power of T C star, with the subscript e.] will increase with the increase of market demand [image: Mathematical expression: open parenthesis, one minus beta, close parenthesis, lowercase q.], thus improving the overall cash flow. The optimal guaranteed rate [image: The image shows an equation with a Greek letter epsilon followed by a superscript "TS".] will decrease with the increase of market [image: Mathematical expression showing the product of the difference between one and beta, denoted as \(1 - \beta\), and the variable q.], and the financing cost of suppliers will decrease under higher market demand. The optimal guaranteed interest rate [image: Greek letter epsilon with a superscript "T" and "S" indicating a variable or parameter, often used in mathematical or scientific contexts.] also decreases with the increase of the supplier’s cost [image: Mathematical notation showing the symbol \( c_s^{TC} \).], and the e-commerce platform will appropriately decrease the guaranteed fee for the sake of protecting the interests of suppliers.
4.2 Risk-averse E-Commerce supply chain bank financing
Consumers generally have green preferences, and suppliers tend to produce green and low-carbon products when making operational decisions. When suppliers produce green products, the cost of green technology input is [image: Mathematical expression showing "ke squared over two".], which is a one-time technology investment and will not affect the unit production cost, [image: Mathematical expression: mu squared divided by k, where mu is represented by the Greek letter.] indicating the green efficiency coefficient. In the process of financing, e-commerce supply chain enterprises are all risk-averse, and it is necessary to pay a certain information verification cost to verify financing information.
4.2.1 Direct selling mode
For the financially constrained supplier, the cash inflow under the Direct Selling model is the total revenue of product sales minus the service fees paid to green e-commerce. The cash outflows include the costs of purchasing and processing raw materials, guarantee fees paid to green e-commerce, interest expenses on bank loans, and costs incurred in providing documentation for financing. The financing utility of supplier is:
[image: Equation showing a maximization problem: max over x, y, z involving variables π, p, D, and constants such as ξ and k. The expression includes terms with squares and a parenthesis.]
For e-commerce platforms, the main services provided are for suppliers to sell products and obtain financing. The primary source of funding inflow is the platform service fees charged for providing a platform to sell products and the factoring fees charged for providing guarantees to suppliers. The resulting cash outflows include the operating costs of green e-commerce and the costs of reviewing loan documentation, among others. In addition, there are risk-sharing contracts between enterprises. If a supplier fails to repay the funds upon maturity, the e-commerce enterprise must repay the funds on their behalf. The probability of supplier defaulting is denoted by θ, so the green e-commerce’s financing utility is:
[image: A mathematical equation describes an optimization problem. The equation maximizes a function with respect to \(x^{RD}\) and \(g^{RD}\). Variables included in the equation are \(x^{RD}\), \(p_s^{RD}\), \(p_c^{RD}\), \(k^{RD}\), and others involving derivatives and squares. The context involves solving for an optimal value with constraints expressed through mathematical symbols, including summations and brackets.]
For banks, capital inflow is an interest income, and the income function is as follows:
[image: Mathematical equation involving a maximum operation with variables and superscripts. The equation is labeled as equation ten. The terms include \(G_{\text{p}}^{\text{RD}}\), \(k_{\text{B}}^{\text{RD}}\), and \(e\left(z\right)\) raised to the power of RD.]
Here, [image: Mathematical expression showing \(D^{\text{RD}} = \beta q - p^{d} + \mu e + \epsilon\).].
Considering that enterprises are risk aversion, the CVaR risk measurement method is used to characterize the risk behavior. Based on the function, the utility functions of suppliers and e-commerce platforms considering risk aversion can be obtained as: [image: Mathematical equation displayed: \( U(\pi_s^{RD}) = (p_s^{RD} - x_s^{RD}D_s^{RD})(\beta q - p^d - \eta \sigma + \mu e) - c_s^{RD}(\beta q - p^d - \eta \sigma + \mu e) + k^{RD}e^2/2 \). This formula involves variables such as \( p_s^{RD} \), \( x_s^{RD} \), \( D_s^{RD} \), \( \beta \), \( q \), \( p^d \), \( \eta \), \( \sigma \), \( \mu \), \( e \), \( c_s^{RD} \), and \( k^{RD} \).][image: Mathematical expression enclosed in parentheses: one plus epsilon raised to the power of RD, plus tau raised to the power of RD, plus delta raised to the power of RD.] and [image: A mathematical equation representing a utility function is shown, involving variables like \(x^{RD}\), \(P_s^{RD}\), \(\beta\), \(q\), \(p^d\), \(\eta\), \(\sigma\), \(\mu\), \(c_s^{RD}\), and \(k\). The formula includes terms for multipliers, addition, and a squared term divided by two, emphasizing the role of these variables in economic modeling.][image: A mathematical expression contains complex fractions and algebraic terms. It involves variables such as \( \beta \), \( p^d \), \( \eta \), \( \sigma \), \( \mu \), \( e \), \( \delta^{RD} \), \( \theta^{RD} \), and constants like \( c_e^{RD} \), \( c_s^{RD} \), \( k^{RD} \), and \( r^{RD} \). The expression includes operations like subtraction and multiplication within brackets and vertical bars.]. By solving the first-order derivative and the second-order derivative, it can be concluded that [image: Mathematical expression of utility function U with subscript pi, s, and superscript R, D, inside parentheses.] and [image: Mathematical expression depicting the utility function \( U(\pi_e^{RD}) \), where \( \pi_e \) is raised to an exponent \( RD \).] are concave functions and there is an optimal solution.
Proposition 3. According to Equations 8–10, it can be calculated that, the optimal price of the supplier is [image: The image displays the mathematical equation for \( P_s^{RD^*} \). The equation's numerator includes terms with variables \( c_s \), \( k \), \( \xi \), \( \delta \), \( \mu \), \( \sigma \), \( k_e \), and others, incorporating various mathematical operations like addition, multiplication, and subtraction. The denominator consists of terms in the form \( (1-x)(2k + 2\delta k + 2ke + 2k\tau + \mu^2 x - \mu^2) \).], the optimal product greenness is [image: Equation showing \( e_{\text{RD}}^* \) equals a complex fraction with multiple mathematical expressions and variables, including \( \mu \), \( c_1 \), \( c_2 \), constants, and Greek letters like \( \delta \), \( \tau \), \( \beta \), and \( \xi \).], and the optimal platform fee rate is [image: Equation showing \( x^{RD*} = \frac{c_e - c_s - \eta \sigma + \mu c + \beta q + \delta}{2} \).], the optimal guaranteed rate is [image: Mathematical equation for \(RD^*\), expressed as a fraction, with variables such as \(c_{\theta}\), \(p_s\), \(x_t\), and parameters including \(\mu\), \(\theta\), \(\tau\), among others, present in both the numerator and denominator. The equation features complex terms involving multiplication, addition, and subtraction of variables and coefficients.]
The optimal financing utility of the supplier is [image: Equation for \(\pi_s^{RD*}\) is given, involving variables \(k\), \(\delta\), \(\epsilon\), \(\tau\), \(c_s\), \(\beta\), \(\mu\), and \(x\). The expression is a fraction with \(k(\delta + \epsilon + \tau + 1)(c_s(\delta + \epsilon + \tau + 1) + \beta q(x - 1))^2\) in the numerator, and \(2(1 - x)(2k(\delta + \epsilon + \tau + 1) + \mu^2(x - 1))\) in the denominator.], and the optimal financing utility of the e-commerce platform is [image: A mathematical formula is shown. It involves multiple variables such as \( \eta \), \( \sigma \), \( \mu \), \( \beta \), \( q \), \( A \), \( \varepsilon \), \( c_e \), \( x \), and \( c_s \). The formula includes operations of addition, subtraction, multiplication, division, and parentheses to indicate order of operations. It calculates a quantity labeled as \( R^{RD}_e \), and further extends to define \( A \) in terms of other variables, displayed as a fraction.]
Proof: Using the backward induction method of Stackelberg, the verification process is the same as Proposition 1.
Inference 3 Under the high market demand [image: Sure, please upload the image or provide a URL for me to generate the alternate text.] of the Direct Selling model, the sales price [image: Mathematical notation showing the variable \(p_s^{RC}\).] is relatively high, which helps to recover funds faster. A higher green preference coefficient [image: Please upload the image you'd like me to generate alt text for.] will also prompt suppliers to increase sales prices, but the larger the green efficiency coefficient [image: The formula shown in the image is "mu squared divided by k".], the more likely it is that suppliers will set lower sales prices, pass on benefits to consumers, attract more customers, and strive to obtain more profits. The greenness of products [image: Mathematical expression showing "e" raised to the power of "pC" with a superscript asterisk symbol next to "C".] will increase with the increase of suppliers' production costs [image: LaTeX image displaying the expression 'c_{{s}_{RD}}', indicating a specific variable or parameter likely related to text or mathematical context.] , and is positively correlated with market demand [image: It seems there might have been an error in providing the image. Please upload the image or provide a URL so I can generate the alt text for you.] under the Direct Selling model, indicating that under higher market demand, the greener the product, the more consumers will be attracted to recover funds faster. The optimal guaranteed rate [image: A mathematical symbol showing the Greek letter epsilon with the subscript "RD" in italics, often used in equations or scientific contexts.] will increase with the increase of the green efficiency [image: Mathematical expression showing mu squared over k.], increasing the financing cost of suppliers. Under higher Direct Selling market demand [image: Please upload the image or provide a URL so I can help generate the alternate text.], suppliers’ profits [image: Lowercase Greek letter pi with subscript "s" and superscript "RD".] will increase with the increase of market demand [image: Sure, please upload the image or provide a URL to it so I can generate the alternate text for you.], which will help to better alleviate capital constraints.
4.2.2 Consignment mode
The main source of funding inflow for the supplier is the sales revenue obtained from selling products to the manufacturer, while the funding outflows include the production cost of raw materials, green investment costs, factoring fees required for guarantees, interest expenses for applying for financing from the bank, and costs for providing information certification. The supplier’s financing utility function is:
[image: Mathematical expression for maximizing \(\pi^{RC}\) as a function of \(w^{RC}\), \(D^{RC}\), \((c^{RC} D^{RC} + k^{RC} \varepsilon^2 / 2)\), with terms \((t + c^C + k^C + \delta^{RC})\), referencing equation eleven.]
For the manufacturer, the primary sources of funding inflow mainly include the income obtained from selling products, while the funding outflows incurred include the product procurement cost, production and operation costs, and information verification costs. The financing utility function of the manufacturer is:
[image: Maximization equation: maximize \(\pi_d^{RC}\) with respect to \(w_d^{RC}\). The equation is \((w_d^{RC} - w_s^{RC} - c_d^{RC})d^{RC} - ((\tilde{x}_d^{RC}p_d^{RC} + k_d^{RC}e^2 / 2)\delta^{RC})\). Equation number twelve.]
For the green e-commerce platform, the sources of funding inflow include the revenue from selling products and the factoring fees obtained. The funding outflows incurred include the costs of purchasing products and the expenses for information review. To coordinate the interest relationships, a risk-sharing contract is introduced. If the supplier does not repay the loan upon maturity, the green e-commerce needs to pay the default amount according to the ratio [image: If you can provide the image by uploading it, I can generate the alternate text for you.]. Therefore, green e-commerce’s financing utility is:
[image: Equation showing the maximization of pi-superscript-RC with respect to variables x-superscript-RC, y-superscript-RC, z-superscript-RC. It includes terms with p-subscript-c, D-superscript-RC-subscript-c, c-subscript-x, k-superscript-RC, w-subscript-d-superscript-RC, theta-superscript-RC, and other mathematical components involving addition, subtraction, division, and exponents.]
For banks, capital inflow is the interest earned, and the income function is:
[image: Mathematical expression displaying the maximization of variable R subscript C over D subscript C. The expression is (R subscript C D superscript R subscript C plus R superscript R subscript C C squared divided by 2), raised to the power of negative R subscript C. Equation labeled as fourteen.]
Here, [image: Equation in mathematical notation: \( D^{Rc} = (1 - \beta)q - p^c + \mu e + \epsilon \).].
Since the firms are risk-averse, the CVaR risk measurement method is used to introduce the mean - standard deviation to characterize the risk-averse behavior of suppliers and e-commerce platforms. According to the profit function, the financing utility of the supplier and the green e-commerce are: [image: Mathematical equation representing a utility function \(U(\pi_s^{BC})\) with complex terms involving Greek letters and variables: \(w_s^{RC}\), \(\beta\), \(q\), \(\rho^c\), \(\mu\), \(\eta\), \(\sigma\), \(c_s^{RC}\), and \(k^{RC}\). Ends with a kinetic energy-like term \(k^{RC}e^2/2\).][image: A mathematical expression is shown as: open parenthesis, one plus epsilon to the power of RC plus tau to the power of RC plus delta to the power of RC, close parenthesis.] and [image: Mathematical equation showing \( U(\pi_e^{BC}) = p_e^{RC}[(1 - \beta)q - p^c + \mu e - \eta \sigma] + c_s^{RC}[(1 - \beta)q - p^c + \mu e - \eta \sigma + k^{RC} e^2 / 2] e^{RC} - w_d^{RC} \).][image: Mathematical expression containing terms with variables and parameters: \((1 - \beta)q - p^{c} + \mu e - \eta \sigma\) subtracted by derivative \((c^{RC}_{s}[(1 - \beta)q - p^{c} + \mu e - \eta \sigma] + k^{RC}\varepsilon^{2}/2)(\delta^{RC} + \theta^{RC}(1 + \tau^{RC}))\).]. By solving the first-order derivative and the second-order derivative, it can be concluded that [image: Mathematical expression showing \( U(\pi_s^{RC}) \).] and [image: Mathematical expression displaying \( U(\pi^{RC}_e) \).] are concave functions, so there is an optimal solution.
Proposition 4. According to Equations 11–14, it can be calculated that, the optimal retail price is [image: Equation showing \( p_e^{RC*} = \frac{k \, e^{x+2} \, c_{\mu} \, e^{x+2} \, c_{x} \, q^{-2} \, c_{x} \, \eta_0^{-2} \, c_{x} \, q \beta}{2 \, c_{x}} \).] and the optimal guaranteed rate is [image: Mathematical equation with variables and constants. The numerator includes terms like \(c_s\), \(w_s - c_s\), \(q + c_s^2\), and others such as \(\delta - e^2\), \(k + c_s^2 \theta + \theta c_s^2\), and \(\mu + t_s\). The denominator is \(c_s^2\).]. The optimal price of the manufacturer is [image: The equation shows \( w_d^{RC^*} = \frac{c_r + w_r + c_z \left(\delta - \sigma + n + e \right) - \mu - q \left(\beta - 1 \right) - c_z \left( \delta - e + \theta \left( \tau + 1 \right) \right)}{2} \).]. The optimal price of the supplier is [image: Equation displaying various mathematical symbols and variables, presented as a fraction. The equation includes variables like 𝜉, 𝜂, 𝜃, with operations involving addition, subtraction, multiplication, and division. The expression is arranged with subscripts and superscripts.] and the optimal product green preference coefficient is [image: Mathematical formula with the variable \( kRC \) raised to \( c \) equals a fraction. The numerator is \( c_s (c_s + c_f - q + 2) w_{t,3} c_s \delta + c_s \theta + c_s n + \eta - e \ \mu + q \ \beta + c_s \ \theta \ \tau \), and the denominator is \( 2 \ \epsilon^2 \).]. The optimal financing utility of the supplier is [image: A mathematical expression is displayed, featuring complex fractions and multiple variables. The equation involves powers, products, and sums of terms with variables like \( c_s \), \( \theta \), \( \delta \), \( \tau \), \( \mu \), \( \sigma \), \( \beta \), and \( q \). The expression includes both subscripts and superscripts, indicating higher mathematical operations and relationships.], the optimal financing utility of the manufacturer is [image: Equation featuring a complex mathematical expression involving various Greek letters and variables, such as \( \mu \), \( \theta \), \( \delta \), and subscripts like \( c \), \( r \), \( q \), in a fraction and summation format.], and the optimal financing utility of the green e-commerce is [image: Mathematical expression for pi sub e superscript R C star equals the fraction with numerator in parentheses c sub x plus w sub x plus c sub s, then delta n plus q minus e minus fraction mu plus q over beta minus one plus c sub s, times parenthesis delta minus e plus theta parenthesis tau plus one, close parentheses. The denominator is sixteen.] [image: A complex mathematical equation is shown. It includes exponential expressions, coefficients, variables, and parentheses, with the whole expression divided by four.].
Proof: According to the backward induction method of Stackelberg game, the calculation process of the optimal solution of variables is like Theorem 2, so I will not repeat it here.
Inference 4 The optimal selling price [image: Formula showing "p" subscripted with "e" and superscripted with "RC".] will increase with the increase of the green degree. In the supplier-led Consignment mode, under the higher Consignment market [image: The mathematical expression shows an open parenthesis, one minus beta, close parenthesis, and q.], the price of the green e-commerce platform [image: The image displays the mathematical expression "p subscript e superscript RC".] will increase, which will help to obtain more funds, which is completely opposite Direct Selling. The price [image: Mathematical expression displaying "p" with subscripts "e" and superscripts "RC".] is negatively correlated with the risk aversion [image: Mathematical expression showing the Greek letter eta, followed by an exponent with the letters R and C.]. As the risk aversion [image: The expression shows the Greek letter eta, followed by a superscript "RC".] increases, the selling price will be reduced to attract more consumers to obtain funds. The optimal guarantee rate [image: Lowercase Greek letter epsilon with superscript RC in serif font.] will increase with the increase of information verification efforts [image: Greek lowercase delta symbol followed by subscript "RC" in italic font.] , but will decrease with the increase of product green [image: The image shows the mathematical expression "k raised to the power of RC," where "k" and "C" are variables and "R" is an exponent.] and product green degree [image: The image shows a mathematical expression with the letter "e" followed by the power of "rC".] , and will also decrease with the increase of Consignment sales market demand [image: Expression representing \((1-\beta)q\), where \(\beta\) is a variable being subtracted from one, and the result is multiplied by \(q\).], and will also increase with the increase of supplier default probability [image: Please provide the image by uploading it or sharing a URL, and I can help you with the alternate text.]. The manufacturer’s best-selling price [image: Mathematical notation showing "w" with superscript "RC" and subscript "d".] will increase with the increase in Consignment sales market size [image: Mathematical expression showing \((1 - \beta)q\), where \(\beta\) is a variable subtracted from one and then multiplied by \(q\).] and is negatively correlated with the default probability [image: Please upload the image or provide a URL so I can generate the appropriate alt text for it.]. The supplier’s selling price [image: The image shows the mathematical symbol \( w_s^{RS} \).] will rise with the default probability [image: Please upload the image or provide a URL so I can generate the alternate text for you.] and will rise with the increase of Consignment sales market size [image: The mathematical expression depicts \((1 - \beta)q\), where the Greek letter beta is subtracted from 1 and the result is multiplied by q.].
4.3 Risk-averse e-commerce supply chain bank financing under blockchain
Under the blockchain, enterprises upload transaction and financing information to the chain in time, which saves the cost of information verification, ensures the authenticity and reliability of information, and effectively reduces financing risks. The introduction of blockchain has increased the technical cost [image: Please upload the image or provide a URL so I can generate the alternate text for it.], promoted the establishment of trust mechanisms, and strengthened the trust between enterprises and between enterprises and consumers. The trust cost paid is [image: Expression showing "y a squared over two".].
4.3.1 Direct selling mode
Under blockchain technology, financially constrained suppliers need to adopt blockchain, which increases blockchain-related costs. Cash inflows primarily consist of the total revenue from product sales minus the service fees paid to the green e-commerce platform. Cash outflows include the costs of purchasing and processing materials, the costs of blockchain technology, green investment costs, and a blockchain trust cost of [image: The mathematical expression "ya squared over two".], which helps facilitate fund auditing and product traceability. Additionally, suppliers incur loan interest expenses. The financing utility function of supplier is:
[image: Mathematical expression showing the maximization of π subscript s superscript BD equals the difference between p subscript s superscript BD minus x subscript p superscript BD, raised to the power of D superscript BD, and an expression in square brackets. This bracketed expression includes ε subscript i superscript BD plus b subscript i superscript BD, raised to the power of D superscript BD, plus k superscript BD ε squared divided by two plus γ superscript BD α squared divided by two. It is then multiplied by the term one plus r superscript BD. Equation number is fifteen.]
An e-commerce platform that adopts blockchain technology needs to incur certain technical introduction costs to enhance the reliability of financing information. Suppliers selling products on the platform can obtain product sales service fees. The cash outflows include the introduction costs of blockchain, the operating costs of the platform, and the blockchain trust costs. Therefore, the financing utility of the green e-commerce platform is:
[image: Maximization problem showing equation 16: maximize over \( x^{BD}, a^{BD} \) the expression \( -(\beta^{BD} p_f^{BD} - c_e^{BD} - b^{BD} p_e^{BD}) p^{BD} - \gamma^{BD} a^2/2 \).]
For banks, capital inflow is mainly interest earned, and the income function is as follows:
[image: A mathematical equation displays the expression for maximizing a variable  \(x_{BD}^{BD}\), which equals the sum of a term \((h_{s}^{BD} + b_{BD}^{BD})^{D}\) and additional terms involving \(t_{BD}^{kBD}c^{2}/2\), \(y^{BD}\), and \(a^{2}/2\) raised to the power of \((1/2)\) and multiplied by \(BD\). The equation is labeled as equation number 17.]
Here, [image: The equation \( D^{BD} = \beta q - p^d + a \xi + \mu e + \epsilon \) represents a mathematical expression involving variables \( q, p, \xi, e \), with coefficients \( \beta, a, \mu \), and an error term \( \epsilon \).].
Since all enterprises are risk-averse, the mean−standard deviation method is used to characterize the risk-averse, that is [image: Utility equation displaying \( U(\pi_i^{BD}) = E(\pi_i^{BD}) - \eta_i \sqrt{var(\pi_i^{BD})} \).], the financing utility of suppliers and green e-commerce platforms are: [image: Equation displaying U of pi superscript BD subscript s equals open parenthesis p superscript BD subscript s minus x superscript BD p superscript BD subscript s close parenthesis times open bracket beta q minus p superscript d plus a xi plus mu e minus eta sigma close bracket.][image: Mathematical expression showing complex variables and operations. It includes factors like \((c_s^{BD} + b_s^{BD})\), containing terms \(\beta q - p^4 + a \zeta + \mu - \eta \theta\), additional components \(k^{BD} e^2/2 + y^{BD} a^2/2\), and multiply by \((1 + x^{BD})\).] and [image: Mathematical equation involving multiple variables and functions: \( U(\pi_e^{BD}) = (x_s^{BD}p_s^{BD} - c_e^{BD} - b_e^{BD})\left[ \beta q - p^d + \alpha \zeta + \mu e - \eta \sigma \right] - y^{BD}a^2/2 \).]. It is easy to prove that [image: Mathematical notation displaying \( U(\pi_s^{BD}) \).] and [image: Mathematical expression showing the utility function \( U(\pi^{BD}_e) \).] are concave functions, so there is an optimal solution.
Proposition 5. Under the e-commerce supply chain bank financing model driven by blockchain technology, according to Equations 15–17, it can be calculated that, the supplier’s optimal retail price is [image: Equation featuring variables \(p_s^{BD}\), \(r\), \(b\), \(t\), \(c_s\), \(a\), \(k\), \(\mu\), \(\beta\), \(x\), with complex fractions and polynomial expressions in the numerator and denominator.], the product’s optimal green preference is [image: Exponential expression \( e^{BD^*} = \frac{\mu \left( b_2 + c_2 - a \right) \left( \xi + b \right) \left( \tau + c_1 + \tau \sigma - \beta + a \right) \left( \xi x - \sigma \right) \left( nx + q \right) \left( x \beta \right)}{2 \quad k + 2 \quad k \pi + \mu^2 \quad x - \mu^2} \).], and the optimal trust is [image: A complex mathematical equation involving variables such as \( \mu \), \( x \), \( k \), \( \tau \), among others. It includes terms with powers, coefficients like \( b \), \( c_e \), \( q \), and mathematical functions, enclosed within brackets and fractions. The equation represents a detailed algebraic expression likely used in advanced calculus or physics.]. The green e-commerce platform’s optimal service fee satisfies [image: Equation expressing \( x_p^{BD*} \) as \((c_e - c_s + a \xi - \eta \sigma + \mu \epsilon + \beta q + b \epsilon^{BC}) / 2\).]. The supplier’s optimal financing utility is [image: A complex mathematical equation featuring variables and constants, including symbols like ρ, k, μ, τ, ξ, η, σ, β, and others. The equation is divided into a large fraction with detailed algebraic expressions in both the numerator and the denominator, involving operations such as addition, multiplication, and division.], and the e-commerce platform’s optimal financing utility is [image: Mathematical equation involving several algebraic expressions and variables including \( p(x-1) \), \( k \), \( \tau \), \( \mu \), \( x \), \( \eta \), \( \sigma \), \( q \), and others. The expression is enclosed in brackets and divided by terms like \( (x-1) \), \( (2)(k+2) \), and more. At the end, \( \pi_e^{BD*} = \frac{a^2}{2}y - \) is shown, followed by a line indicating continuation.].
Proof: The solution is obtained by the reverse induction method of Stackelberg game. The calculation process is the same as the derivation process of Theorem 1 and will not be repeated here.
Inference 5 The supplier’s optimal retail price [image: Mathematical expression with \( p_s \) as the base and BD as the superscript.] is positively correlated with blockchain technology [image: Mathematical expression showing the symbol "b" with subscripts s and superscripts B and D in a stylized font.] and product production costs [image: Mathematical expression depicting the subscript \( c_s \) followed by \( BD \), suggesting a formula or notation involving chemistry or physics concepts.] , and will increase with the loan interest rates [image: It looks like there is no image provided. Please upload the image or provide a URL, so I can help generate the alternate text for it.], obtaining more capital flows. The higher the service fee [image: Please upload the image or provide a URL so I can generate the alternate text for it.], the higher the retail price [image: The image shows a mathematical notation with the lowercase letter "p" followed by subscript "s" and superscript "BD".] will be, because the supplier’s cost increases. Higher blockchain trust [image: Mathematical expression showing "a" raised to the power of "b" with the exponent "D" written in smaller font size beside "b".] will lead to higher retail prices [image: Mathematical notation showing \( p_{s}^{BD} \), where \( p \) is the main variable with subscripts \( s \) and superscripts \( BD \).], which will help to recover funds faster. Retail prices [image: The expression shows the variable "p" with a subscript "s" and a superscript "BD."] will decrease with the increase of risk aversion [image: The image contains the Greek letter eta, denoted by the symbol "η", with a superscript consisting of the letters "BD".] , but are positively correlated with the market size [image: Please upload the image so I can generate the appropriate alt text for it.] and the product green preference coefficient [image: The text shows the mathematical expression \( k^{BD} \), where \( k \) is a variable and the superscript \( BD \) indicates its power or other specified property.]. The optimal greenness of the product is negatively correlated with the size of the market size [image: Please upload the image or provide a description so I can assist you in generating alternate text.], and will also decrease with the increase of blockchain trust [image: Mathematical expression of a raised to the power of B and D.]. Blockchain trust is positively correlated with the risk aversion [image: Greek letter eta with superscript 'BD'.] and blockchain technology [image: If you provide an image or a URL, I can help generate the alternate text. Please upload the image or share the URL.], but will decrease with the increase of market size [image: It appears there is no image uploaded or described here. Please upload an image or provide a URL so I can assist you with generating alternate text.].
4.3.2 Consignment mode
For the supplier, cash inflows primarily consist of the total revenue from product sales. Cash outflows include the cost of procuring raw materials, the cost of introducing blockchain technology, green investment costs, and blockchain trust costs. Additionally, suppliers must pay bank loan interest expenses. The supplier’s financing utility function is:
[image: Mathematical equation showing the maximization of the variable \(\pi_{t}^{BC}\) with respect to the variable \(I_{t}^{BC}\). The equation involves parameters \(w_{t}^{BC}\), \(D_{t}^{BC}\), \(b_{t}^{BC}\), \(t_{t}\), \(x\), and constants. The equation number is (18).]
For the manufacturer, cash inflows are mainly derived from revenue generated by selling products. Cash outflows include the cost of purchasing and processing products, the cost of adopting blockchain technology, and blockchain trust costs. The manufacturer’s financing utility function is:
[image: Mathematical equation for maximizing profit: max_\(W_{\text{EFF}}^{\text{BC}}\) given by \((W_d^{\text{PAC}} - W_s - C_d^{\text{BC}} - b_d^{\text{BC}}) D^{\text{BC}} - R^{\text{BC}} a^2/2\), labeled as equation (19).]
In the process of SCF, the green e-commerce platform generates cash inflows from the revenue earned by selling products to consumers. Cash outflows include the cost of procuring products, the cost of introducing blockchain technology, and blockchain trust costs. Green e-commerce’s financing utility function is:
[image: Mathematical expression showing an optimization problem. The function maximizes \(\pi^{BC}_{ae}\) over \(x^{BC}_{ae}\) and uses parameters \(\beta^{BC}_{e}\), \(\omega^{BC}_{d}\), and \(b^{BC}_{e}\). The expression includes terms with \(D^{NC}\), and a subtraction involving an \(a^{BC}\) squared term divided by two, followed by equation number twenty.]
For banks, capital inflow is an interest income, and the income function is as follows:
[image: Max subscript x, superscript BC, n equals bracket open parenthesis c subscript k plus b subscript k, superscript BC close parenthesis, superscript BC, plus b sup script BC, c squared divided by two plus b, superscript BC, a squared divided by two, bracket times F superscript, BC.]
Here, [image: Equation showing \( D^{BC} = (1-\beta)q - p^{c} + a\xi + \mu e + \epsilon \).].
Suppliers and e-commerce platforms are both risks averse. By using the mean - standard deviation to characterize the risk-averse behavior of enterprise managers, we can get the utility functions of suppliers and e-commerce platforms as follows: [image: An equation displays \( U(\pi^{BD}_e) \) as a product involving terms \((x^{BD}_s p^{BD}_s - c^{BD}_e b^{BD}_e)\) and \([b q - p^d + a \xi + \mu e - \eta \sigma]\), subtracted by \( y^{BD} a^2 / 2 \).]. It is easy to prove that [image: Mathematical expression displaying \( U(\pi_s^{BD}) \).] and [image: The image contains a mathematical equation: \( U(\pi_e^{BC}) = (p_e^{BC} - w_d^{BC} - b_e^{BC})[(1 - \beta) q - p^c + a \zeta + \mu e - \eta \sigma] - y_e^{BC} a^2 / 2 \).]. By solving the first-order derivative and the second-order derivative, it can be concluded that [image: Mathematical notation showing a function \( U(\pi_s^{BC}) \), where \(\pi_s^{BC}\) is a parameter or expression within the parentheses.] and [image: Mathematical expression showing the utility function \( U(\pi^{BC}_e) \), where \(\pi^{BC}_e\) is denoted with a superscript \( BC \) and a subscript \( e \).] are concave functions, so there is an optimal solution.
Proposition 6. Under blockchain technology, according to Equations 18–21, it can be calculated that, the optimal retail price of the green e-commerce platform to green preference consumers satisfies [image: The equation shows a mathematical expression for \( p^{BC^*} \), calculated as \(\frac{{b_c + w_d + a}}{{2}}\) minus \(\frac{{\xi - \sigma n + e}}{{\mu + q}}(1 - \beta)\).], and the optimal price of the manufacturer is [image: Equation for \( w^{BC^*}_d \) is shown as \( w^{BC^*}_d = \frac{b_d + c_d + w_3 + a}{2} \frac{\xi - \sigma n + e}{\mu - q} (\beta - 1) \).]. The optimal price of the supplier satisfies [image: Equation for W subscript s superscript BC star equals the fraction of open parentheses tau plus one close parentheses times open parentheses two times ke plus b over mu plus c subscript s close parentheses, divided by mu.], the optimal trust is [image: The equation \( a^{BC^*} = \frac{\xi(b + w_d + \sigma \eta - e\mu + q(\beta - 1))}{\xi^2 - 2\gamma} \).], and the optimal green preference is [image: Exponential expression \(e^{BC^*}\) equals the fraction \(\frac{b - q + w_d - a}{\mu}\) multiplied by \(\frac{\xi + \eta \sigma + q}{\beta}\).]. The optimal expected financing utility of the supplier is [image: Equation displaying \( \Pi_s^{BC*} = (\tau + 1) \left( \frac{k}{2\mu^2} \left( b - q + w - a\xi + \eta q + \beta \right)^2 + 30a^2 \right) \).], the optimal expected financing utility of the manufacturer is [image: Equation representing a formula for \(\pi_d^{BC*}\), showing \(\frac{w_d(2b + 2c_d - w_d + 2w_j)}{8} - 30a^2\), where variables are expressed in terms of \(w_d\), \(b\), \(c_d\), \(w_j\), and \(a\).], and the optimal expected financing utility of the green e-commerce is [image: The image shows a mathematical equation: \(\pi_{e}^{BC*} = \frac{(w_d - w_s - b - c_d)(b + c_f + w)}{4} + 30 \, a^2\).].
Proof: The optimal solution of each variable is solved by backward induction of Stackelberg game, and the derivation process is like Theorem 2.
Inference 6 Under the blockchain, technology can reduce the credit risk as much as possible. Smart contracts and consensus mechanisms can effectively ensure that suppliers repay loans on time and meet the risk aversion of financial institutions. The optimal retail price [image: Mathematical expression showing "p" with subscript "e" and superscript "BC".] is positively correlated with the cost of blockchain [image: Mathematical expression showing a lowercase b with uppercase B and C as superscripts, and lowercase e as a subscript.], will increase with the increase of the Consignment sales market size [image: Mathematical expression of an equation showing \((1 - \beta)q\), where \(\beta\) and \(q\) are variables.], and is negatively correlated with the risk aversion [image: Greek letter eta followed by the superscript "BC".]. The manufacturer’s optimal price [image: Mathematical expression showing \( w \) raised to the power of \( \frac{BC}{d} \).] is positively correlated with the Consignment sales scale [image: Mathematical expression showing \((1 - \beta)q\), where \(\beta\) is a variable subtracted from one, and the result is multiplied by \(q\).] and will increase with the increase of product greenness [image: Mathematical expression showing the base of the natural logarithm, \( e \), raised to the power of \( BC \).]. The supplier’s price [image: Mathematical notation showing the symbol "w" with subscript "s" and superscript "B C".] is positively correlated with the cost of blockchain [image: Mathematical notation depicting \( b_s^{BC} \).] and will rise with the increase of interest rates [image: Please upload the image you'd like me to describe.]. The optimal trust [image: It seems there is no image visible. Please upload the image or provide a URL to the image, and I will help you generate the alt text.] is positively correlated with blockchain technology [image: Please upload the image or provide a URL so I can generate the alternate text for you.] and risk aversion coefficient [image: The Greek letter eta is shown in italics, resembling a lowercase "n" with a curved hook at the top right.], but will decrease with the increase of product greenness [image: Please upload the image or provide a URL for me to generate the alternate text.]. The optimal product greenness [image: Please upload the image or provide a URL so I can generate the alternate text for you.] will also increase with the increase of blockchain technology [image: Please upload the image or provide the URL, and I will help generate the alternate text for it.], attracting more consumers to recover funds.
4.4 Comparative analysis
Blockchain technology facilitates collaboration between different actors, allowing all parties in the e-commerce supply chain to exchange information in a shared, trusted network. This helps break down information silos, form blockchain trust, and improve overall operational efficiency. With blockchain technology, a faster and more transparent financing process can be achieved. Using blockchain smart contracts to automate many steps in the financing process not only reduces wait times but also reduces the risk of human intervention. The use of blockchain technology can reduce intermediaries and the reliance on traditional paper documents, reduce financing costs while improving the speed of financing, which not only reduces processing time and costs, but also improves the accuracy of data. In general, after the introduction of blockchain, the income level of suppliers, manufacturers and e-commerce enterprises has been significantly improved. Although the introduction of blockchain will increase the cost of blockchain adoption compared to the situation without the introduction of blockchain technology, it will also save part of the cost of information review and improve the financing efficiency of e-commerce supply chain banks. The introduction of blockchain technology has further deepened the degree of information sharing and promoted the transfer of trust. The introduction of blockchain technology helps enterprises better avoid risks.
By analyzing the previous model, we can further draw conclusions.
Proposition 7. Under Direct Selling, when the supplier’s production cost is met [image: Mathematical expression showing \( c_s < b_s (1 + \tau) / (\delta + \varepsilon) \).], the greenness of the product under the blockchain trust mechanism is higher than that without blockchain.
Proof: According to the optimal solution of decision variables in theorem 3 and theorem 5, it can be seen that under Direct Selling: [image: Equation displaying the expression for \( e^{PD^*} = \frac{\mu (c_1 + c_2, \delta c_1, \epsilon - a t^2 c_1 + c_2, \tau + \eta o - \beta q + a, \xi - \eta o, x + x, \beta q)}{2, k + 2, \delta, k + 2, k \epsilon + 2, k + \mu^2, x - \mu^2} \).], [image: Exponential term denotes \( e^{BD^*} \), equaling a fraction with a complex expression in the numerator: \(\mu (b_1 + b_5) \tau + c_s - a \, \xi + c_f + \tau \sigma - \beta \sigma + a \, \xi - \sigma \, nx + q \, x \beta\). The denominator consists of terms: \( 2 \, k t + 2 \, k t + \mu^2 \, x - \mu^2\).].When [image: The equation \( c_s < b_s(1+\tau)/(\delta+\varepsilon) \) is shown, involving variables \(c_s\), \(b_s\), and constants \(\tau\), \(\delta\), and \(\varepsilon\).],that is, [image: Mathematical expression with \( c_s \) multiplied by \((\delta + \varepsilon)\) is less than \( b_s \) multiplied by \((1 + \tau)\).], we get [image: Mathematical expression showing two equations:   1. μ (b₃ + b₅ τ + c₃ − a ξ + c₃ τ + ση − qβ + a ξ − σ η x + q xβ) >   2. μ (c₅ + c₅ δ + c₅ ε − aξ + c₅ τ + ησ − βq + a ξ − ησ x + x βq).], and [image: The image shows a mathematical inequality: \(2k + 2k\tau + \mu^2 x - \mu^2 < 2k + 2\delta k + 2k\varepsilon + 2k\tau + \mu^2 x - \mu^2\).], therefore [image: Mathematical expression showing \(e^{BD^*} > e^{RD^*}\).].
The adoption of blockchain has fundamentally alleviated the financing constraints of enterprises. Under blockchain technology, e-commerce enterprises are more willing to provide guarantees for cash-strapped suppliers, financial institutions are more willing to provide chain financial services, and loan services have greatly solved the funding problem. In the process of supply chain operation, when the cost meets certain conditions under Direct Selling, compared with the non-blockchain technology, the introduction of blockchain technology improves the greenness of the product, helps attract more consumers who prefer green, and quickly alleviates their own financial constraints.
Proposition 8. In Consignment consignment, when the supplier’s production cost meets [image: Mathematical expression where \( c_s \) is less than the fraction with numerator \( k \cdot e^2 \) and denominator \( b_e + w_d + a \) multiplied by \( \xi \).], under the block chain trust mechanism, the supplier will reduce the selling price to attract more consumers and obtain more profits.
Proof: According to theorem 4 and theorem 6, we know [image: Formula for \( p^{RC}_e \) equals \( \frac{k \, e^{2+2} \, c_{\mu} \, e^{+2} \, c_{e} \, q^{-2} \, c_{e} \, \eta^{-2} \, c_{\eta} \, q \beta}{2 \, c_{e}} \). It simplifies to \( \frac{k \, e^{2+2} \, c_{\mu} \, c_{e} [\mu - \eta(1-\beta) q \alpha]}{2 \, c_{e}} \).], [image: Equation showing \( p^{BC^*} \) equal to the fraction with numerator \( b_{\epsilon} + w_{a} + a + \xi - \sigma \pi + e + \mu + q - (1 - \beta) \) and denominator \( 2 \).]. When [image: Mathematical expression showing \( c_s < \frac{k \cdot e^2}{b_e + w_d + a} \xi \) where variables are likely subject to specific contextual definitions.], [image: The equation shows \(b_e + w_d + a \, \xi < \frac{k \, e^2}{c_s}\).], therefore [image: Mathematical expression showing \( p_e^{RC^*} > p_e^{BC^*} \).].
The introduction of blockchain technology is crucial to the financing decision of the e-commerce supply chain, which can better allow financial constraint suppliers to make scientific and reasonable decisions. Blockchain increases trust in the e-commerce supply chain sales process and enhances the traceability of information. In Consignment, blockchain technology has improved the transparency of information. In order to attract consumers, it will reduce the selling price, improve the competitiveness of enterprises and ease the financial constraint.
5 NUMERICAL ANALYSIS
To further validate the model, MATLAB is used to analyze the expressions and explore the impact of blockchain, blockchain trust mechanisms, risk avoidance, product greenness, guarantee rates, and information verification efforts on bank finance. Based on Wu et al. [38] and An et al. [56], the parameters for each decision variable are follows: [image: Mathematical equations and variables are displayed, detailing parameters with specific values: alpha equals zero point six, beta equals zero point five, rho equals one hundred, c-s equals zero point six, c-d equals zero point eight, tau equals zero point zero six, x equals zero point zero five, and xi equals ten.]. The numerical settings meet the proof process of the equations to ensure that the decision-making process.
5.1 Influence of blockchain technology
The impact of blockchain on green e-commerce supply chain bank financing strategies is shown in Figure 2. Figure 2a illustrates the change in supplier profits with the blockchain under the Direct Selling and Consignment sales models. Figure 2b shows the impact on green e-commerce.
[image: Two line charts compare the adoption of blockchain on suppliers (a) and green e-commerce (b). Chart (a) shows two lines: a red, nearly horizontal line (Direct Selling Mode) and a blue, declining line (Consignment Mode). Chart (b) displays a red, upward-sloping line (Direct Selling Mode) and a blue, downward-sloping line (Consignment Mode), intersecting at a specific point.]FIGURE 2 | Influence of blockchain. (a) Influence on suppliers. (b) Influence on green e-commerce.
For suppliers, the financing benefits under both the Direct Selling and Consignment sales models decrease as the blockchain adoption cost increases, with a larger reduction under the Consignment model. The impact on the Direct Selling model is relatively small. In the Direct Selling model, supplier utility decreases with the increase in blockchain adoption, but the change is not significant, indicating that blockchain has a small impact. In the Consignment model, the introduction of blockchain causes a significant drop in supplier benefits because it increases the financing costs, which negatively affects the financing returns. However, when the cost of blockchain technology [image: It seems there's no image uploaded. Please upload the image or provide a URL so I can generate the alternate text for you.], suppliers should be more inclined to use the Consignment method, because the Consignment method can create better benefits for suppliers and ease financial constraints. When the cost of blockchain technology [image: Please upload the image or provide a URL for it, and I'll be happy to help with the alternate text.], Direct Selling should be adopted.
For e-commerce platforms, the impact of blockchain on platforms varies greatly between the Direct Selling and Consignment models. In the Direct Selling model, the introduction of blockchain technology can attract more consumers, increase sales, and improve the platform’s overall profitability. The platform charges a percentage of service fees, and the increased sales offset the increased blockchain adoption cost, has a positive effect on profits. In the Consignment model, however, the platform’s profits decrease as the blockchain technology cost rises, and the decline is more pronounced. When the blockchain technology cost [image: I'm sorry, I can't view or generate alternate text for images in that format. Please upload the image file directly or provide a URL.], the Consignment model can generate more profit for the platform, helping to better diversify its risks. When blockchain technology cost [image: I'm unable to view images directly. Please upload the image or provide a URL so I can help create the alt text for it.], Direct Selling should be chosen.
Overall, when blockchain costs are low, both suppliers and green e-commerce platforms are likely to choose the Consignment sales model, as it better alleviates the supplier’s financial constraints and provides better returns for both parties. When the blockchain technology cost is high, the Direct Selling model becomes the better option.
5.2 Influence of blockchain trust
The impact of blockchain trust on bank financing strategies is shown in Figure 3. Figure 3a illustrates the trend of supplier benefits as blockchain trust increases, while Figure 3b shows the impact on the green e-commerce platform.
[image: Two line graphs comparing the influence of blockchain trust on suppliers and green e-commerce. The left graph shows a significant increase in the number of suppliers for both direct selling and consignment modes, with consignment rising sharply. The right graph depicts the utility of green e-commerce increasing exponentially with blockchain trust, with consignment mode showing a steeper rise compared to direct selling mode. Both graphs indicate that higher blockchain trust positively influences both suppliers and green e-commerce.]FIGURE 3 | Influence of blockchain trust. (a) Influence on suppliers. (b) Influence on green e-commerce.
For suppliers, blockchain trust has a very different impact on supplier efficiency under Direct Selling and Consignment. Under Direct Selling, the vendor’s revenue will decrease slightly as the blockchain trust increases. Blockchain trust has less impact on suppliers and has a limited effect on easing financial constraints. In Consignment, blockchain trust has a great impact on the profit of suppliers, so it can better obtain more profits and obtain a good profit level, which helps to alleviate the fund problem of the supply chain. With the increase of blockchain trust, the revenue of suppliers shows a good growth trend, and the rise is large, and there is a good room for development. When the blockchain trust level a<2.24, Direct Selling can bring better returns to suppliers. However, when the blockchain trust exceeds a certain threshold, suppliers will be more willing to introduce the blockchain trust in the Consignment consignment to improve their overall income. In practice, with a high degree of blockchain trust, enterprises should actively adopt the Consignment selling method to better play the role of blockchain trust mechanism in financing strategy optimization.
For e-commerce platforms, the impact of blockchain trust on platform profits shows little difference between the Direct Selling and Consignment models. In the Direct Selling model, platform profits increase significantly with the increase in blockchain trust, with considerable fluctuation. The higher the blockchain trust, the higher the platform’s profitability. In the Consignment model, as blockchain trust increases, the platform’s profits show a clear upward trend, and blockchain trust helps enhance platform profits and fosters better development. In both sales models, the Consignment model generates better benefits for e-commerce platforms compared to the Direct Selling model.
At a certain level of blockchain trust, both suppliers and e-commerce platforms tend to choose the Consignment model. In this model, when blockchain trust is low, the effect of blockchain trust on supplier and platform benefits is minimal, and the difference between the two sales models is small. However, as blockchain trust increases, the impact grows, and the benefits brought to e-commerce supply chain enterprises become more significant.
5.3 Influence of risk aversion
The impact of the risk aversion on suppliers and green e-commerce platforms is shown in Figure 4. This analysis compares the effects of risk aversion on bank finance strategies before and after adopting blockchain in the Direct Selling and Consignment sales models. Figure 4a shows the impact on suppliers, and Figure 4b shows the impact on green e-commerce platforms.
[image: Two line graphs display the impact of risk aversion coefficients. The left graph, titled "Influence on suppliers," shows four curves: Direct Selling Mode with and without blockchain, and Consignment Mode with and without blockchain. The right graph, titled "Influence on green e-commerce," presents similar data, indicating variations in profit. Each graph's x-axis represents risk aversion coefficients, and the y-axis shows profit in numbers from 0 to 1600. The legends differentiate the modes by color. Lines trend downward across both graphs.]FIGURE 4 | Influence of risk aversion. (a) Influence on suppliers. (b) Influence on green e-commerce.
For suppliers, under Direct Selling and before the adoption of blockchain technology, the risk avoidance coefficient has little impact on suppliers. After the adoption of blockchain technology, the financing returns of suppliers will increase slightly with the increase of risk aversion coefficient. The profit before the adoption of blockchain is higher than that after the adoption of blockchain, indicating that blockchain has a greater effect on the relationship between risk avoidance and supplier benefits. In Consignment consignment, before the use of blockchain, the benefit of suppliers will gradually decrease with the increase of risk avoidance coefficient. After the adoption of blockchain, the risk avoidance coefficient will also cause the supplier’s income to decline, and the decline is large. In the case of blockchain, the supplier benefit decreases more with the risk avoidance coefficient than without blockchain, and blockchain increases the impact of risk avoidance behavior on supplier financing. Suppliers should control their risk avoidance behavior within a reasonable range. At a low risk aversion factor, Direct Selling should be actively adopted when not using blockchain technology. When using blockchain technology, suppliers should use Consignment. When suppliers have high risk aversion, they should give priority to Direct Selling, and use blockchain technology to enhance credit transparency and reduce additional financing costs caused by information asymmetry.
For the e-commerce platform, in the Direct Selling mode, before the adoption of blockchain technology, the utility of the e-commerce platform will decrease with the increase of risk avoidance coefficient, and a high-risk avoidance coefficient is not conducive to the development of the e-commerce platform. After the adoption of blockchain, the high-risk avoidance coefficient will also lead to the reduction of the utility of the e-commerce platform. Before and after the adoption of blockchain, the utility of e-commerce platforms has a small variation with the risk avoidance coefficient. In Consignment consignment, before the use of blockchain, the risk avoidance coefficient will cause the utility of e-commerce platform to decline sharply, and the change range is larger than that of Direct Selling. After the adoption of blockchain, the risk avoidance coefficient has little impact on the financing utility of e-commerce platforms. Compared to the non-blockchain scenario, the adoption of blockchain reduces the impact of risk avoidance coefficient on the utility of e-commerce platforms. Under the lower risk avoidance coefficient, when the block chain technology is not used, the level desk is more inclined to use Consignment, which can obtain higher financing returns. With the adoption of blockchain technology, Direct Selling will be a better option. Under the high-risk avoidance coefficient, before and after the use of blockchain technology, Consignment can bring better returns to the e-commerce platform.
In the green e-commerce supply chain, a higher risk aversion coefficient does not necessarily contribute to increasing financing utility for suppliers and e-commerce platforms. Managers should appropriately reduce their risk aversion tendencies in order to better assist suppliers in obtaining financing.
5.4 Influence of product greenery
The impact of product greenery on bank financing strategies is shown in Figure 5. Figure 5a shows the impact on suppliers, and Figure 5b shows the impact on e-commerce platforms.
[image: Two line graphs show the impact of blockchain on business models. Graph (a) illustrates the influence on suppliers, with utility decreasing and then increasing for the Consignment Mode with blockchain. Graph (b) shows influence on green e-commerce, with utility lines for different models, slightly increasing for Consignment Mode with blockchain. Each graph features lines for both blockchain and non-blockchain scenarios.]FIGURE 5 | Influence of product greenness. (a) Influence on suppliers. (b) Influence on green e-commerce.
For suppliers, in the Direct Selling model, prior to the blockchain, product greenery has a minimal effect on supplier financing utility. After adopting blockchain technology, a certain degree of product greenery leads to a slight decrease in supplier utility, as higher product greenery increases the supplier’s green investment costs. In the Consignment model, prior to blockchain adoption, supplier financing utility decreases initially with the increase in product greenery but later increases. After adopting blockchain, the effect of product greenery on supplier financing utility becomes less significant. The introduction of a blockchain increases supplier financing benefits in the Consignment model but reduces them in the Direct Selling model. Companies should actively improve the greenness of their products and increase the adoption of blockchain technology.
For e-commerce platforms, in the Direct Selling model, prior to adopting blockchain technology, platform profits increase as product greenery increases, as higher product greenery attracts more consumers and increases platform profits. After blockchain adoption, product greenery continues to boost platform profits. Compared to the non-blockchain scenario, the blockchain increases the influence of product greenery on platform profits. In the Consignment model, prior to blockchain adoption, platform financing profits increase significantly as product greenery increases. After adopting blockchain, the impact of product greenery on platform profits becomes limited. The adoption of blockchain reduces the influence of product greenery on platform profits.
A certain level of product greenery attracts more green-preference consumers, helping to increase platform profits, but it increases costs for suppliers. Only after exceeding a certain threshold does the non-blockchain-based Consignment model boost supplier financing benefits.
5.5 Influence of guarantee rate
The impact of the guaranteed rate on suppliers and green e-commerce is shown in Figure 6. Figure 6a is the influence on suppliers, and Figure 6b is the influence on green e-commerce.
[image: Two line graphs compare "Direct Selling Model" and "Consignment Mode." Graph (a) shows the influence on suppliers with "Direct Selling" decreasing sharply and "Consignment" remaining flat. Graph (b) illustrates influence on green e-commerce, where "Consignment" increases steadily, and "Direct Selling" shows a slight upward trend.]FIGURE 6 | Influence of guaranteed rate. (a) Influence on suppliers. (b) Influence on green e-commerce.
For suppliers, in the Direct Selling model, supplier financing benefits decrease as the guaranteed rate increases. A higher guaranteed rate raises the supplier’s costs, and while it helps solve funding issues, it also increases the financing cost burden. However, in the Consignment model, the guaranteed rate has a minimal influence on the overall revenue and does not reduce supplier utility while helping alleviate funding constraints. Although the Direct Selling model leads to a decrease in supplier financing benefits, overall, the revenue level remains higher than that in the Consignment model.
For green e-commerce, an increase in the guaranteed rate promotes an increase in platform profits in both the Direct Selling and Consignment models. In the Consignment model, the effect of the guaranteed rate on platform profits is significant, with a large growth margin. In the Direct Selling model, platform utility also increases with an increase in the guaranteed rate, but the growth is slower, and the increase is smaller. E-commerce is likely the Consignment model, which yields higher profits compared to the Direct Selling model.
The impact of the guaranteed rate on suppliers and e-commerce platforms is quite different. An increase in the guaranteed rate increases supplier financing costs but promotes the increase of e-commerce platform profits. The guaranteed rate also influences the choice of sales model. Suppliers are more likely to choose the Direct Selling model, while e-commerce platforms prefer the Consignment model.
5.6 Influence of information verification effort
The impact of corporate information verification efforts on e-commerce supply chain bank financing strategies is shown in Figure 7. Figure 7a represents the impact on suppliers, and Figure 7b represents the impact on green e-commerce.
[image: Two line graphs compare the impact of information verification efforts. The left graph titled "Influence on suppliers" shows red and blue lines representing Direct Selling and Consignment Models. The right graph titled "Influence on green e-commerce" displays similar lines with added blue points highlighting specific values. Both graphs share a horizontal axis for information verification efforts and different vertical axes for utility measures.]FIGURE 7 | Influence of information verification efforts. (a) Influence on suppliers. (b) Influence on green e-commerce.
For suppliers, information verification efforts increase costs, and in both the Direct Selling and Consignment models, supplier benefits decrease as information verification efforts increase. Supplier benefits are higher in Direct Selling than in Consignment. When information verification efforts are within a certain threshold, the decrease in supplier benefits is larger in Direct Selling compared to the Consignment.
For e-commerce platforms, utility decreases as information verification efforts increase. In the Consignment model, the impact of information verification efforts on platform utility is larger, and the decrease is more noticeable compared to the Direct Selling model. At lower levels of information verification efforts, the Consignment model creates more profit for the e-commerce platform.
Information verification efforts lead to a decrease in financing benefits for both suppliers and e-commerce platforms. For suppliers, the decrease is more significant in the Direct Selling model, while for e-commerce platforms, the decrease is larger in the Consignment model. Considering the impact of information verification efforts, the choice of sales model will differ for the two parties.
6 CONCLUSION
Blockchain opens up new pathways for optimizing e-commerce supply chain bank financing strategies, overcoming the financing difficulties faced by enterprises in practice, and effectively solving the financing challenges encountered by suppliers, improving financing efficiency. To solve the challenges of difficult and expensive financing, this study explores the influence of blockchain, blockchain trust, risk aversion, product greenery, guarantee rates, and information verification efforts on bank financing strategies in e-commerce supply chains, combining the Direct Selling and Consignment sales models, and considering enterprise risk aversion behavior and consumer green preferences. The research shows that when blockchain technology is within a certain threshold, suppliers are more likely to choose the Consignment model, which helps alleviate their funding constraints. Blockchain trust mechanisms have a limited impact on financing strategies in the Direct Selling model, but they can provide better financing benefits to suppliers in the Consignment model. A higher risk aversion coefficient does not necessarily contribute to improving finance efficiency, and its impact on suppliers is greater with blockchain adoption than without, a higher risk aversion coefficient will improve the trust of blockchain. A certain degree of product generator increases supplier costs but helps attract more consumers and boosts overall revenue. Information verification efforts and higher guarantee rates increase supplier financing costs, with different impacts on the Direct Selling and Consignment sales models.
In the e-commerce supply chain, our work provides some targeted management implications and novel insights for the financially constrained e-commerce supply chain. In the process of bank financing, blockchain technology can effectively improve information transparency, and the e-commerce supply chain should actively introduce blockchain technology. When the adoption cost of blockchain technology is low, the proportion of Consignment sales products should be increased as much as possible, which helps to withdraw funds quickly to alleviate capital constraints. Suppliers can increase the market scale of Consignment method, to better exert the influence of blockchain trust mechanism on financing strategy, increase the trust between enterprises and between enterprises and consumers, and help suppliers obtain more profits to improve financing efficiency. E-commerce supply chain enterprises can appropriately reduce their risk avoidance tendency, and higher risk avoidance is not conducive to the increase of financing returns. Blockchain technology will expand the impact of risk avoidance coefficient, when the enterprise has a high-risk aversion tendency, should be careful to choose to adopt blockchain technology. High risk aversion means that enterprises are more conservative in the financing process, which may lead to less efficient use of funds, so when adopting new technologies or adjusting product strategies, they need to make a trade-off between reducing risks and obtaining higher returns. Suppliers should actively produce green and low-carbon products. Increasing green investment in products may increase production costs, but at the same time, it can obtain higher market premium and consumer trust, thus improving financing efficiency. Considering the impact of guaranteed interest rate and information verification efforts on suppliers’ financing returns, Direct Selling is more helpful to ease suppliers’ financial constraints.
Although this study provides in-depth research on blockchain-based financing, it is important to acknowledge its limitations. Specifically, the influence of blockchain may involve multiple layers of mechanisms, and the application of different blockchain characteristics in financing deserves further exploration. Additionally, our study only utilizes simple random market demand, which may not fully capture the real market environments. Future research can explore more market-specific random demand that reflects market uncertainties. Future studies may also examine the influence of enterprise behavior on e-commerce supply chain financing efficiency, combining more comprehensive enterprise decision-making behavior to expand related research. This study only considers a single bank financing model, and platform financing of the future e-commerce supply chain can be used as an alternative financing scheme. The selection of multiple financing methods is also a topic worthy of study.
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Introduction: The increasing emphasis on sustainable finance policies has necessitated the development of advanced mathematical models to optimize bank investment portfolios and debt structures. While traditional financial models primarily focus on risk-return trade-offs, they often fail to dynamically incorporate the evolving influence of environmental, social, and governance (ESG) factors, regulatory policies, and sustainability constraints. Existing approaches typically treat ESG factors as static constraints or ex-post adjustments, which do not fully capture their dynamic and interdependent nature in financial decision-making.Methods: This study addresses these limitations by proposing a novel multi-objective optimization framework that integrates ESG-adjusted risk-return dynamics, regulatory compliance constraints, and policy-driven investment incentives. The proposed model employs a constrained quadratic programming approach to balance financial returns, ESG considerations, and risk exposure while ensuring compliance with sustainability regulations. A policy-adjusted return function is introduced to capture the influence of regulatory interventions on portfolio performance. By incorporating reinforcement learning for dynamic portfolio rebalancing, ESG-aware risk assessment frameworks, and hybrid deep learning models for financial forecasting, our framework provides a structured and adaptive approach to sustainable investment optimization.Results: Experimental simulations demonstrate the model’s effectiveness in enhancing financial resilience, mitigating greenwashing risks, and optimizing debt structures under evolving regulatory environments.Discussion: These findings offer valuable insights for policymakers and financial institutions, contributing to a more stable and sustainable financial system.Keywords: sustainable finance, portfolio optimization, debt structure, ESG factors, mathematical modeling
1 INTRODUCTION
The optimization of bank investment portfolios and debt structures under sustainable finance policies has become a pressing concern as financial institutions face increasing regulatory scrutiny and market expectations regarding environmental, social, and governance (ESG) considerations [1]. While traditional financial models have been widely applied to optimize investment decisions, their limited capacity to integrate sustainability constraints has prompted the need for more advanced, adaptive methodologies [2].
Traditional financial theories, such as Markowitz’s mean-variance optimization (MVO), capital asset pricing models (CAPM), and modern portfolio theory (MPT), provide a foundational framework for portfolio selection by focusing on risk-return trade-offs [3]. However, these models assume stationary risk factors and fail to account for the dynamic and interdependent nature of ESG considerations, regulatory policies, and sustainability risks [4]. For instance, regulatory frameworks such as the EU Sustainable Finance Disclosure Regulation (SFDR) and Task Force on Climate-related Financial Disclosures (TCFD) introduce mandatory ESG reporting and investment constraints, which traditional models struggle to incorporate effectively [5]. To address these gaps, researchers have explored various optimization techniques, including multi-objective programming, quadratic optimization, and robust portfolio selection models that integrate financial and ESG constraints [6]. While these approaches improve compliance with sustainability mandates, they are often rule-based and static, making them less adaptable to changing regulatory landscapes and evolving ESG performance metrics [7].
In parallel, machine learning (ML) and deep learning (DL) approaches have gained traction for financial forecasting, risk assessment, and portfolio optimization [8]. ML methods such as regression models, decision trees, and ensemble learning have improved risk prediction, while unsupervised learning techniques like clustering and principal component analysis (PCA) have helped identify patterns in ESG-related financial data [9]. Reinforcement learning (RL)-based portfolio optimization further enhances dynamic rebalancing by allowing models to learn from past financial and sustainability performances [10]. Deep learning methods, particularly recurrent neural networks (RNNs) and transformers, have demonstrated strong predictive capabilities for financial time series data, enabling better market trend analysis [11].
Despite these advancements, a key research gap remains, existing models for bank investment portfolio and debt structure optimization either rely on static rule-based frameworks that lack adaptability or employ data-driven approaches that struggle with ESG integration, interpretability, and regulatory compliance [12]. Traditional financial optimization models primarily focus on risk-return trade-offs without sufficiently incorporating sustainability constraints, whereas modern machine learning-based methods excel at prediction but lack transparency and robustness when applied in regulated financial environments [13]. Current debt structure optimization models fail to dynamically adjust capital allocation based on evolving policy incentives and ESG risks. To bridge this gap, this study develops a novel multi-objective optimization framework that integrates ESG-adjusted risk-return functions, regulatory constraints, and policy-driven investment incentives into a dynamic portfolio and debt structure optimization model [14]. By employing constrained quadratic programming, policy-adjusted return functions, and reinforcement learning for adaptive rebalancing, the proposed framework ensures that financial institutions can optimize their investment and debt structures while aligning with sustainability mandates. This research not only enhances the adaptability of financial models under sustainable finance policies but also provides a structured and transparent approach that addresses the shortcomings of both rule-based and purely data-driven methods [15].
Given these challenges, this study proposes a novel mathematical modeling framework that integrates multi-objective optimization techniques, ESG-adjusted risk-return functions, and policy-driven investment incentives. Our model employs constrained quadratic programming to optimize bank investment portfolios and debt structures while incorporating regulatory constraints on sustainability performance. We introduce a policy-adjusted return function to capture the dynamic influence of ESG regulations and sustainability incentives. By leveraging reinforcement learning for adaptive portfolio rebalancing and explainable AI techniques to enhance model transparency, our approach ensures that capital allocation remains both financially optimal and compliant with sustainability objectives.
This research contributes to the field in three key ways:
	[image: A solid black circle with no discernible features or details.] It bridges the gap between traditional financial models and data-driven methods by integrating structured mathematical optimization with dynamic ESG-aware investment strategies.
	[image: A soccer ball on a green grass field, with a few players' legs visible in the background, indicating a game in progress. Sunlight casts shadows on the field.] It enhances regulatory adaptability by introducing a flexible policy-adjusted return function that aligns investment strategies with evolving sustainability mandates.
	[image: I can't generate alt text for the image provided. Could you please describe the image or provide a link?] It advances portfolio optimization methodologies by incorporating reinforcement learning techniques that dynamically adjust asset allocations based on real-time ESG and financial performance indicators.

2 RELATED WORK
2.1 Sustainable finance and investment optimization
The integration of sustainable finance principles into investment optimization has gained significant attention in recent years [16]. Traditional portfolio optimization models, such as mean-variance optimization (MVO) and risk-parity models, primarily focus on financial returns and risk management. However, with the emergence of sustainability considerations, researchers have incorporated environmental, social, and governance (ESG) factors into these models [17]. ESG-enhanced portfolio optimization methods involve multi-objective functions that balance financial returns with sustainability constraints. For instance, robust optimization techniques have been applied to mitigate uncertainty in ESG ratings and their impact on portfolio performance [18]. Stochastic programming approaches have been developed to address uncertainties associated with sustainability metrics and regulatory changes. These models consider dynamic constraints that adjust investment allocations based on evolving sustainability policies [19]. Some studies employ scenario-based optimization to integrate climate risk assessment into portfolio decision-making, ensuring resilience against environmental shocks. Moreover, machine learning algorithms have been leveraged to predict ESG trends and optimize portfolio selection accordingly [20]. Beyond ESG integration, sustainable finance policies have led to the adoption of green bonds and impact investing strategies. Portfolio optimization models now incorporate green asset allocations to comply with sustainability regulations and investor preferences [21]. Researchers have proposed hybrid models that combine traditional financial metrics with sustainability scores, allowing for a more comprehensive assessment of investment risks and opportunities [22]. Additionally, game-theoretic approaches have been explored to model interactions between financial institutions and regulatory bodies in shaping sustainable investment decisions.
2.2 Debt structure optimization under policy constraints
The optimization of bank debt structures under sustainable finance policies involves balancing profitability, risk exposure, and regulatory compliance [23]. Traditional debt optimization models focus on minimizing the cost of capital while maintaining liquidity and solvency. However, with the introduction of sustainability-linked regulations, financial institutions must account for carbon footprint considerations, green lending quotas, and sectoral exposure limits [24]. Mathematical modeling techniques, such as linear and nonlinear programming, have been employed to optimize debt composition while adhering to sustainability constraints. Dynamic optimization frameworks account for temporal changes in policy requirements and market conditions [25]. Some studies have utilized robust optimization methods to address uncertainties in regulatory changes and credit risk fluctuations. Game-theoretic approaches have been introduced to model the strategic interactions between banks and policymakers [26]. These models explore how financial institutions respond to regulatory incentives and penalties related to sustainable lending practices. Additionally, network-based models analyze systemic risk propagation in the banking sector, considering the interdependencies between banks’ debt structures and sustainability mandates [27]. Recent advancements have also explored the application of machine learning algorithms to optimize debt structures by predicting regulatory shifts and macroeconomic trends. Reinforcement learning models have been proposed to develop adaptive debt management strategies that optimize financial performance while complying with sustainability requirements [28]. Moreover, empirical studies have examined the impact of sustainable finance policies on banks’ capital allocation, highlighting shifts toward greener investment portfolios and debt instruments [29].
2.3 Mathematical modeling in sustainable banking
Mathematical modeling has played a crucial role in analyzing and optimizing banking strategies under sustainable finance policies [30]. Traditional banking models, such as stochastic control and dynamic programming, have been extended to incorporate sustainability considerations. These models aim to optimize banks’ asset-liability management while ensuring regulatory compliance and long-term financial stability [31]. Multi-objective optimization techniques have been widely applied to balance financial performance with sustainability constraints. For example, Pareto-efficient frontier models enable banks to evaluate trade-offs between profitability and sustainability objectives [32]. Constraint programming has been used to enforce regulatory limits on carbon-intensive investments while optimizing loan portfolios. Agent-based modeling has been employed to simulate the interactions between banks, investors, and regulators in a sustainable finance ecosystem [33]. These simulations provide insights into the effectiveness of different policy interventions and their impact on financial stability. Additionally, equilibrium models have been used to study the macroeconomic implications of sustainable finance policies on banking sector performance [34]. Machine learning and artificial intelligence methods have further enhanced mathematical modeling approaches in sustainable banking. Predictive analytics techniques are applied to assess credit risk under evolving sustainability standards [35]. Reinforcement learning models have been proposed to develop adaptive banking strategies that respond to policy changes dynamically. Moreover, hybrid models combining traditional econometric techniques with AI-driven forecasting methods have been developed to improve the accuracy of financial decision-making in sustainable banking contextss [36]. To further enhance the depth of our literature review, we have incorporated recent studies that provide additional insights into sustainable finance and financial modeling. Donath et al. [37] explore a mathematical approach to network contagion in the context of greening banks’ policies, which complements our discussion on systemic sustainability constraints in financial decision-making. Elnagar et al. [38] propose a sustainable decision support system for banking environments using rough set theory, highlighting the importance of adaptive decision-making frameworks in sustainable finance. Negi and Jaiswal [39] analyze sustainable bonds as financial instruments, providing thematic insights into their role in green finance, which aligns with our discussion on ESG-linked debt structure optimization. These studies further reinforce the necessity of integrating sustainability considerations into both investment portfolio and debt structure optimization models, supporting the need for a dynamic and mathematically driven approach as presented in our research.
3 METHODS
3.1 Overview
Sustainable finance policies have emerged as a critical framework for integrating environmental, social, and governance (ESG) considerations into financial decision-making. These policies aim to address climate change, social inequalities, and corporate governance issues by incentivizing responsible investment and ensuring financial markets contribute to long-term economic stability.
In Section 3.2, we establish the necessary theoretical underpinnings of sustainable finance, outlining the fundamental economic and financial principles that guide sustainable investments. This includes an analysis of risk assessment frameworks, regulatory frameworks such as the EU Sustainable Finance Disclosure Regulation (SFDR), and market mechanisms like green bonds and sustainability-linked loans. By formalizing these key principles, we set the foundation for a structured analysis of policy impacts. In Section 3.3, we introduce our novel approach to financial modeling, which integrates ESG factors into traditional investment analysis. We develop a quantitative framework that captures the dynamic interactions between financial performance and sustainability metrics. This involves constructing mathematical representations of ESG risk-adjusted returns, incorporating regulatory constraints, and assessing the long-term viability of sustainable financial instruments. The goal is to provide a robust model that aligns financial incentives with sustainability goals while maintaining economic efficiency. In Section 3.4, we explore innovative policy strategies designed to enhance the effectiveness of sustainable finance. This includes market-based instruments such as carbon pricing and tax incentives, regulatory mandates for ESG disclosure, and institutional mechanisms to support green financial products. We also examine the role of financial intermediaries in fostering sustainable investment practices and propose mechanisms to mitigate greenwashing risks. These strategies aim to create a coherent policy framework that aligns private sector incentives with public sustainability objectives.
This study is grounded in several interrelated theoretical foundations that provide a structured basis for sustainable finance optimization. The integration of portfolio theory, capital structure theory, sustainability economics, and regulatory compliance principles forms the backbone of our proposed optimization framework. Portfolio optimization is traditionally based on Markowitz’s Modern Portfolio Theory (MPT), which emphasizes the trade-off between risk and return through diversification. However, MPT does not account for sustainability constraints or evolving regulatory policies. To extend MPT, this study incorporates multi-objective optimization techniques that integrate ESG-adjusted risk-return functions, ensuring that sustainability objectives are embedded within financial decision-making. Debt structure optimization is rooted in classical capital structure theories, including the Modigliani-Miller theorem, trade-off theory, and pecking order theory, which focus on balancing debt and equity to maximize firm value. These models, however, do not consider sustainability-linked borrowing constraints or regulatory requirements that impact financial stability. To address this, our framework introduces policy-driven adjustments to debt structures, incorporating ESG-linked debt instruments, carbon risk-adjusted capital allocation, and sustainability-linked financing incentives. Sustainability economics provides a theoretical lens to incorporate externalities, long-term value creation, and policy incentives into financial modeling. Economic theories related to carbon pricing, green finance incentives, and sustainability-linked risk premiums are integrated through policy-adjusted return functions, dynamically modifying investment returns based on ESG performance and regulatory compliance requirements. To ensure adaptability in a constantly evolving financial and regulatory environment, this study also incorporates reinforcement learning (RL) as a dynamic optimization approach. RL is built upon Markov Decision Processes (MDP), allowing for continuous learning and adjustment of portfolio and debt structure decisions in response to sustainability constraints and market conditions. Unlike static financial models, RL enables institutions to rebalance their strategies in real-time, aligning financial objectives with sustainability goals. By integrating these theoretical foundations, this research bridges the gap between traditional finance, sustainability constraints, and adaptive financial decision-making, offering a structured and theoretically grounded optimization framework for investment and debt structure management under sustainable finance policies.
3.2 Preliminaries
Sustainable finance policies aim to integrate environmental, social, and governance (ESG) factors into financial decision-making, fostering long-term economic resilience while addressing global sustainability challenges. To establish a formal framework for analyzing sustainable finance policies, we introduce a mathematical representation that encapsulates the interaction between financial markets, investment strategies, and sustainability constraints.
Let [image: Please upload the image you want me to provide alternate text for.] denote the financial market, consisting of a set of assets [image: Mathematical expression representing a set denoted as script capital A, containing elements A subscript 1, A subscript 2, through A subscript n.], where each asset [image: Please upload the image or provide a URL so I can generate the appropriate alt text for it.] is characterized by its financial return [image: Please upload the image or provide a URL for me to generate the alternate text.] and an ESG score [image: Please upload the image or provide a URL for me to generate the alt text.]. The ESG score [image: Please upload the image so I can generate the appropriate alternate text for you.] is a function [image: Mathematical notation showing a function \( s_i: \mathbb{R}^d \to \mathbb{R} \), indicating a mapping from a \( d \)-dimensional real space to the real numbers.] mapping multidimensional sustainability indicators (e.g., carbon emissions, social impact metrics, corporate governance scores) to a scalar value (Equation 1).
[image: Mathematical equation representing a sequence where y_i equals the function mapped from x_i. The x value is a vector in R^d space, and i ranges from 1 to n.]
Each investor [image: Please upload the image you would like me to generate alt text for, and I will be happy to assist you.] in the market seeks to maximize a utility function [image: Mathematical notation showing \( U_j(\cdot) \), where \( U_j \) is a function with an unspecified input represented by a dot.] that depends on both financial returns and ESG preferences. The utility function is modeled as Equation 2:
[image: Mathematical formula representing utility, U, of a portfolio, w. It involves the summation of weighted variables, adjustment factors, and a variance term involving gamma and covariance matrix, Σ.]
Where [image: Mathematical expression showing a vector \(w\) defined as \((w_1, w_2, \ldots, w_n)\), representing a series of elements indexed from one to \(n\).] represents the portfolio weights, [image: It seems there is no image attached. Please upload the image or provide a URL, and I will help generate the alternate text for it.] is the investor’s preference for sustainability, [image: Please upload the image you would like me to generate alternate text for.] is the risk aversion parameter, and [image: If you have an image you'd like me to generate alt text for, please upload it, and I will help you with a description.] is the covariance matrix of asset returns.
Regulatory policies introduce constraints that shape market behavior. Let [image: It seems like there was an issue with uploading the image. Please try uploading it again, and I will help generate the alternate text for you.] denote the set of policy instruments, including carbon taxes, green bond incentives, and mandatory ESG disclosure requirements. Each policy [image: Sure, please upload the image or provide a URL for me to generate the alt text.] modifies the return structure through a function [image: The image shows the mathematical notation \( g_{\pi}(\cdot) \), representing a function \( g \) with a subscript \( \pi \) and a placeholder dot indicating a variable.] (Equation 3):
[image: Mathematical notation displaying an equation: x equals g sub alpha applied to the function r sub s, labeled as equation 3.]
where [image: It appears you're trying to upload an image. Please try uploading the image again, and I can help generate the alternate text for it.] denotes the adjusted return after policy intervention.
Investment strategies must satisfy regulatory compliance constraints, defined as Equation 4:
[image: It seems you attempted to attach an image, but it did not come through successfully. Please try uploading the image again or provide a URL. Optionally, you can include a caption for context.]
where [image: Please upload the image or provide the URL so I can generate the alternate text for it.] is a constraint function quantifying regulatory adherence and [image: Please upload the image or provide a URL for it, and I will help generate the alternate text for you.] is the policy threshold.
The equilibrium of the sustainable financial market is determined by solving Equation 5:
[image: Mathematical expression for an optimization problem. The objective is to maximize the function \( U_j(w) \), subject to the constraint \( C(w, s, \pi) \leq \tau \).]
To assess the systemic impact of sustainability policies, we define a market-wide ESG-adjusted efficiency function (Equation 6):
[image: Equation displaying a mathematical expression for capital Phi of pi. It includes a double summation from t equals 1 to m and j equals 1 to m of w sub t times the term in brackets, r sub t plus lambda s sub t. It also includes a subtraction of nu over two times another summation from t equals 1 to m of w sub t times capital Sigma w sub t.]
where [image: Mathematical notation showing "w" with subscript "ji".] represents investor [image: Sure, please upload the image you'd like described.]’s allocation in asset [image: It seems there might have been an error in uploading the image. Please try uploading it again, and I will help generate the alternative text for you.].
3.3 Sustainable finance optimization model
To advance the integration of sustainability considerations into financial markets (As shown in Figure 1), we introduce the Sustainable Finance Optimization Model (SFOM), a novel framework that systematically incorporates environmental, social, and governance (ESG) factors into portfolio selection and policy design. SFOM extends classical financial models by embedding ESG-adjusted risk-return dynamics and regulatory compliance constraints, ensuring an optimal balance between financial performance and sustainability objectives.
[image: Diagram of a Sustainable Finance Optimization Model featuring three main sections: Weighted Portfolio Optimization, Driven Return Adjustment, and Sustainable Market Equilibrium. Each section contains modules like Input Embedding, Super Region Generators, Global Local-Attention Encoders, Decoders, and two main financial equilibrium components for debt and equity. Flow arrows indicate the process from portfolio optimization to market equilibrium.]FIGURE 1 | The SFOM integrates sustainability considerations into financial markets by systematically incorporating environmental, social, and governance (ESG) factors into portfolio selection and policy design. The model consists of three key modules: Weighted Portfolio Optimization, which balances financial returns with ESG factors using constrained quadratic programming; Driven Return Adjustment, where regulatory interventions reshape asset returns and enforce sustainability compliance; and Sustainable Market Equilibrium, which ensures optimal capital allocation by dynamically adjusting portfolios based on policy-induced changes. The framework employs advanced optimization techniques, including multi-objective decision-making and machine learning-based calibration, to achieve a balance between financial performance and sustainability objectives.
3.3.1 Weighted portfolio optimization
Let [image: Mathematical expression depicting a set \(\mathcal{A}\) composed of elements \(A_1, A_2, \ldots, A_n\).] represent a set of [image: Please upload the image so I can generate the appropriate alternate text for it.] financial assets, each characterized by a financial return [image: It seems there is an issue with the image display. Please upload the image or provide a link to generate the alternate text.] and an ESG impact score [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.]. Investors aim to construct an optimal portfolio [image: Mathematical notation representing a vector \( w \) with components \( w_1, w_2, \ldots, w_n \).] that balances financial returns with sustainability considerations. The investor’s objective function incorporates both financial performance and ESG factors through a weighted utility formulation (Equation 7)
[image: The image shows a mathematical equation for utility, \( U(w) = \sum_{i=1}^{n} w_i [r_i + \lambda s_i] - \frac{\gamma}{2} w^T \Sigma w \), labeled as equation (7).]
where [image: Please upload the image or provide a URL for me to generate the alt text. You can also include a caption for additional context if needed.] represents the sustainability preference of the investor, [image: Please upload the image you'd like me to generate alternate text for.] denotes the risk aversion coefficient, and [image: Capital Greek letter Sigma.] is the covariance matrix of asset returns. The ESG-adjusted portfolio return is defined as Equation 8
[image: It seems there is no image uploaded. Please upload the image or provide a URL, and I will help you generate the alternate text.]
where [image: Mathematical notation showing a vector \( r \) represented as \( r = (r_1, r_2, \ldots, r_n) \), indicating a sequence of elements in parentheses.] and [image: The image shows a mathematical expression for a sequence, represented as \(s = (s_1, s_2, \ldots, s_n)\), indicating an ordered list of elements from \(s_1\) to \(s_n\).] are the vectors of financial returns and ESG scores, respectively. The optimization is subject to capital allocation constraints to ensure full investment (Equation 9)
[image: Summation from i equals 1 to n of w sub i equals 1, with w sub i greater than or equal to zero for all i in the set from 1 to n. Equation number nine.]
where [image: Mathematical expression showing "w subscript i is greater than or equal to 0".] enforces a no-short-selling condition. The presence of ESG constraints in investment decisions alters the traditional risk-return trade-off, leading to a modified risk-adjusted return function (Equation 10)
[image: The equation represents an optimization problem involving portfolio weights, \( w \). The expected return is denoted by \( w^T r \), with risk being penalized by \( \frac{\nu}{2} w^T \Sigma w \). A regularization term, \( \lambda \sum_{i=1}^{n} |w_i s_i| \), is included.]
where the term [image: The expression depicts a mathematical summation: lambda times the sum from i equals 1 to n of w sub i times s sub i.] explicitly captures the additional return contribution from sustainability factors. The investor’s problem can be rewritten as a constrained quadratic programming formulation, solving Equation 11
[image: Maximize the expression with respect to the vector \( w \), defined as \( w^T (r + \lambda s) - \frac{\gamma}{2} w^T \Sigma w \), subject to the constraints that the sum of weights \( \sum_{i=1}^{n} w_i = 1 \) and each weight \( w_i \geq 0 \). Equation (11).]
This formulation allows for dynamic adjustments in asset allocations based on ESG considerations while maintaining a balance between risk and return. Given regulatory influences, an additional ESG compliance constraint can be introduced in the form Equation 12
[image: Mathematical expression showing the summation from \(i = 1\) to \(n\) of \(w_i s_i\) is greater than or equal to \(\theta\), identified as equation (12).]
Where [image: Please upload the image or provide a link so I can help generate the alternate text for it.] represents the minimum required ESG score for a portfolio to be considered sustainable. The introduction of such constraints ensures that the portfolio aligns with sustainable finance policies, leading to a structurally different capital allocation compared to conventional investment models. The solution to this optimization problem provides an equilibrium allocation that reflects both financial objectives and sustainability constraints, enabling a more responsible and risk-aware investment strategy.
To ensure that ESG scores do not disproportionately influence the optimization outcome due to differences in scale, we normalize them using Min-Max Scaling, transforming them into a comparable range with financial returns. This approach mitigates potential distortions caused by varying units or magnitudes across different ESG indicators. The balance between the sustainability preference coefficient [image: It seems there is an issue with the image upload. Please try uploading the image again, or provide a URL or a caption for additional context.] and the risk aversion parameter [image: Please upload the image or provide a URL, and I’ll be happy to help with the alt text.] plays a crucial role in determining optimal portfolio allocations. To calibrate these coefficients, we employ a combination of historical regression analysis and hyperparameter tuning methods such as grid search and Bayesian optimization. This allows us to estimate [image: Please upload the image, and I will be happy to help generate the alt text for you.] based on the marginal contribution of ESG factors to asset returns, while [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is derived from empirical market data, ensuring alignment with observed investor risk preferences. We conduct a sensitivity analysis to assess the impact of varying [image: Please upload the image or provide a URL so I can help you create the alt text.] and [image: Please upload the image or provide a URL so I can generate the alternate text for you.] values on portfolio performance, demonstrating the robustness of our model under different parameter settings. The experimental results, included in the revised section, highlight the effectiveness of this approach in achieving an optimal balance between financial performance and sustainability objectives.
The results of the sensitivity analysis of the model parameters, presented in Table 1, demonstrate the impact of varying sustainability preference [image: Please upload the image or provide a URL so I can generate the alt text for you.] and risk aversion [image: Please upload the image or provide a URL for me to generate the alt text.] on key portfolio performance metrics. As [image: Please upload the image or provide a URL, and I will generate the alt text for you.] increases, the ESG score of the portfolio rises significantly, indicating that the model effectively incorporates sustainability considerations into asset selection. This shift suggests that higher [image: Please upload the image or provide a direct URL, and I will help you generate the alternate text.] values encourage investments in assets with superior ESG performance, aligning with sustainability-driven investment strategies. However, this comes at a trade-off, as expected returns exhibit a slight decline. The reduction in expected return is primarily due to the exclusion of high-return but low-ESG assets, reflecting the constraints imposed by a stronger emphasis on sustainability. Risk aversion [image: Please upload the image or provide a URL for me to generate the alt text.] also plays a crucial role in shaping portfolio behavior. As [image: Please upload the image or provide a URL so I can generate the alternate text for you.] increases from 0.1 to 10.0, portfolio volatility decreases across all [image: Please upload the image or provide a URL so that I can generate the alternate text for you.] values, highlighting the model’s ability to construct more conservative allocations under higher risk aversion. This result aligns with traditional portfolio theory, where a higher degree of risk aversion leads to a preference for lower-volatility assets. Correspondingly, the Sharpe ratio improves with increasing [image: Please upload the image you would like me to generate alt text for.], reflecting enhanced risk-adjusted returns. This indicates that investors with higher risk sensitivity benefit from more stable portfolios while still maintaining reasonable expected returns. The interaction between [image: Please upload the image for which you need the alternate text.] and [image: Please upload the image or provide a URL so I can help generate the alternate text.] reveals an important dynamic in sustainable portfolio optimization. At lower [image: Sure, please upload the image or provide a URL so I can generate the alternate text for you.] values, increasing [image: Please upload the image or provide a URL for me to generate the alt text.] results in only modest improvements in the ESG score, suggesting that risk-averse investors may not significantly prioritize sustainability in their allocation decisions. However, at higher [image: Please upload an image or provide a URL for me to generate the alt text.] levels, portfolios maintain strong ESG scores even with increasing [image: Please upload the image or provide a URL to generate the alternate text.], demonstrating that sustainability-driven portfolios remain viable across different risk preferences. This confirms that the model effectively balances financial performance with sustainability objectives, ensuring that capital allocation remains adaptable to diverse investor preferences. The stability of Sharpe ratios across different parameter settings reinforces the robustness of the model. While higher [image: Please upload the image or provide a URL so I can generate the alternate text.] values may slightly lower expected returns, the trade-off in risk-adjusted performance remains favorable, suggesting that ESG-oriented investment strategies do not necessarily compromise financial efficiency. This highlights the practical applicability of the proposed optimization framework, as it accommodates varying degrees of sustainability integration while maintaining stable financial outcomes. The sensitivity analysis validates the effectiveness of the model in optimizing investment portfolios under sustainable finance policies. The results demonstrate that the framework can adapt to different investor preferences and regulatory environments, making it a versatile tool for financial institutions seeking to align their investment strategies with both risk management and ESG objectives.
TABLE 1 | Sensitivity analysis of model parameters ([image: Table displaying various investment scenarios with columns for sustainability preference, risk aversion, ESG score of portfolio, expected return, volatility, and Sharpe ratio. Values increase with sustainability preference and risk aversion, showing changes in ESG scores, returns, volatility, and Sharpe ratios.] and [image: Please upload the image or provide a URL for me to generate the alternate text.]).
[image: A table displaying values for various financial metrics based on sustainability preference and risk aversion. Columns include sustainability preference, risk aversion, ESG score of portfolio, expected return percentage, volatility percentage, and Sharpe ratio. Each row outlines specific values, showing how different preferences and risk levels affect the ESG score, expected return, volatility, and Sharpe ratio. Values range from sustainability preference of 0.1 to 1.0 and risk aversion of 0.1 to 10.0, with corresponding metrics provided for each combination.]3.3.2 Driven return adjustment
Regulatory interventions reshape the financial landscape by modifying asset returns and imposing sustainability compliance constraints on investment strategies (As shown in Figure 2). Let [image: To help with creating alt text, please upload the image or provide a URL. If you add a caption, I can include that context in the description.] represent the set of policy instruments that influence financial markets, including carbon pricing, green bond incentives, and mandatory ESG disclosures. The effect of policy [image: Mathematical expression showing the Greek letter pi paired with the element of symbol, within the set script P.] on asset returns can be modeled as Equation 13
[image: It seems there was an error or incomplete input. Please upload the image or provide a detailed description, and I will generate the alternate text for you.]
where [image: Mathematical notation showing the function \( g_{\pi} (\cdot) \).] is a transformation function that adjusts returns based on ESG performance metrics and policy mandates. The function [image: Mathematical expression displaying \( g_\pi(r_i, s_i) \), where \( g_\pi \) is a function of variables \( r_i \) and \( s_i \).] serves as a critical policy-adjusted transformation of financial returns, incorporating sustainability considerations. To enhance clarity and consistency in implementation, we define [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] as a piecewise function that accommodates both linear and nonlinear adjustments depending on the nature of policy interventions. For example, in the case of taxation penalties, a linear function can be used: [image: Mathematical expression depicting a function \( g_{\pi}(r_i, s_i) = r_i - \alpha C_i \).], where [image: It seems there's an issue with the image upload. Could you please try uploading the image again or provide a URL? If you have any specific requests or context for the image, feel free to include that as well.] represents the compliance cost and [image: Please upload the image you'd like me to generate alternate text for.] is the penalty coefficient. Incentive-based adjustments may follow a nonlinear transformation, such as [image: Mathematical formula: \( g_{\pi}(r_{i}, s_{i}) = r_{i}(1 + \beta s_{i}) \).], where [image: Please upload the image you would like me to generate alt text for.] is an incentive weight amplifying returns based on ESG performance. These functional forms ensure adaptability across different regulatory environments while maintaining a structured approach to sustainable investment modeling.
[image: Flowchart illustrating weighted portfolio optimization. It depicts two stacks, \(S_{A}\) and \(S_{B}\), each processed by node vector subsystems and linear mixer subsystems. The chart uses operations like MaxPool, Repeat, and Concat, shown with symbols. Stacks produce vectors \(N_{A}\)(\(R^8\)) and \(N_{B}\)(\(R^8\)). The results are combined and processed through additional operations to produce an output in \(P\)(\(R^{5 \times K}\)).]FIGURE 2 | The Weighted Portfolio Optimization framework integrates financial returns with sustainability considerations through an ESG-adjusted portfolio selection model. The figure illustrates a multi-scale investment strategy, where asset dependencies are analyzed at different scales. The Driven Return Adjustment module modifies asset returns based on ESG impact and risk constraints, ensuring compliance with sustainable finance policies. A combination of MaxPooling, Repetition, and Concatenation operations refines the financial features, leading to an optimal portfolio allocation. The mathematical formulation supports constrained quadratic programming, balancing risk, return, and ESG preferences to achieve sustainability-aware capital allocation.
The influence of policy mechanisms on the risk-adjusted portfolio return can be captured as Equation 14
[image: Mathematical equation showing expected return \( K(w, \pi) \), defined as \( w^T g_{\pi} (r + \lambda s) - \frac{\gamma}{2} w^T \Sigma w \), with the equation labeled as 14.]
Where the modified return vector [image: Mathematical expression showing \( g_{\pi}(r + \lambda s) \).] reflects policy-induced changes in financial and sustainability-adjusted returns. Regulatory frameworks impose constraints on capital allocation to ensure compliance with sustainability standards, formalized as Equation 15
[image: It seems there's no image uploaded. Please upload the image or provide a URL, and I'll help generate alt text for it.]
Where [image: Please upload the image or provide the URL so I can generate the alternate text for you.] represents the regulatory compliance function and [image: It seems like you intended to upload an image or provide a link, but it didn't come through. Please try uploading the image again or ensure the URL is correct. If you have a description or context, feel free to include it!] is the threshold requirement for policy adherence. Policies can also introduce systemic risk mitigation mechanisms by enforcing stricter capital requirements on high-risk assets, modeled as an ESG-weighted risk constraint (Equation 16)
[image: Summation of the product of w sub i and r sub i squared plus beta times the summation of w sub i, with i ranging from one to n, is less than or equal to k. Equation sixteen.]
Where [image: Mathematical expression showing the variance symbol, sigma squared, with a subscript i.] represents asset-specific risk, [image: It seems there's an error with the upload. Could you please try uploading the image again or provide a URL? If you have any additional context or a caption, feel free to include that as well.] is the risk-sustainability trade-off coefficient, and [image: The Greek letter kappa symbol, represented as a stylized lowercase "κ".] is the regulatory limit. By integrating policy interventions into portfolio optimization, financial systems adapt to evolving sustainability regulations, ensuring efficient capital allocation while aligning with environmental and social objectives.
3.3.3 Sustainable market equilibrium
The optimal sustainable investment strategy is formulated as an optimization problem that maximizes ESG-adjusted returns while accounting for risk aversion and regulatory constraints. The investor seeks to solve Equation 17
[image: A mathematical expression shows the maximization of a sum. The expression is: max over w of the sum from i equals 1 to n of w_i multiplied by the expected value of r_{f_i} plus lambda_{f_i}, minus gamma over two times w transpose times Sigma times w. The equation label is (17).]
subject to the conditions (Equation 18)
[image: Mathematical expression showing a summation from i equals one to n of w sub i equals one, where w sub i is greater than or equal to zero and C of w, s, and pi is less than or equal to tau. The equation is labeled as eighteen.]
where [image: Mathematical notation showing \( r'_i \), where \( r' \) is a variable or parameter with a subscript \( i \), commonly used in equations or functions to denote a specific instance or element in a sequence.] represents the policy-adjusted return of asset [image: It seems there is no image attached. Please try uploading the image again or provide a URL for the image you want to describe.], [image: Please upload the image or provide a URL so I can generate the alternate text for you.] is the ESG preference coefficient, and [image: Mathematical expression showing \(C(w, s, \pi)\) with variables \(w\), \(s\), and \(\pi\) enclosed in parentheses.] quantifies compliance with sustainability policies under constraint threshold [image: Please upload the image or provide a URL so I can generate the alternate text for you.]. The first-order optimality condition for market equilibrium is obtained by differentiating the objective function with respect to [image: Please upload the image or provide a link, and I'll help generate the alternate text for it.], leading to the system of equations (Equation 19)
[image: Gradient of the function with respect to \( w \), indicating a summation from \( i = 1 \) to \( n \) of weights \( w_i \) times a term \((r_i' + \lambda s_i)\), minus a term \(\frac{\gamma}{2} w' \Sigma w\), equals zero. This is equation 19.]
which results in the optimal asset allocation (Equation 20)
[image: Mathematical equation showing \( w^* = \sum{\Gamma(r' + \lambda s)} \), formatted with equation number (20) on the right.]
ensuring that capital is allocated in a way that balances financial performance with sustainability goals. Given that policy adjustments dynamically alter asset returns, the stability of the financial system requires that equilibrium conditions remain robust under policy perturbations. This can be captured through an equilibrium adjustment function (Equation 21)
[image: It seems like you've mentioned a mathematical expression rather than an image. If you have an image you would like me to describe, please upload it or provide a URL.]
where [image: Formula depicting \( g_{\pi}(r) \).] reflects the policy-driven transformation of asset returns. To evaluate the effectiveness of sustainability policies, an ESG-adjusted efficiency metric is introduced, measuring the aggregated performance across all investors in the market (Equation 22)
[image: Equation for Φ(π) involving a summation from i equals 1 to m and j equals i plus 1 to m, with terms w_i, r_j plus λ_j s_j, and a second term with γ over 2 times a squared summation of w_j times Σw_j, plus equation number 22.]
where [image: Please upload the image or provide a URL for me to generate the alternate text.] represents the number of investors, [image: The image shows the mathematical notation "w" with the subscript "ji".] is the portfolio weight of investor [image: Please upload the image you'd like to have alt text generated for. If you need instructions on how to upload, let me know!] in asset [image: It seems there's an error with the image upload. Please try uploading the image again, or provide a description or caption for additional context.], and [image: It seems there was an issue with the image not being visible. Please try uploading the image again or provide a URL for me to access it. If there is additional context or a caption, you can include that as well.] denotes individual sustainability preferences. The efficiency function provides a quantitative measure of how regulatory policies influence capital allocation, risk management, and ESG integration, ensuring that the financial market evolves towards a stable and sustainable equilibrium.
The assumption of a stable covariance matrix [image: Please upload the image, and I'll help you generate the alternate text for it.] in the portfolio optimization framework is a simplification that may not fully capture the dynamic and nonlinear risk dependencies introduced by ESG factors. ESG-related risks, such as climate policy changes, social impact shifts, and corporate governance irregularities, often exhibit time-varying behavior that standard covariance matrices struggle to model effectively. To address this limitation, we extend our approach by incorporating dynamic covariance estimation techniques that adjust to evolving ESG risk structures. We adopt a multivariate GARCH (Generalized Autoregressive Conditional Heteroskedasticity) model to estimate the time-varying covariance matrix, allowing the risk dependencies among assets to dynamically adapt to changing market and ESG conditions. This approach ensures that sudden shifts in sustainability risks, such as regulatory changes or reputational shocks, are reflected in portfolio risk assessments. We integrate Copula-based modeling, which enables the capture of nonlinear dependencies between ESG-adjusted asset returns. Unlike traditional correlation-based approaches, Copula functions model tail dependencies, ensuring that extreme ESG-driven market events—such as abrupt regulatory interventions—are properly accounted for in risk estimations. To validate the effectiveness of these dynamic risk modeling techniques, we compare the portfolio performance under a static covariance matrix with that of a time-varying covariance approach. The results indicate that incorporating dynamic risk adjustments significantly improves the portfolio’s ability to mitigate ESG-induced financial shocks while maintaining stable returns. We conduct an empirical test using rolling-window estimation, where the covariance structure is continuously updated based on the most recent market and ESG data. This enhances the model’s adaptability to evolving risk conditions and ensures that portfolio allocations remain optimal in rapidly changing sustainability landscapes. By integrating these advanced risk estimation methodologies, our framework provides a more comprehensive representation of ESG-driven financial risks, ensuring that investment decisions are informed by dynamic and nonlinear dependencies rather than static historical correlations. This enhancement strengthens the model’s applicability in real-world sustainable finance scenarios, where ESG risks are inherently complex and evolving.
3.4 Strategic mechanism for sustainable finance
To effectively implement sustainable finance policies, we propose the Strategic Mechanism for Sustainable Finance (SMSF), a novel approach that aligns financial incentives with sustainability goals through regulatory interventions, incentive structures, and risk-adjusted investment mechanisms (As shown in Figure 3). SMSF optimally integrates market dynamics, ESG constraints, and policy instruments to enhance the effectiveness of sustainable finance strategies.
[image: Diagram illustrating a strategic mechanism for sustainable finance, featuring interconnected modules: cross-modal blocks and transformer encoder on either side, and multimodal fusion in the center. Each section contains processes and connections, such as guided capital allocation and aware market substitution, linked with arrows indicating data flow.]FIGURE 3 | The diagram illustrates the Strategic Mechanism for Sustainable Finance (SMSF), which integrates Responsive Investment Strategy, Guided Capital Allocation, and Aware Market Stabilization through advanced machine learning and financial modeling. The framework leverages cross-modal blocks, transformer encoders, and multimodal fusion to optimize capital allocation while aligning financial returns with ESG (Environmental, Social, and Governance) principles. By incorporating regulatory constraints, risk-adjusted returns, and policy instruments, SMSF ensures market stability, mitigates systemic risks, and enhances sustainability-oriented investments.
3.4.1 Responsive investment strategy
Investors dynamically adjust their portfolio allocations based on ESG-weighted returns, regulatory constraints, and the financial costs of non-compliance with sustainability policies. The adjusted return function that integrates sustainability incentives and penalties is formulated as Equation 23
[image: Mathematical equation featuring variables: \(E\_t\) equals \(r\_f\) plus \(\lambda\_t\lambda\_5\lambda_6\) minus \(\beta C\_t\), labeled as equation \(23\).]
Where [image: Please upload the image or provide a URL, and I'll help you generate the alternate text.] represents the financial return of asset [image: It seems there was an error in uploading the image. Please try uploading it again or provide a URL if available. You can also add a brief caption for additional context.], [image: Please upload the image or provide a URL, and I would be happy to help generate the alternate text for you.] is the ESG impact score, [image: Please upload the image or provide a URL so I can generate the alt text for you.] is the investor’s ESG preference coefficient, [image: Please upload the image or provide a URL so I can generate the alternate text for you.] denotes the financial cost associated with non-compliance (such as carbon taxation or ESG disclosure penalties), and [image: Please upload the image or provide a URL, and I can help generate the alt text for it.] quantifies the sensitivity to regulatory costs. Given these adjusted returns, the investor seeks to maximize a utility function incorporating both ESG-adjusted returns and risk management considerations (Equation 24)
[image: Maximize the sum over \(n\) of \(w_n\) multiplied by the function \(r'_t\) plus \(\lambda s_t\), minus \(\frac{\nu}{2}\) times the transpose of \(w\) multiplied by \(\Sigma w\). Equation number 24.]
subject to portfolio constraints ensuring full capital allocation and compliance with sustainability policies (Equation 25)
[image: Summation symbol from \(i=1\) to \(n\) with the equation \(\sum w_i = 1\), constraints \(w_i \geq 0\), and \(C_{\text{total}}(w, \pi) \leq \tau\), labeled as equation \(25\).]
where [image: Please upload the image or provide a URL for it so I can generate the alternate text for you.] represents the maximum allowable non-compliance level under policy [image: Black lowercase letter "pi" in Times New Roman font.]. The optimal investment weights satisfying market conditions and regulatory requirements are derived by solving the equilibrium equation (Equation 26)
[image: Mathematical equation depicting the gradient with respect to vector w: nabla sub w of w transpose times r plus lambda s minus gamma over two times w transpose sigma w equals zero, labeled as equation twenty-six.]
which results in the closed-form optimal allocation (Equation 27)
[image: Equation for optimal weight allocation \( w^* \) in a portfolio: \( w^* = \Sigma^{-1}(r' + \lambda s - \beta C) \), labeled as equation twenty-seven.]
indicating that portfolio allocation shifts dynamically in response to ESG incentives, risk factors, and regulatory interventions. By incorporating ESG compliance constraints and regulatory penalties into investment decisions, this framework ensures that capital is allocated efficiently while aligning with sustainability objectives and mitigating systemic risks.
3.4.2 Guided capital allocation
Sustainable finance policies reshape market dynamics by incentivizing investment in ESG-compliant assets while discouraging capital flows toward non-sustainable sectors (As shown in Figure 4). Let [image: Please upload the image so I can help generate the alt text for it.] denote the set of policy instruments, including tax incentives, green bond subsidies, and carbon penalties, which modify asset returns through a policy adjustment function (Equation 28)
[image: Mathematical equation showing \( x = g_x(r, s, C) \) with reference number (28) written in a smaller font on the right.]
where [image: The mathematical notation \(g_{\pi}(\cdot)\) indicates a function g with a subscript π, where the input is represented by a dot in parentheses.] captures the return transformation induced by policy [image: Symbol representing the mathematical constant pi, depicted as the Greek letter π.], incorporating the asset’s original return [image: It seems there was an error with the image upload. Please try uploading the image again or provide a URL to it. Additionally, you can add a caption for more context if needed.], ESG score [image: It seems there was an error in your request, and the image did not upload. Please try uploading the image again or provide a URL for it. Optionally, you can add a caption for additional context.], and compliance cost [image: It seems there's an error with displaying the image. Please try uploading the image file directly, and I will help with the alternate text.]. Policies aim to reallocate capital by altering the relative attractiveness of assets based on sustainability considerations, leading investors to optimize their portfolio allocations accordingly. Given a policy-induced return structure, the market-wide capital distribution is determined by solving the policy optimization problem (Equation 29)
[image: Maximize the sum from i equals one to n of w sub i times g sub pi of r sub i, s sub i, and C sub i, as shown in equation twenty-nine.]
subject to regulatory constraints ensuring compliance and minimum sustainability thresholds (Equation 30)
[image: Please upload the image or provide a URL for me to generate the alt text. If there is any additional context, feel free to share that as well.]
where [image: It seems there is no image provided. Please upload the image or provide a URL, and I will help generate the alternate text for it.] represents the maximum allowable compliance cost under policy [image: The Greek letter pi rendered in a serif font.], and [image: Please upload the image or provide a URL for me to generate the alt text.] defines the minimum ESG score required for an asset to qualify as sustainable. The equilibrium asset allocation under policy intervention satisfies Equation 31
[image: Equation showing the calculation of \( w^*(\pi) \) as the argument that maximizes the expression of \( w^\top G_\pi(r + \lambda s) - \frac{\gamma}{2} w^\top \Sigma w \). It is equation number thirty-one.]
indicating that optimal investment weights adjust dynamically in response to policy changes. The overall effectiveness of policy intervention is evaluated through a capital reallocation efficiency function (Equation 32)
[image: Mathematical expression showing a function \(\Psi(\pi)\) with two summation terms. The first term involves summations over \(j\) and \(i\) with variables \(w_j^i\) and \(g\) of parameters \((r, s, C)\). The second term is a fraction with \(N/2\) multiplied by a summation over \(w_j^T \Sigma w_j\), labeled as equation (32).]
[image: Diagram illustrating a responsive investment strategy with two branches: Convolution and Transformer. The Convolution Branch uses layers for down and up convolution operations, while the Transformer Branch includes downsampling, layer normalization, and upsampling. Both branches integrate via convolution and upsampling, with elements like batch normalization and element-wise addition enhancing the process flow.]FIGURE 4 | Responsive Investment Strategy is A Hybrid Deep Learning and Optimization Approach. The diagram illustrates a hybrid investment decision framework integrating convolutional and transformer-based deep learning branches to dynamically adjust portfolio allocations. The mathematical model formalizes ESG-weighted returns, regulatory constraints, and financial costs of non-compliance, optimizing capital allocation through an equilibrium-based approach. The responsive strategy ensures sustainability-aligned investment decisions while mitigating systemic risks.
which quantifies the net impact of policy [image: Illustration of the Greek letter pi, a mathematical symbol used to represent the ratio of a circle's circumference to its diameter.] on market-wide sustainability-oriented capital flows. The optimization framework ensures that policy instruments are designed to maximize ESG investment impact while maintaining economic stability, leading to a sustainable and efficient financial ecosystem.
3.4.3 Aware market stabilization
The stability of a sustainable financial market relies on aligning capital allocation with ESG considerations while controlling systemic financial risks. Investors optimize portfolios based on ESG-adjusted returns, leading to the equilibrium allocation (Equation 33)
[image: Mathematical formula displaying \( w^* = \sum \Gamma (r^f + \lambda s) \) with the equation labeled as (33).]
which balances financial returns, sustainability preferences, and risk exposure. In real-world financial markets, the covariance matrix [image: It seems you're trying to upload an image, but I can't see it here. Please make sure to upload the image file or provide a URL for it, and I will help generate the alternate text.] is not always invertible or well-conditioned, particularly during periods of high volatility or market stress. To ensure numerical stability and practical applicability, we adopt regularization techniques such as the Ledoit-Wolf shrinkage estimator, which modifies [image: Greek capital letter Sigma (Σ), often used to represent summation in mathematics.] as [image: Sigma subscript reg equals open parenthesis one minus delta close parenthesis sigma plus delta I.], where [image: Please upload the image, and I'll be happy to help you generate the alt text for it.] is the identity matrix and [image: Please upload the image or provide a link to it, and I can help generate the alternate text for you.] is a shrinkage parameter that controls the trade-off between the original covariance structure and a more stable, well-conditioned form. In cases where [image: Please upload the image or provide a URL so I can assist in generating the alternate text.] is near-singular, we employ principal component analysis (PCA) to extract the most informative components while reducing dimensionality. These approaches ensure that the optimization framework remains robust, even under extreme market conditions, allowing for a more reliable and adaptable asset allocation strategy.
When ESG considerations are integrated into investment strategies, market behavior shifts as investors adjust their capital allocation to favor assets with higher sustainability scores. However, unchecked market behavior can lead to greenwashing, where firms misrepresent their ESG performance to attract investments. To prevent this, regulatory mechanisms introduce compliance measures that enforce genuine ESG commitment through financial penalties. The penalty for holding a portfolio with insufficient ESG performance is expressed as Equation 34
[image: Mathematical expression for calculating penalty cost, denoted as 𝐶_sub_penalty, equals alpha multiplied by the maximum of zero or the difference between zero and the expected value of 𝑆_sub_𝑡, displayed as equation (34).]
Where [image: Please upload the image, and I will generate the alternate text for you.] is the penalty coefficient and [image: Please upload the image or provide a URL for me to generate the alternate text.] is the minimum ESG requirement. If a portfolio’s expected ESG score falls below the threshold, investors face financial repercussions, incentivizing them to align with sustainable finance principles.
To ensure a more balanced approach to ESG compliance while still encouraging sustainable investment, we refine the penalty function [image: Mathematical notation with "C" as a subscript baseline and "penalty" written in smaller text as the subscript.] to introduce a gradual penalty curve rather than an abrupt threshold. Instead of applying a strict penalty for any deviation below [image: Please upload the image or provide a URL so I can generate the alternate text for you.], we incorporate a buffer zone [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.], creating a soft penalty region. The revised function takes the form:
[image: Equation showing the penalty cost, denoted as \( C_{\text{penalty}} \), equals \(\alpha\) times the maximum of zero and the difference between \(\theta\) and the expected value of \( s_i \), minus \( t \), raised to the power of \( \rho \).]
where [image: It seems there was an issue with the image upload. Please try again by selecting the image file to upload, or provide a URL if you have one. You can also add a caption for additional context.] defines a tolerance range within which minor deviations do not trigger significant penalties, and [image: Please upload the image or provide a URL so I can generate the appropriate alt text for it.] is an exponent controlling the smoothness of the penalty curve. For instance, setting [image: To generate alternate text, please provide an image by uploading it or sharing a URL link. Optionally, you can add a caption for more context.] results in a quadratic penalty, gradually increasing as ESG compliance falls further below the buffer zone. This modification ensures that investments just below the threshold are not excessively penalized, promoting a more stable transition toward higher ESG commitment while maintaining regulatory incentives for sustainable finance.
The total systemic risk of the market is influenced by both financial volatility and ESG non-compliance, requiring an equilibrium condition to stabilize investment flows. A market stability constraint ensures that the overall portfolio risk does not exceed regulatory limits while promoting ESG integration (Equation 35)
[image: Summation notation equation featuring \(\sum_{i=1}^{n} w_i q_i^2 + \beta \sum_{i=1}^{n} w_i s_i \leq \kappa\), numbered as equation (35).]
Where [image: If you upload an image or provide a link, I can help generate alternate text for it.] represents the trade-off between financial risk and sustainability, and [image: Greek letter kappa displayed in black italic font.] is the systemic risk threshold. This formulation ensures that capital is allocated to assets that balance profitability with sustainability, reducing financial instability while promoting long-term ESG adherence. A well-regulated financial system integrating ESG risk factors contributes to overall economic resilience, creating an investment environment where sustainability and financial performance are not mutually exclusive but mutually reinforcing.
Our model is built on several key assumptions that facilitate the integration of ESG factors into financial decision-making while maintaining mathematical tractability. One of the primary assumptions is that ESG impacts on financial returns can be represented through linear or piecewise-linear transformations, allowing for the construction of an ESG-adjusted risk-return framework. This simplification enables the use of multi-objective optimization techniques, where financial performance and sustainability objectives are balanced systematically. We assume that regulatory policies, such as carbon pricing and ESG disclosure mandates, exert deterministic influences on investment returns, enabling a structured incorporation of policy-driven constraints into the optimization model. However, we acknowledge that these assumptions may not fully capture the complexities of real-world financial markets, particularly under non-linear or stochastic ESG-impact scenarios. In practice, ESG factors often exhibit dynamic interactions with macroeconomic conditions, investor sentiment, and regulatory shifts, leading to potential non-linearities in their influence on asset pricing and portfolio performance. ESG data is often subject to noise, inconsistencies, and evolving disclosure standards, which can introduce uncertainty into model predictions. To address these limitations, future research could explore stochastic modeling approaches that account for uncertainty in ESG impacts, such as probabilistic risk-adjusted return functions or reinforcement learning-based adaptive portfolio strategies. Incorporating real-time ESG sentiment analysis and dynamic regulatory updates may further enhance the robustness of our framework in capturing the evolving nature of sustainable finance.
4 EXPERIMENTAL SETUP
4.1 Dataset
The ESG Ratings Dataset [40] provides environmental, social, and governance (ESG) scores for publicly traded companies. The dataset aggregates information from multiple sources, including financial disclosures, sustainability reports, and third-party rating agencies. It includes historical ESG scores, company identifiers, sector classifications, and sub-scores related to environmental impact, social responsibility, and corporate governance. The dataset is widely used in responsible investing, corporate sustainability analysis, and regulatory compliance assessments. Researchers utilize it to evaluate ESG performance trends and their relationship with financial metrics and risk factors. The CSR Reports Dataset [41] consists of corporate social responsibility (CSR) reports published by various organizations. It includes textual data, structured ESG disclosures, and quantitative sustainability metrics. The dataset spans multiple industries and regions, capturing companies’ commitments to ethical practices, environmental stewardship, and social engagement. Researchers analyze this dataset for sentiment analysis, ESG compliance assessment, and automated extraction of sustainability-related insights. It serves as a crucial resource for studying corporate transparency, stakeholder engagement, and the impact of CSR initiatives on firm reputation and financial performance. The FRED Dataset [42] originates from the Federal Reserve Economic Data (FRED) repository, containing macroeconomic indicators such as GDP growth, inflation rates, employment figures, and financial market data. The dataset aggregates time-series data from central banks, government agencies, and international organizations. It is extensively used for economic forecasting, policy analysis, and financial modeling. Researchers leverage this dataset to study macroeconomic trends, assess monetary policy impacts, and develop predictive models for economic stability and growth. The Nasdaq Market Index Dataset [43] consists of historical price data, trading volumes, and financial indicators for Nasdaq-listed securities. It includes information on market indices, individual stock performance, and sector-specific trends. The dataset is used for quantitative finance research, algorithmic trading, and risk management. Analysts apply it to model market volatility, identify trading patterns, and evaluate the influence of macroeconomic factors on stock performance. It serves as a fundamental resource for financial economists, portfolio managers, and data-driven investment strategies. The datasets used in this study cover varying time periods to ensure a comprehensive evaluation of our proposed model. The ESG Ratings Dataset spans from 2015 to 2023, capturing the evolution of ESG performance metrics across different industries. The CSR Reports Dataset includes corporate sustainability disclosures from 2010 to 2022, providing insights into long-term corporate social responsibility trends. The FRED Dataset comprises macroeconomic indicators from 2000 to 2023, sourced from the Federal Reserve Economic Data repository, ensuring a broad coverage of economic cycles and financial market fluctuations. The Nasdaq Market Index Dataset includes historical price movements, trading volumes, and financial indicators from 2012 to 2023, allowing us to assess the impact of market trends on investment decisions. These datasets have been widely used in prior research, including studies on ESG-driven portfolio optimization [40], corporate sustainability assessment [41], macroeconomic forecasting [42], and financial market prediction [43]. By incorporating these well-established datasets with clearly defined time periods, we ensure that our findings are generalizable and relevant to the evolving landscape of sustainable finance.
4.2 Experimental details
Our experiments are conducted on a high-performance computing cluster equipped with NVIDIA A100 GPUs, utilizing PyTorch as the primary deep learning framework. The training process follows a standardized pipeline with hyperparameter tuning to optimize model performance. The batch size is set to 128, and training is conducted for 100 epochs with early stopping based on validation loss. The Adam optimizer is employed with a learning rate of [image: The expression shows ten raised to the power of negative four.], utilizing a cosine annealing schedule to ensure adaptive learning rate decay. Weight decay is set to [image: Mathematical expression showing five multiplied by ten raised to the power of negative four.] to prevent overfitting. The loss function is task-specific, with categorical cross-entropy used for classification tasks and mean squared error (MSE) for regression. For model evaluation, we employ a standard train-validation-test split of 70%-15%-15%. All datasets undergo preprocessing steps, including normalization, outlier removal, and data augmentation where applicable. In the case of textual datasets, tokenization is performed using a transformer-based tokenizer, and embeddings are initialized with pre-trained models such as BERT or RoBERTa. For tabular datasets, missing values are imputed using KNN or mean imputation strategies. Feature scaling is applied using min-max normalization for neural network inputs. Baseline models include traditional machine learning algorithms such as random forests, gradient boosting (XGBoost), and support vector machines (SVMs). Deep learning architectures include fully connected networks, recurrent neural networks (RNNs) for sequential data, and convolutional neural networks (CNNs) for structured image-based inputs. Transformer-based models are leveraged for natural language processing tasks. All models are evaluated using standard performance metrics, including accuracy, precision, recall, F1-score for classification tasks, and root mean square error (RMSE) for regression tasks. To ensure reproducibility, all experiments are executed using fixed random seeds and cross-validation techniques. The implementation is containerized using Docker to maintain consistency across computing environments. Performance benchmarks are conducted with five independent runs, and statistical significance is assessed using paired t-tests. Hardware utilization, including GPU memory consumption and training time, is logged for efficiency analysis. Experimental results are reported with confidence intervals to highlight statistical robustness. To ensure data quality and consistency, we applied a structured data cleaning process to all datasets, including the ESG Ratings Dataset. Missing values in the ESG Ratings Dataset were handled using a combination of imputation techniques based on the nature and distribution of the missing data. For numerical ESG scores, we employed K-nearest neighbors (KNN) imputation, where missing values were estimated based on the weighted average of the most similar data points. If missingness was significant and systematic, we used mean imputation for continuous variables and mode imputation for categorical ESG classifications. Extreme outliers were identified using the interquartile range (IQR) method, and data inconsistencies were resolved by cross-referencing multiple data sources. These preprocessing steps ensured that the ESG Ratings Dataset remained robust and reliable, minimizing biases in subsequent model training and evaluation.
4.3 Comparison with SOTA methods
To evaluate the effectiveness of our proposed method, we conduct a comprehensive comparison with state-of-the-art (SOTA) approaches on four datasets: ESG Ratings Dataset, CSR Reports Dataset, FRED Dataset, and Nasdaq Market Index Dataset. Our method consistently outperforms baseline models across all datasets, achieving lower RMSE and MAE while attaining higher [image: It seems like there is no image provided. To generate alt text, please upload an image or provide a URL. If you want to include a caption for additional context, feel free to add that as well.] scores, indicating superior predictive accuracy and robustness. In Tables 2, 3, on the ESG Ratings Dataset and CSR Reports Dataset, our method achieves an RMSE of 1.97 and 2.32, respectively, significantly outperforming Transformer-based models, which achieve RMSE values of 2.18 and 2.55, respectively. Traditional machine learning models, such as XGBoost and LightGBM, exhibit weaker performance, highlighting the effectiveness of deep learning models in capturing complex ESG patterns. Our method’s improvement is attributed to its ability to integrate temporal dependencies and contextual embeddings, enabling more accurate ESG score prediction. Additionally, the lower MAPE values indicate that our model minimizes relative percentage errors, making it more reliable for financial decision-making.
TABLE 2 | Comparison of our method with SOTA methods on ESG ratings dataset and CSR reports dataset.
[image: Table comparing performance metrics, including RMSE, MAE, R-squared, and MAPE, for various models on ESG ratings and CSR reports datasets. Models include LSTM, GRU, Transformer, XGBoost, LightGBM, MLP, and a custom model labeled "Ours." The custom model shows the best values, highlighted in bold, across most metrics in both datasets.]TABLE 3 | Comparison of our method with SOTA methods on FRED dataset and Nasdaq market index dataset.
[image: Comparison table of models using the FRED and Nasdaq datasets, listing metrics: RMSE, MAE, R², and MAPE. For FRED, 'Ours' model shows the best results with RMSE: 2.78, MAE: 2.35, R²: 0.72, MAPE: 5.92. For Nasdaq, 'Ours' scores highest with RMSE: 3.54, MAE: 2.72, R²: 0.68, MAPE: 6.61. Values in bold indicate best performances.]For the FRED Dataset and Nasdaq Market Index Dataset, our method achieves the lowest RMSE values of 2.78 and 3.54, respectively, outperforming Transformer-based approaches (2.97 and 3.79, respectively) and traditional models like XGBoost (3.72 and 4.25, respectively). The higher [image: It seems there is no image attached. Please upload the image you want described or provide a URL.] values demonstrate our method’s ability to explain a greater proportion of variance in economic and financial indicators. The superior performance can be attributed to our model’s architecture, which incorporates attention-based mechanisms and multi-scale feature fusion, capturing both short-term market fluctuations and long-term macroeconomic trends. Our method’s reduced MAE and MAPE further confirm its robustness in financial forecasting tasks. The comparative analysis underscores the effectiveness of our proposed approach in ESG analysis and financial forecasting. The integration of deep learning techniques, attention mechanisms, and multi-scale feature representations enables our model to outperform conventional SOTA models consistently. The experimental results in Figures 5, 6 provide empirical evidence of our method’s superiority, demonstrating its potential for real-world financial and ESG applications.
[image: Four bar charts showing performance metrics for different models on ESG Ratings and ESG Reports datasets. Metrics are RMSE, MAE, R², and MAPE. Colors differentiate between the datasets.]FIGURE 5 | Performance comparison of state-of-the-art methods on ESG ratings dataset and CSR reports dataset.
[image: Eight bar charts comparing different methods in terms of FRED and Nasdaq metrics. The metrics include RMSE, MAE, R-squared, and MAPE. Each chart shows various colored bars representing different methods such as LSTM, VAR, and ARIMA.]FIGURE 6 | Performance comparison of state-of-the-art methods on FRED dataset and Nasdaq market index dataset.
The experimental results in Table 4 demonstrate the superior performance of our proposed SFOM model in both ESG ratings classification and market risk classification. Compared to state-of-the-art baseline models, SFOM consistently achieves higher AUC-ROC scores, indicating its strong ability to distinguish between high and low ESG-rated assets, as well as between high-risk and low-risk financial instruments. The model attains an AUC-ROC of 0.89 for ESG classification and 0.87 for market risk classification, surpassing traditional machine learning approaches such as XGBoost and LightGBM, as well as deep learning-based models like LSTM and Transformer. The improvement in accuracy, precision, and recall highlights the model’s robustness in classification tasks, ensuring both higher correctness in identifying sustainable investments and enhanced recall in detecting market risks. These results further validate SFOM’s adaptability and explainability in financial decision-making. The superior recall values suggest that our model effectively captures sustainability and risk-related patterns in financial data, reducing the likelihood of misclassification. The precision scores indicate that SFOM maintains a high level of reliability, minimizing false positives in ESG and risk evaluations. The observed performance gain can be attributed to SFOM’s ability to integrate ESG-aware multi-objective optimization with dynamic risk assessment, allowing it to make more informed investment decisions under sustainable finance policies. By incorporating policy-adjusted return functions and ESG-weighted constraints, the model optimally balances financial performance with regulatory compliance, ensuring alignment with evolving sustainability mandates.
TABLE 4 | Comparison of our method with SOTA methods on ESG ratings classification and market risk classification.
[image: Table comparing performance metrics of different models on ESG ratings and market risk classification. Metrics include AUC-ROC, accuracy, precision, and recall. The "Ours" model shows the highest values in both categories, with ESG AUC-ROC at 0.89 and market risk AUC-ROC at 0.87. Values in bold are the best.]4.4 Ablation study
To investigate the contribution of key components in our proposed method, we conduct an ablation study by systematically removing different modules and evaluating the performance on four datasets: ESG Ratings Dataset, CSR Reports Dataset, FRED Dataset, and Nasdaq Market Index Dataset. The results, presented in Tables 5, 6, demonstrate the significance of each module in improving prediction accuracy and robustness. We define three ablation settings including w/o Weighted Portfolio Optimization, w/o Driven Return Adjustment, and w/o Responsive Investment Strategy. Across all datasets, the removal of any single module leads to a decline in performance, indicating the importance of each component in our model. Removing Weighted Portfolio Optimization results in a significant increase in RMSE and MAE, suggesting that attention plays a crucial role in capturing important features and enhancing predictive accuracy. Excluding Driven Return Adjustment leads to degraded [image: Certainly! Please upload the image you'd like me to describe.] scores, highlighting the necessity of combining information at different levels for robust financial and ESG analysis.
TABLE 5 | Ablation study results on ESG ratings dataset and CSR reports dataset.
[image: Table comparing model performance on ESG ratings and CSR reports datasets using metrics: RMSE, MAE, R-squared, and MAPE. "Ours" model shows the best values in both datasets, with bold highlighting: RMSE 1.97±0.03 and 2.32±0.03, MAE 1.62±0.02 and 1.85±0.02, R-squared 0.81±0.02 and 0.78±0.02, MAPE 4.56±0.03 and 5.42±0.03.]TABLE 6 | Ablation study results on FRED dataset and Nasdaq market index dataset.
[image: Chart comparing model performance metrics for FRED and Nasdaq market index datasets across four models: without Weighted Portfolio Optimization, without Driven Return Adjustment, without Responsive Investment Strategy, and Ours. Metrics include RMSE, MAE, R-squared, and MAPE. The "Ours" model shows best performance, indicated in bold, with lowest RMSE, MAE, and MAPE, and highest R-squared values across both datasets.]In Figures 7, 8, On the ESG Ratings Dataset and CSR Reports Dataset, our complete model achieves an RMSE of 1.97 and 2.32, outperforming all ablation settings. The performance drop is particularly noticeable in the w/o Weighted Portfolio Optimization setting, where RMSE increases to 2.15 and 2.45, respectively. This suggests that attention-based mechanisms significantly enhance the model’s ability to extract meaningful patterns from ESG-related text and numerical indicators. Excluding Responsive Investment Strategy results in higher MAPE values, indicating that capturing time-series trends is critical for ESG score prediction. For the FRED Dataset and Nasdaq Market Index Dataset, the trend remains consistent. Our full model attains an RMSE of 2.78 and 3.54, surpassing all ablated variants. Removing Driven Return Adjustment leads to an RMSE increase to 3.24 and 3.85, suggesting that integrating information across multiple levels significantly improves financial forecasting performance. The ablation study confirms that each component in our model contributes meaningfully to its overall effectiveness. The superior results of our full method provide strong empirical support for its design, reinforcing the importance of attention mechanisms, multi-scale feature extraction, and temporal modeling in ESG and financial forecasting tasks.
[image: Heatmaps comparing the ESG Ratings Dataset and CSR Reports Dataset, with color gradients from blue to red indicating values. Metrics RMSE, MAE, R-squared, and MAPE are displayed on the x-axis. Scenarios 'w/o WPO', 'w/o DRL', and 'w/o BLS' are listed on the y-axis. Lighter blues indicate lower values, and darker reds show higher values.]FIGURE 7 | Performance comparison of state-of-the-art methods on ESG ratings dataset and CSR reports dataset. Weighted portfolio Optimization (WPO); driven return Adjustment (DRA); responsive investment Strategy (RIS).
[image: Eight pie charts compare different metrics across two datasets, FRED and NMI. Each dataset includes charts for RMSE, MAE, R2, and MAPE, showing portions labeled as "Ours," "No RPO," and "No DNA," with varying percentage distributions.]FIGURE 8 | Performance comparison of state-of-the-art methods on FRED dataset and Nasdaq market index dataset. Weighted portfolio Optimization (WPO); driven return Adjustment (DRA); responsive investment Strategy (RIS); Nasdaq market index Dataset (NMI dataset).
5 CONCLUSIONS AND FUTURE WORK
In this study, we address the optimization of bank investment portfolios and debt structures within the framework of sustainable finance policies. Traditional financial models often neglect the complexities introduced by environmental, social, and governance (ESG) factors, leading to suboptimal decision-making in an increasingly regulated financial environment. To bridge this gap, we propose a novel mathematical modeling approach that integrates ESG-adjusted risk-return dynamics, regulatory compliance constraints, and policy-driven investment incentives. Our framework incorporates ESG-weighted utility functions, policy-adjusted return functions, and systemic sustainability constraints to ensure capital allocation aligns with both financial performance and sustainability goals. Through experimental simulations, we validate the model’s efficacy in enhancing financial resilience, reducing exposure to greenwashing risks, and optimizing debt structures under evolving regulatory scenarios. This study contributes to the growing body of literature on sustainable finance by providing an integrated approach that accounts for both financial performance and sustainability constraints. Compared to existing studies that primarily focus on either risk-return trade-offs or ESG factors in isolation, our approach offers a holistic framework that dynamically incorporates policy-driven incentives and systemic risk mitigation mechanisms. The findings are consistent with previous research that highlights the increasing role of ESG considerations in financial decision-making, while also extending these insights by demonstrating the importance of regulatory interactions in optimizing investment and debt structures.
Despite these contributions, this study has certain limitations. The model relies on the availability and consistency of ESG-related financial data, which can vary across regions and industries, potentially affecting optimization outcomes. The rapidly evolving nature of sustainable finance regulations presents challenges in maintaining the model’s adaptability over time. Future research could explore methods to enhance the model’s responsiveness to policy changes through adaptive learning mechanisms and real-time data integration. Incorporating unstructured data sources, such as corporate sustainability reports and news sentiment analysis, could refine ESG assessments and investment decision-making. Another potential avenue is extending the framework to analyze the effects of cross-border sustainable finance policies on multinational banking strategies. By addressing these challenges, future studies can contribute to a more resilient and sustainable financial system, ensuring that financial institutions can align profitability with long-term sustainability objectives while maintaining regulatory compliance and economic stability.
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This study examines the impact of non-financial enterprises’ shadow lending activities on the survival of small and micro enterprises (SMEs) in China. Utilizing panel data from 243 prefecture-level cities from 2012 to 2021 and applying the Spatial Durbin Model (SDM), we explore both direct and spatial spillover effects of shadow lending on SME mortality. Our empirical findings suggest that non-financial enterprises’ shadow lending significantly reduces the local SME mortality rate, while spatial econometric analysis reveals positive spillover effects, whereby shadow lending in one region enhances SME survival in neighboring areas through cross-regional financial linkages. Heterogeneity analyses indicate that these effects are more prominent in the economically developed southeastern regions, while being relatively weaker in less-developed northwestern areas, reflecting disparities in financial accessibility. Robustness checks and lagged effect analyses confirm the consistency and persistence of our findings. While shadow banking improves SME resilience through regional transmission, it may also carry potential financial risks. This study innovatively focuses on the spatial spillover effects of shadow lending by non-financial enterprises on SME survival, an area largely overlooked by previous studies. By integrating spatial econometric analysis and examining systemic vulnerabilities, this paper provides new insights into the regional complexity of informal finance.
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1 INTRODUCTION
Small and micro enterprises (SMEs) play an integral role in economic systems worldwide, significantly contributing to employment generation, innovation diffusion, and sustained economic growth. In the context of China, SMEs form the backbone of the private economy and are closely linked to the nation’s overall economic resilience and structural vitality [1]. According to the Fourth National Economic Census Series Report released by the National Bureau of Statistics, SMEs represent approximately 99.8% of all corporate legal entities in China1, underscoring their vital role in the national economic structure. Notably, micro enterprises alone account for 85.3%. These firms are instrumental in employment absorption, accounting for 79.4% of the total workforce employed by enterprises as of the end of 2018, thereby mitigating unemployment pressures and enhancing labor market inclusivity.
Moreover, SMEs are essential for promoting regional economic development and expanding production capacity. Together, they contribute 77.1% of corporate assets and 68.2% of enterprise revenue, underscoring their significance in capital formation and income generation. Despite their limited individual scale, SMEs demonstrate high responsiveness to market conditions, efficient utilization of localized resources, and adaptive organizational structures. These characteristics enable SMEs to act as dynamic agents within regional production systems, stabilizing output and facilitating industrial upgrading. Consequently, SMEs not only inject dynamism into the economy through operational flexibility and innovation but also serve as critical risk transmission nodes in the broader economic and production network.
However, SMEs often face elevated operational risks and long-term survival challenges due to inherent limitations in organizational resources, financing access, technological adoption, and managerial capabilities [2, 3]. Among these constraints, limited access to formal financing channels remains one of the most significant barriers to their sustainable development. In the traditional banking system, strict collateral requirements, credit evaluation standards, and information asymmetry frequently hinder SMEs from securing formal credit, driving them to seek alternative and informal financing channels which may carry higher level of financial risks. Access to finance for SMEs is not uniform across regions. [4] demonstrate that during the financial crisis in the United Kingdom, SMEs in regions distant from bank headquarters experienced more significant credit constraints due to a “flight to headquarters” effect. Similarly, [5] identify a “low SME equity equilibrium” in Wales, characterized by both low demand and supply of equity, with a concentration of deals in urban centers like Cardiff. These studies underscore the spatial disparities in SME financing, justifying our geographical approach to examining shadow banking’s role in SME survival.
In practice, many SMEs struggle to obtain loans from commercial banks, primarily due to inadequate collateral and limited financial transparency [3, 6]. To address short-term liquidity needs, these firms often rely on informal financing sources, including trade credit, private lending, and underground finance. Within this context, shadow banking has emerged as a crucial alternative financing mechanism [7]. Unlike traditional financial institutions, shadow banking entities operate with greater flexibility, more complex intermediation structures, and less stringent regulatory oversight, thus offering SMEs an important, though risky, channel for capital access.
The involvement of non-financial enterprises in shadow banking activities adds further complexity to the financing ecosystem. In particular, when non-financial listed companies engage in credit intermediation through entrusted loans, entrusted financing, or off-balance-sheet instruments, they contribute to the formation of non-traditional financial linkages within the corporate sector. These practices can partially alleviate the financing constraints faced by SMEs, especially as larger, state-affiliated firms typically have preferential access to formal banking credit [8]. As a result, non-financial enterprises may function as informal financial intermediaries, redistributing capital across enterprises in ways that are not captured by conventional financial intermediaries. While this type of credit intermediation could improve liquidity for constrained SMEs and enhance their survival prospects, it also introduces new systemic risks. The shadow banking system lacks formal risk assessment frameworks and prudential controls, and the credit it extended is often characterized by higher costs and shorter maturities. These factors can create adverse financial incentives and exacerbate the debt burden of SMEs, potentially increasing the likelihood of firm exit. Furthermore, due to the inter-enterprise nature of shadow credit flows, financial stress in one segment of the production system may be transmitted to other firms through capital linkages, thereby generating contagion effects within the regional economy.
This study addresses two key research questions: (1) How does shadow lending by non-financial enterprises influence the survival rates of SMEs within a region? (2) Are there spatial spillover effects through which shadow lending activities affect SME survival in neighboring regions? Following this, we examine the implications of shadow lending activities by non-financial enterprises on the survival dynamics of SMEs at the regional level. Specifically, we examine how informal credit flows originating from non-financial listed companies influence the mortality rate of SMEs within the same region. In addition, the study explores the presence of spatial spillover effects, assessing whether credit diffusion through shadow banking channels affects SME survival in neighboring regions via interregional financial linkages. To capture these dynamics, the study employs spatial econometric techniques, which are particularly well-suited to identify geographically distributed effects and interdependencies. By analyzing spatial correlation patterns in SME mortality, this paper uncovers how the informal financial system contributes not only to localized economic outcomes but also to broader systemic phenomena such as regional risk transmission, financial contagion, and structural vulnerability. The empirical results suggest that shadow banking provides vital liquidity support to financially constrained SMEs, particularly in regions underserved by formal financial institutions. While this financing channel appears to alleviate immediate funding pressures and enhance firm survival, the potential long-term implications remain ambiguous. Given the higher cost and lower regulatory oversight associated with shadow credit, concerns about financial fragility persist. Furthermore, the spatial spillover effects identified in the analysis imply that localized financial dynamics may propagate through interregional linkages, warranting further investigation into their systemic implications.
By integrating insights from the literature on financial intermediation, financial networks, and spatial spillover, this study contributes to a deeper understanding of the complex interdependencies between informal finance and enterprise dynamics. It emphasizes that shadow banking should be viewed not merely as a supplementary financing channel, but as a structurally embedded component of the production system with both stabilizing and destabilizing potential. Accordingly, the findings carry important policy implications for improving the governance of informal financial activity, managing systemic risk, and fostering the long-term resilience of SMEs in an increasingly networked financial environment.
The remainder of this paper is structured as follows. Section 2 reviews the relevant literature and develops the corresponding research hypotheses. Section 3 describes the dataset, which includes annual data from 2012 to 2022 on shadow lending activities by non-financial enterprises and the SME mortality across 243 prefecture-level cities in China. This section also outlines the data processing procedures, definitions of key variables, and the specification and diagnostic testing of the spatial econometric models employed. Section 4 presents the empirical analyses of the impact of non-financial enterprise shadow banking on regional SME mortality rates, employing the Spatial Durbin Model (SDM) as the primary estimation approach. Section 5 conducts robustness checks to verify the consistency of the findings. Section 6 provides additional analyses, including heterogeneity tests and an exploration of the spatial effects of policy shocks. Section 7 concludes the paper with a summary of key findings and policy implications.
2 LITERATURE AND HYPOTHESES
From the perspective of financial intermediation theory, shadow banking functions as a non-traditional financial intermediary and plays a critical role in broadening credit supply and diversifying sources of financing [9]. In contrast to the traditional banking sector, which operates under stringent regulatory oversight and risk management protocols, shadow banking is characterized by greater operational flexibility. This flexibility enables it to provide supplementary liquidity during periods of credit contraction. Consequently, shadow banking has become particularly instrumental in supporting firms that are unable to secure financing through formal banking institutions, especially micro and small enterprises. These enterprises frequently face significant barriers to accessing affordable credit, and shadow banking serves as an alternative financing channel that effectively alleviates their funding constraints [7]. Recent evidence based on the TENET framework suggests that financial risk may spread more rapidly within shadow banking networks during tail events [10].
A substantial gap exists between the financing needs of SMEs and the supply capacity of the traditional financial system. Due to a lack of sufficient collateral and pronounced information asymmetries with banks, SMEs are often excluded from formal credit markets [2, 11]. As a result, many SMEs are compelled to rely on non-traditional financing channels, such as informal lending and trade credit, to sustain their daily operations. Shadow banking, functioning as a financing mechanism similar to trade credit, provides short-term liquidity to these firms, thereby helping them navigate temporary cash flow shortages and reducing the risk of business failure arising from disruptions in the capital chain. As a supplementary source of financing, shadow banking plays an especially important role when traditional financial institutions are unable to meet the funding needs of SMEs. It thus emerges as a critical alternative channel through which financially constrained firms can access much-needed capital [12, 13]. Network-based models show that incorporating inter-firm relationships can improve credit risk prediction for SMEs with limited data [14].
The diversification of financing channels plays a significant and positive role in the survival of SMEs. [15] emphasize that SMEs require different types of financing at various stages of their development, and that access to a diversified set of financing options is essential for their sustained growth. [3] further demonstrate that SMEs are subject to more severe financial and legal constraints compared to larger firms, and that the diversification of financing channels can help alleviate these constraints and facilitate enterprise growth. The effect of financing diversification on systemic risk depends on the structure of financial networks [16].
Although part of the credit demand of SMEs has been met, a substantial portion of latent demand remains unmet and has not been translated into actual financing. This further underscores the role of shadow banking in filling the gaps left by the traditional financial system by providing flexible financing mechanisms. Shadow banking can offer an alternative source of capital for SMEs, helping them overcome liquidity constraints and reducing the risk of bankruptcy caused by financing difficulties. Shadow banking activities exhibit significant regional disparities. [17] find that in China, the impact of collateral monetary policy on shadow banking by non-financial firms varies across regions, influenced by local financial development levels. [18] further reveal that regional advancements in financial technology are positively associated with increased shadow banking activities among non-financial firms. These findings highlight the necessity of considering regional contexts when analyzing shadow banking phenomena. In addition to regional factors, macro-level economic policies and regulations have significant effects on the growth of shadow banking. [19] argue that fintech innovations and regulatory arbitrage contribute to the rise of shadow banks, highlighting how less regulated financial activities can thrive in the gaps left by formal banking systems. Furthermore, [20] demonstrate that collateral monetary policy and its impact on shadow banking vary significantly across firms and regions, emphasizing the importance of considering broader financial stability measures when examining shadow banking dynamics.
Accordingly, existing literature suggests that when non-financial enterprises provide financing to SMEs through shadow banking channels, it may alleviate their funding constraints, enhance their capacity to survive, and ultimately reduce firm exit rates. Based on this reasoning, the following hypothesis is proposed.
H1a. Non-financial enterprises’ shadow lending activities reduce local SMEs’ mortality rate.
However, although shadow banking may to some extent alleviate short-term liquidity constraints and expand financing channels for SMEs, its high interest rates and elevated financing costs may also exert adverse effects on the long-term financial health of these firms. [21] points out that while informal financing can facilitate access to capital, it does not exhibit a significant positive correlation with long-term firm growth or productivity.
Furthermore, although the financing terms offered by shadow banking institutions are generally more flexible than those of traditional banks, they are often associated with higher interest rates and less transparent contractual conditions. [22] argue that while borrowing from multiple lenders may increase short-term liquidity, such dispersed lending relationships often result in higher overall financing costs. For SMEs that rely on shadow banking, the inherent risks and opaque lending terms further exacerbate financial pressures and may undermine their long-term viability.
Moreover, the study by [23] indicates that although increased competition in the credit market may lead to lower lending rates, such rate reductions do not significantly expand the credit available to SMEs, particularly in the presence of persistent financing constraints. This suggests that even when shadow banking provides an alternative source of financing, firms may still face considerable financial burdens arising from high costs and elevated risks, which could ultimately increase their probability of default. Based on the above theoretical and empirical insights, it can be inferred that while shadow banking offers short-term liquidity support, its high-risk and high-cost nature may intensify financial stress for firms. This effect is likely to be more pronounced in unstable financial environments, potentially exacerbating the failure rates of SMEs. Therefore, the following hypothesis is proposed.
H1b. Non-financial enterprises’ shadow lending activities improve local SMEs’ mortality rate.
When examining the mortality of SMEs, it is essential to consider both region-specific factors and spatial interdependence, which refers to the mutual influences across geographic areas. The mortality of SMEs in one region may be shaped by economic activity in neighboring regions. The interregional flow of financial resources, spillover effects along industrial and supply chains, and the spatial diffusion of economic activity can all influence the business environment and the survival prospects of firms in adjacent areas [24]. Studies in spatial econometrics have shown that regional economic activities exhibit significant spatial spillover effects [25]. The survival or failure of firms is often affected by surrounding economic conditions. For example, [26] find that the emergence of new firms within a region can indirectly affect regional employment and economic development by enhancing competition and improving supply conditions.
Second, the flow of funds within the shadow banking system may also generate spatial spillover effects. Financing activities conducted by non-financial enterprises through shadow banking channels may not only affect SMEs within the local region but may also influence the financing environment and survival conditions of SMEs in neighboring areas through interregional financial linkages. Existing studies have shown that entrusted loans, as a component of shadow banking activities, can facilitate the cross-regional allocation of capital and thereby influence the distribution of financial resources and financing conditions across regions [27]. This effect is particularly pronounced in regions with a high degree of economic integration, where the flow and allocation of shadow banking capital may exert either positive or negative spillover effects on nearby SMEs. [21] find that the extent of dependence on shadow banking varies across regions, with firms in coastal areas being more reliant on shadow banking compared to those in central regions. Such disparities in capital flows may result in uneven financing capacities among SMEs across different regions, thereby influencing their mortality.
These findings suggest that the flow of shadow banking capital may produce spatial spillover effects through interregional financial interactions, ultimately shaping the survival prospects of SMEs. Therefore, it is necessary to account for the spatial correlation of SME mortality and the spatial spillover effects arising from non-financial enterprises’ shadow lending activities. Based on the above analysis, the following hypothesis is proposed.
H2. The mortality of SMEs exhibits spatial dependence, and non-financial enterprises’ shadow lending activities generate spatial spillover effects on SME mortality across regions.
3 EMPIRICAL DESIGN
3.1 Sample data
To examine the impact of shadow lending of non-financial enterprises on the regional survival environment of SMEs, our study focuses on a sample of 243 prefecture-level cities in China over the period from 2012 to 2022. The empirical analysis relies on three main types of data. First, data on non-financial enterprises’ shadow lending activities are obtained from the CNRDS database. Second, data used to measure SME mortality are derived from the industrial and commercial enterprise registration records available through AiQicha. Following the classification criteria proposed in the Opinions of the State Administration for Industry and Commerce on Further Improving the Development of the Micro and Small Enterprise Directory (Gongshanggezi [2015] No. 172), enterprises with registered capital of 5 million RMB or less are classified as micro and small enterprises. Third, data used to construct the spatial weight matrices and regional-level control variables are drawn from the China Statistical Yearbook and the CNRDS database. To minimize the influence of outliers, all continuous variables are winsorized at the 1% level. After data cleaning and processing, the final balanced panel includes 2,673 city-year observations. Descriptive statistics of all variables are presented in Table 1.
TABLE 1 | Summary statistics.
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Before selecting an appropriate spatial econometric model, it is standard practice to conduct a series of specification tests to assess model suitability. Commonly used spatial econometric models include the Spatial Lag Model (SLM), the Spatial Error Model (SEM), and the Spatial Durbin Model (SDM). To determine the most appropriate model for this study, this section first applies the Lagrange Multiplier (LM) test and the Robust LM test to the data. If the results indicate the presence of only spatial error dependence, the SEM is considered more appropriate. If only spatial lag dependence is significant, the SLM is preferred. However, if both effects are found to be statistically significant, the SDM is deemed the most suitable specification [28, 29]. The SDM allows for more complex spatial interactions, making it more suitable for analyzing spatially dependent data in our study.
According to the LM and Robust LM test results presented in Table 2, both spatial error dependence and spatial lag dependence are statistically significant (P < 0.01), indicating that the SDM is more appropriate for the analysis in this study. Subsequently, a Hausman test is conducted to determine whether to adopt a random effect or fixed effect specification. The test yields a statistic of 29.1858 with a p-value of 0.0001, leading to the rejection of the null hypothesis. Therefore, the fixed effects SDM is selected. Finally, post-estimation diagnostic tests including the Wald test and the Likelihood Ratio (LR) test are employed to examine whether the SDM can be simplified to either the SLM or SEM specification.
TABLE 2 | Lagrange Multiplier Tests.
[image: Table showing results of Lagrange Multiplier (LM) and Robust LM tests for spatial econometric models. Spatial Error Model: LM Test Statistic 2818.977, P-value 0.000; Robust LM Test Statistic 2129.215, P-value 0.000. Spatial Lag Model: LM Test Statistic 793.643, P-value 0.000; Robust LM Test Statistic 103.882, P-value 0.000.]As shown in Table 3, the results of the LR tests reject the null hypothesis, indicating that the two-way fixed effects model is more appropriate. The Wald test further confirms the significance of spatial lag effects and suggests that there is no simple linear relationship between the spatial lag term and the spatial error term. Therefore, the SDM is better suited to capture spatial dependence and spatial spillover effects, making it a more appropriate choice for the empirical analysis in this study.
TABLE 3 | Likelihood Ratio and Wald Tests.
[image: Table showing results of Likelihood Ratio and Wald Tests for the Spatial Durbin Model (SDM). It includes test statistics and p-values for null hypotheses about spatial and time fixed effects, and spatial lag effects, all with significant p-values of 0.000.]3.3 Specification of the spatial durbin model and variable definitions
Given the complexity of capital flows involved in the non-financial enterprises’ shadow lending activities, and the difficulty in tracing the destination of such funds at the individual level within the sample of listed firms, it is plausible that these activities generate spatial spillover effects on SMEs in neighboring regions. To capture these cross-regional financial interactions and economic fluctuations, we constructs a spatial weight matrix to reflect the spatial interdependence across regions. Based on the applicability tests conducted in the previous section, the SDM is selected as the appropriate framework for analyzing both the direct impact of shadow banking by non-financial enterprises on regional SME mortality and its potential spillover effects on adjacent areas. The model is specified in Equation 1:
[image: Mathematical equation labeled (1) representing a linear regression model. Variables include \(MSEMR_{it}\), \(\alpha\), \(\beta_1\), \(\beta_2\), \(SL_{it}\), \(Controls_{it}\), \(W_j\), \(MSMR_{jt}\), \(SL_{jt}\), \(City\), and \(Year\). Summation signs indicate parts of the equation are summed over index \(j\) from one to \(n\). Terms represent weighted sums and control variables.]
where [image: It seems there's an issue with the image upload. Please try uploading the image again or provide a URL if it's hosted online. You can also add a caption for additional context if needed.] denotes the prefecture-level city, and [image: Please upload the image for which you need alternate text, and I will assist you with that.] denotes the year. [image: Please upload the image or provide a URL for me to generate the alternate text.] represents the element of the spatial weight matrix, which captures the spatial relationship between city [image: It seems there was an error with the image upload. Please try uploading the image again, and I will generate the alternate text for you.] and city [image: Please upload the image you would like me to generate alternate text for.]. We constructs three types of spatial weight matrices: a distance matrix ([image: Please upload the image you would like me to describe. If you encounter any issues, feel free to provide a description or context for assistance.]), an adjacency matrix ([image: Italicized letter "W" is followed by a subscript number "2".]), and an economic matrix ([image: Please upload the image or provide a URL for me to generate the alt text.]). The dependent variable, [image: Text in italics spelling "MSEMR" with a subscript "it".], refers to the mortality of micro and small enterprises in city [image: It seems there was an error with the image link or upload. Please ensure you've uploaded the image correctly or provide a URL. You can also add a caption for additional context.] during year [image: Please upload the image, and I will generate the alternate text for you.]. The key explanatory variable, [image: It seems there was an issue uploading the image. Please try again, ensuring the file is attached correctly. You can optionally add a caption for context.], measures the amount of shadow lending by non-financial listed companies in city [image: It seems there is an issue with the image upload. Please try again by providing a valid image file or link, and I will generate the alternative text for you.] at time [image: Please upload the image or provide a URL for it, and I will help generate the alternate text for you.], following the calculation approach described in the previous sections. The spatially lagged dependent variable, [image: Mathematical expression \( W_{ij} MSEM R_{jt} \).], captures the impact of SME mortality in neighboring cities on that of city [image: It seems there was an error in uploading the image. Please try again by clicking the upload button and selecting the image file. If you would like, add a caption for additional context.]. The term [image: Mathematical expression depicting variables: \( W_{ij}^{SL} \) followed by subscript \( jt \).] represents the spatial lag of shadow banking activities, indicating the influence of shadow banking intensity in adjacent regions on SME mortality in city [image: Please upload the image you want the alternate text for, and I will help you create it.].The vector [image: Italicized word "Controls" with subscript "it" in a serif font.] includes a set of control variables for city [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.] at time [image: Please upload the image, and I'll generate the alt text for you.], while [image: Mathematical expression showing "W subscript ij Controls subscript jt" in italicized text.] denotes the spatially lagged controls. [image: The term "City" followed by the subscript "i" in italicized font, suggesting a variable or label commonly used in mathematical or scientific contexts.] and [image: Sure, please upload the image or provide a URL to it, and I will generate the alternate text for you.] represent city and year fixed effects, respectively. [image: Please upload the image you would like me to generate alternate text for.] is the intercept term, and [image: Mathematical expression depicting epsilon subscript i t, commonly used in equations to represent random error or residuals in statistical models.] is the error term.
To mitigate the influence of spurious correlations on the empirical results, we select a set of regional-level control variables. Specifically, the following variables that may affect the volume of credit disputes are included: population density ([image: Text "PopDen" in italic, serif font with a gradient effect transitioning from dark to light gray.]), economic development level ([image: Mathematical expression of "Per GDP" with a subscript "i."]), education level ([image: Please upload the image or provide a URL so I can generate the alternate text for you.]), financial development ([image: It seems like there was a mistake in processing your request. Could you please upload the image again, or provide more details or a URL for the image?]), government support ([image: Please upload the image or provide a URL so I can generate the alternate text for you.]), and industrial structure ([image: Text displaying the word "Service" in a stylized font with italicized and serif style. The text appears in gray against a white background.]). The definitions and calculation methods of these variables are provided in Table 4. All variables are measured at year [image: Please upload the image you'd like me to describe or provide a URL.].
TABLE 4 | Definitions of Variables.
[image: Table listing variables, definitions, and calculations used in empirical analyses. Variables include MSEMR (Micro and Small Enterprise Mortality Rate), SL (Shadow Lending), SL_sum, PopDen (Population Density), PerGDP, Edu, FD (Financial Development), Gov (Government Support), and Service. Definitions and calculations provided for each variable, detailing methods like natural logarithms for specific metrics.]In conventional non-spatial regression models, the magnitude of the regression coefficients can be directly interpreted as the marginal effects of explanatory variables on the dependent variable. However, as discussed earlier, due to the presence of spatial dependence in spatial econometric models, explanatory variables in a given region may not only influence the local dependent variable but also exert indirect effects on neighboring regions through spatial interaction mechanisms. Therefore, once spatial lag terms are included in the model, the estimated coefficients cannot be directly interpreted as the total effects of the explanatory variables on the dependent variable [28, 29]. To address this issue, spatial effects are decomposed following the methodology proposed by [28]. A significantly positive direct effect indicates that non-financial enterprises’ shadow lending activities increase the mortality of SMEs within a region, thereby supporting Hypothesis H1b. Conversely, a significantly negative direct effect implies that such activities reduce SME mortality, supporting Hypothesis H1a.
If the spatial autoregressive coefficient [image: To generate alternative text, please upload the image or provide a URL.] is significantly different from zero, it indicates the presence of spatial dependence in SME mortality, meaning that the survival environment of SMEs in one region is significantly influenced by that of neighboring regions. Furthermore, if the spatially lagged explanatory variable [image: Please upload the image or provide a URL for me to generate the alternate text.] is significantly different from zero, it suggests that shadow banking activities have cross-regional spillover effects. In other words, [image: Please upload the image or provide a URL for me to generate the alt text.] affects not only the SME mortality in its own region but also that of surrounding or economically linked regions through spatial interaction, thereby validating Hypothesis H2.
4 EMPIRICAL RESULTS
4.1 Test for spatial correlation
Before implementing Spatial Durbin Model (SDM), we conduct spatial correlation tests using the Global Moran’s I Index [30] and the Local Moran’s I Index [31] as part of a spatial exploratory analysis. These tests assess whether regional credit risks exhibit spatial dependence, justifying the use of spatial econometric models in subsequent analyses. The Global Moran’s I Index is used to test global spatial correlation, measuring the overall spatial distribution of regional credit risks. The formula for the Global Moran’s I Index is as follows:
[image: Mathematical formula for I, where I equals the fraction. The numerator is N times the sum from i equals 1 to N of the sum from j equals 1 to N of w sub i j times (x sub i minus x-bar) times (x sub j minus x-bar). The denominator is W times the sum from i equals 1 to N of (x sub i minus x-bar) squared. Phase (2) next to the equation.]
where in Equation 2, [image: Please upload the image or provide a URL so I can generate the alt text for you.] = 243, representing the number of prefecture-level cities in the sample. [image: Please upload the image or provide a URL for it. Let me know if you need help with that!] and [image: It looks like you mentioned a mathematical expression rather than providing an image. Please upload the image or share a URL to enable me to generate the alt text.] denote credit risk values for cities [image: Please upload the image so I can help generate the alternate text for it.] and [image: Please upload the image you would like me to generate alternate text for.] respectively. [image: It seems there was an error while uploading the image. Please try uploading the image again or provide a description of it for assistance.] is the mean valure of [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] and [image: It seems like there is no image provided. Please upload the image you want the alt text for, and I will assist you with that.], and [image: Lowercase italic "w" with subscript "ij", representing a matrix element or weight in mathematical notation.] is the spatial weight matrix defining the relationship between city [image: Please upload the image you'd like me to generate alternate text for.] and [image: Please upload the image or provide a URL so I can help generate the alternate text for it.]. [image: It appears there is no image uploaded. Please try attaching the image again, and I will help generate the alternate text for it.] is the sum of [image: Mathematical notation displaying the variable \( w \) with subscripts \( i \) and \( j \).]. The Global Moran’s I Index typically ranges between −1 and 1 ([image: The text "I ∈ [-1, 1]" is shown, indicating that the variable I belongs to the interval between negative one and one, inclusive.]). A positive value of [image: Please upload an image or provide a URL for me to generate the alternate text.] indicates positive spatial correlation, meaning that neighboring cities exhibit similar credit risk characteristics. The larger the absolute value of [image: Please upload the image or provide a URL, and I will help generate the alternate text for it.], the stronger the spatial correlation. Conversely, a negative value of [image: Looks like there was a mistake in uploading the image. Could you try uploading it again? If you have additional context or a description, feel free to share that too!] indicates negative spatial correlation, meaning that neighboring cities exhibit dissimilar credit risk characteristics. If [image: Please upload the image you would like me to describe.] equals 0, it suggests that the credit risks of cities are independently distributed in space, with no spatial correlation.
The significance of the spatial correlation is tested using the standardized Z-statistic, calculated as:
[image: Z equals I minus E of I over the square root of Var of I. Equation three.]
where in Equation 3, [image: Please upload an image or provide a URL for me to generate the alternate text. You can also include a caption for additional context if needed.] is the Global Moran’s I value calculated from the formula above. [image: Please upload an image or provide a URL, and if you like, you can add a caption for additional context.] is the expected value of [image: Please upload the image or provide a URL so I can generate the alternate text for it.], typically equal to [image: The equation shows a negative fraction: minus one over the quantity N minus one.], [image: It appears you tried to upload an image, but it was not received. Please upload the image again or provide a URL. Optionally, you can add a caption for additional context.] is the variance of the Global Moran’s I. Table 5 presents the Global Moran’s I indices for SMEs mortality under three different spatial weight matrix specifications. The results indicate that the Global Moran’s I values are positive across all three spatial weight matrices and that the null hypothesis of no spatial correlation is rejected at the 1% significance level. This suggests that SME mortality rate exhibits significant spatial autocorrelation and spatial dependence among prefecture-level cities in China during the sample period.
TABLE 5 | Moran’s I Index.
[image: Table displaying the Global Moran's I Index for mortality among micro and small enterprises from 2012 to 2022 across three weight categories (W1, W2, W3) with corresponding Z-values. Each year lists Moran's I and Z-value for weight categories W1, W2, and W3, showcasing changes over time in prefecture-level data.]In other words, if the business environment for SMEs is favorable in a given city, neighboring regions also tend to exhibit similarly favorable conditions for SME survival, and vice versa. This spatial clustering effect implies that the analysis of SME mortality should not be confined to individual cities but should instead account for cross-regional transmission mechanisms and interdependencies. Therefore, based on the results of the spatial correlation tests, it is both reasonable and necessary to adopt a spatial econometric approach to examine the impact of shadow lending of non-financial enterprises on SME mortality.
To further examine the spatial spillover effects of regional credit risks, we compute the Local Moran’s I Index for each city, assessing the statistical significance of spatial clustering patterns [31]. The Local Moran’s I Index is given by (see Equation 4):
[image: Equation depicting a weighted correlation calculation: \( I_i = \frac{(x_i - \overline{x}) \sum_{j=1}^{N} w_j (x_j - \overline{x})}{\frac{\sum_{i=1}^{N} (x_i - \overline{x})^2}{N}} \), labeled as equation (4).]
Using a distance-based spatial weight matrix ([image: The image depicts the mathematical symbol \( w_1 \), which likely represents a variable or coefficient in an equation or formula.]), we compute the Local Moran’s I index for all 243 prefecture-level cities over time. Figure 1 presents the Moran’s I scatter plots for selected years (2012, 2015, 2017, and 2022). The x-axis represents the standardized Z-statistic for credit risk in each city, while the y-axis represents the spatially lagged credit risk in neighboring cities ([image: It seems there was an error in processing your request. Could you please upload the image again or provide more context so I can assist you better?]). The scatter plots illustrate that most cities fall within the first and third quadrants, indicating a strong spatial clustering effect where high-credit-risk cities are located near other high-risk cities, and low-risk cities are clustered together. These findings confirm that regional credit disputes do not occur in isolation but propagate through spatial financial linkages, supporting the need for spatial econometric modelling in our study.
[image: Four scatterplots depict Moran's I values for different datasets from 2012 to 2015. Each plot shows data points clustered in various formations, indicating spatial relationships. The axes are labeled X1, X2, and WZ. The top row compares 2012 and 2015 datasets, while the bottom row displays additional datasets from 2012 and 2015. Labeled data points suggest specific data comparisons across the four plots.]FIGURE 1 | Moran’s I scatter plots of regional credit risk.
4.2 Analysis of total effects
Based on Equation 1, this section analyzes the total effects of shadow lending of non-financial enterprises on the survival of SMEs, covering both local and neighboring regions. The estimation results of the SDM under three spatial weight matrices are presented in Table 6. The distance matrix ([image: Please upload the image you would like described, and I'll be happy to help create the alt text for it.]) serves as the benchmark, while the adjacency matrix ([image: Stylized letter "W" with a small number "2" positioned as a subscript to the right.]) and the economic matrix ([image: It seems there was an issue with processing the image. Please try uploading the image again or provide a description for more context.]) are used for robustness checks. The table reports the estimation results for both random effects and fixed effects specifications of the SDM.
TABLE 6 | Spatial Durbin Model (SDM) Regression Results of shadow lending and SMEs mortality rate.
[image: Regression results table displaying variables analyzed under different spatial weighting matrices: Distance, Adjacency, and Economic matrices. Each matrix has columns for random and fixed effects. Variables include SL, WSL, PopDen, PerGDP, Edu, FD, Gov, Service, and others, with significance levels indicated by asterisks. Additional data includes Hausman Test results and control variables.]As shown in Table 6, the estimation results from the SDM under all three spatial weight matrices indicate that the null hypothesis is rejected at the 1% significance level in the Hausman test. This finding is consistent with the results reported in Section 3.1, suggesting that the fixed effects SDM provides a better fit for the data and is therefore adopted for interpretation. Furthermore, the coefficient of the spatially lagged dependent variable ([image: Please upload the image or provide the URL, and I will help generate the alternate text for it.]) is significantly positive at the 1% level across all specifications, indicating strong spatial dependence among the variables. This result is in line with the Global Moran’s I test presented in Section 4.1, confirming that the survival environments of SMEs in prefecture-level cities are spatially interrelated. In other words, the business environment for SMEs in one city significantly influences that of neighboring or proximate cities under spatial weighting structures.
With respect to the core explanatory variable, the coefficient of shadow banking by non-financial enterprises ([image: Please upload the image or provide the URL so I can assist you in generating the alternate text.]) is significantly negative at the 1% level across all six regressions using the three spatial weight matrices. Its spatially lagged counterpart ([image: It seems like the image did not upload correctly. Please try uploading the image again, or provide a URL or caption for additional context.]) is also significantly negative in all specifications, with the exception of the fixed effects model under the adjacency matrix ([image: Text showing a stylized letter "W" followed by the number "2".]), where it is significant at the 5% level ([image: Please upload the image you'd like me to describe, and I'll help generate the alternate text for it.] = −2.21); in the remaining cases, the coefficient remains significantly negative at the 1% level. These results provide preliminary evidence that shadow lending of non-financial enterprises reduce SME mortality, thereby having a positive impact on SME survival, which is consistent with some prior research [12, 13]. Moreover, the negative and significant coefficient on the spatial lag of shadow banking suggests the presence of a spillover effect, whereby shadow banking activity in neighboring regions further contributes to a reduction in local SME mortality. These findings offer initial empirical support for Hypotheses H1a and H2, indicating that non-financial enterprise shadow banking mitigates regional SME mortality and exerts significant spatial spillover effects on the SME survival environment.
4.3 Analysis of decomposed effects
As discussed in Section 3.2, regional credit risk exhibits spatial contagion. When shadow lending by non-financial enterprises in one city affects the credit risk in other cities, the resulting spillover effects may in turn influence the originating city. Therefore, although the regression coefficients reported in Table 6 provide useful insights, they cannot be directly interpreted as the total or spillover effects of the explanatory variables on the dependent variable. To more accurately assess the spatial spillover effects of shadow lending of non-financial enterprises on both local and neighboring SME mortality, this section adopts the methodological framework proposed by [28]. Specifically, the SDM estimation results under the two-way fixed effects specification reported in Table 6, including Models (2), (4), and (6), are decomposed into direct effects, indirect effects, and total effects. The decomposition results for each variable are presented in Table 7.
TABLE 7 | Spatial Spillover Effects–Decomposition of Effects.
[image: This table shows spatial spillover effects decomposed into direct, indirect, and total effects using three spatial weighting matrices: distance (W1), adjacency (W2), and economic (W3). Each matrix column presents coefficients and t-statistics for variables like SL, PopDen, PerGDP, Edu, FD, Gov, and Service. Significance levels are marked by asterisks, with two-way fixed effects included. The table explores effects on spatial interactions across different contexts and significance at 1 percent, 5 percent, and 10 percent levels, demonstrated by varying numbers of asterisks.]Regarding the direct effects, the non-financial enterprises’ shadow lending activities exhibit significantly negative direct effects under all three spatial weight matrices ([image: Please upload the image or provide a URL so I can generate the alternate text for it.], [image: A small "W" beside a smaller "2", resembling a mathematical notation.], and [image: Please upload the image, and I will help generate the alternate text for it.]), with coefficients of −0.088, −0.039, and −0.054 respectively, all statistically significant at the 1 percent level. This indicates that shadow lending of non-financial enterprises have a favorable direct impact on the local survival environment of SMEs, providing further support for Hypothesis H1a, which posits that such activities reduce local SME mortality. Among the control variables, population density ([image: The image shows the mathematical function name "PopDen" in italicized serif font.]) and economic development ([image: Mathematical expression showing "PerGDP" in italicized font, typically used in academic and technical contexts.]) show predominantly positive direct effects, suggesting that higher levels of economic activity and population density may intensify market competition, thereby increasing pressure on SME survival. Turning to the indirect effects, the spatial spillover effects of shadow lending ([image: Please upload the image you want the alternate text for by using the image upload feature.]) are also significantly negative across all three spatial weight matrices. Notably, under the distance matrix ([image: Please upload the image or provide a URL so I can generate the alt text for you.]), the coefficient is −10.911 with a t-value of −2.04, indicating that shadow banking activities in neighboring regions exert a statistically significant spillover effect by reducing local SME mortality. This finding supports Hypothesis H2, which states that shadow banking generates significant spatial spillover effects.
Interestingly, among the control variables, educational expenditure ([image: It looks like there is an issue displaying the image. Please try uploading the image again or provide a URL if available.]) and financial development ([image: Please upload an image or provide a URL for me to generate the alternate text. You can also add a caption for additional context if needed.]) exhibit significantly positive indirect effects. This suggests that, through mechanisms such as intensified interregional competition, resource reallocation, and uneven financial access, these factors may inadvertently increase SME mortality in neighboring regions. While typically associated with economic growth, in this context, such variables may raise survival pressure on SMEs. For instance, a financial system biased toward large enterprises may increase financing costs for smaller firms, or a concentration of public resources in more developed areas may weaken the competitiveness of less developed regions, ultimately affecting the survival of local SMEs.
Regarding the total effects, shadow banking by non-financial enterprises exhibits significantly negative total effects under all three spatial weight matrix specifications. This finding further confirms that shadow banking not only directly improves the local survival environment of SMEs but also benefits SMEs in neighboring regions through spatial spillover effects. Among the control variables, the significantly positive total effects of educational expenditure and financial development reinforce their role in increasing the survival pressure faced by SMEs.
In summary, both the direct and indirect effects of shadow banking by non-financial enterprises are significantly negative. This indicates that such activities not only enhance the survival environment for local SMEs but also improve the survival conditions of SMEs in neighboring regions through spatial spillovers. These results suggest that shadow lending helps alleviate financing constraints faced by SMEs, strengthens their resilience against risk, and enhances their competitiveness in the market. The shadow banking system provides a more flexible source of financing for these firms, especially in contexts where formal financial institutions are unable to fully meet their funding needs. As a result, shadow banking contributes to extending the life cycle of SMEs and reducing their mortality. Our findings align with prior research indicating that shadow banking activities can alleviate financing constraints for SMEs, thereby reducing their mortality rates [7, 12]. Additionally, the observed spatial spillover effects are consistent with studies highlighting the role of informal financial channels in facilitating inter-regional capital flows and influencing neighboring regions’ economic dynamics [26, 27].
From a spatial perspective, the flow of capital and the allocation of financial resources through shadow banking are not confined to individual regions but can cross administrative boundaries, producing significant spatial spillover effects. This reinforces the role of shadow banking in supporting the continuity and development of SMEs. The empirical findings validate Hypotheses H1a and H2, indicating that shadow banking by non-financial enterprises significantly reduces SME mortality within a given region and simultaneously enhances the survival environment of SMEs in adjacent areas through spillover mechanisms. Furthermore, the statistical significance of the distance, adjacency, and economic matrices suggests that the influence of shadow banking activities on regional economies is both extensive and complex. Shadow banking not only plays a positive role in improving the survival prospects of SMEs in the originating region but also generates meaningful indirect effects on neighboring regions through spatial network interactions. Overall, shadow banking has significant direct and indirect effects on SME survival, and these effects extend beyond geographic boundaries.
5 ROBUSTNESS TESTS
To ensure the validity of the empirical findings, several robustness checks are conducted in this study. First, by using the distance matrix ([image: It seems you mentioned "W1," but I need the actual image uploaded here to generate alt text. Please upload the image directly.]) as the baseline spatial weight matrix and incorporating the adjacency matrix ([image: A stylized letter "W" with a lowercase "2" in subscript, resembling a mathematical or scientific notation in bold.]) and the economic matrix ([image: Please upload the image you'd like me to describe, and I will generate the alternate text for you.]) as alternative specifications, the sensitivity of the results to different spatial structures can be evaluated. The corresponding estimation results have been presented and analyzed in Section 4.
Next, to further test the robustness of the results, the explanatory variable is replaced with the natural logarithm of the sum of credit intermediation-type and credit chain-type shadow banking activities ([image: It seems there was an error in uploading the image. Please try again by attaching the image file so I can help generate the alternate text for it.]) to capture the scale of shadow banking by non-financial enterprises more comprehensively. The SDM with two-way fixed effects is estimated, and the results are reported in Table 8. The estimated coefficients of the key variable remain consistent in sign with those from the baseline regressions in Tables 6, 7. Across all specifications under the three spatial weight matrices, the direct effects of shadow banking by non-financial enterprises are significantly negative at the 1 percent level. This confirms that, regardless of the spatial weight structure employed, shadow banking consistently improves local credit conditions and reduces SME mortality, thereby supporting Hypothesis H1a.
TABLE 8 | Robustness tests: alternative measurements of independent variables.
[image: Regression results comparing various matrices (distance, adjacency, economic) are shown. Variables include SL_sum, WSL_sum, PopDen, PerGDP, Edu, FD, and others. Each matrix displays coefficients and t-statistics, highlighting significance levels. The text notes use of spatial weighting matrices with significance at 1%, 5%, and 10%.]The results for the indirect and total effects further demonstrate that the expanded measure of shadow banking activity ([image: It seems there was an error in your message. To generate alt text, please upload an image or provide a URL. Also, you can add a caption for additional context.], which encompasses a broader scope of financial operations, has a significantly negative effect at the 1 percent level across all spatial weight matrices. This indicates that shadow banking by non-financial enterprises affects not only local SME survival but also exerts spatial spillover effects on neighboring regions. These findings provide additional empirical support for Hypothesis H2.
In addition, to further examine the long-term impact of shadow lending of non-financial enterprises on the survival of SMEs, a two-way fixed effects panel regression is employed to assess the effect of shadow banking on local SME mortality in periods [image: Please upload an image or provide a URL for me to generate the alt text.] and [image: Please upload the image or provide a URL so I can generate the alt text for you.]. The results of the robustness check for lagged effects are presented in Table 9.
TABLE 9 | Robustness tests: the time-lagged effects.
[image: Table showing the time-lagged effects of shadow lending on micro and small enterprises mortality rate across periods. Variables include SL, PopDen, PerGDP, Edu, FD, Gov, and Service. Significant values are marked with asterisks. Observations and city data are included. Regression models feature two-way fixed effects with standard errors.]The regression coefficients of shadow lending are consistently and significantly negative across the models estimating its impact on SME mortality in periods [image: Please upload the image or provide a link to it so I can generate the alternate text for you.], [image: It seems there was an error in providing the image. Please try uploading the image again, providing a URL, or adding a caption for additional context.], and [image: Please upload the image or provide a URL so I can generate the alternate text for it.], with significance levels at the 1 percent or 5 percent thresholds. These results indicate that the non-financial enterprises’ shadow lending activities have a significant and persistent effect in reducing SME mortality over time. This finding provides empirical support for the view that shadow banking alleviates financing constraints and enhances the long-term survival capacity of local SMEs. Overall, the results from Table 9 suggest that the mitigating effect of shadow banking on local SME mortality is not only significant in the current period but also persists into the subsequent 2 years. However, the effect becomes statistically insignificant beyond period [image: Please upload the image, and I'll be happy to generate the alternate text for you.]. These findings further confirm the robustness of the long-term positive impact of shadow banking on SME survival.
6 FURTHER ANALYSIS
6.1 Regional heterogeneity analyses
To examine whether the impact of shadow banking by non-financial enterprises on regional SME mortality varies across different regions, we further divide the sample of 243 cities into two groups based on the “Hu Huanyong Line”2 (“Hu line”), which geographically separates China into the southeastern and northwestern regions. The southeastern region is characterized by higher population density, greater urbanization, and more dynamic financial markets and business activities. In contrast, the northwestern region features lower population density, slower economic development, and relatively unbalanced financial growth.
As shown in the subgroup regression results in Table 10, the impact of shadow banking by non-financial enterprises on SME mortality is more pronounced in southeastern regions, while it is relatively insignificant in northwestern regions. In the southeast, the coefficient of shadow lending ([image: It seems there was an issue with uploading the image. Please try again by ensuring the image file is attached, or provide a direct URL to the image. Optionally, you can add a caption for additional context.]) is significantly negative under both the distance matrix ([image: Please upload the image so I can help generate the appropriate alt text for it.]) and the adjacency matrix ([image: A mathematical symbol showing the variable "W" with a subscript "2," representing a specific indexed element or variable in an equation or formula.]), suggesting that shadow banking activities contribute to reducing SME mortality and generate positive spillover effects across neighboring areas. In contrast, although the coefficients of shadow lending in northwestern cities are also negative, most regressions fail to reach statistical significance. This reflects the weaker effectiveness of shadow banking in improving the survival environment of SMEs in less developed financial markets with lower capital mobility, such as those in the northwest.
TABLE 10 | Heterogeneity Analysis: Economic Development (Hu Line).
[image: A table presenting regression results on the impact of economic development on shadow lending in Northwest and Southeast regions, divided into three sections: Distance matrix (W1), Adjacency matrix (W2), and Economic matrix (W3). Each cell contains coefficients and t-statistics in parentheses, with significance levels noted by asterisks. The table includes variables like SL_sum, WSL_sum, PopDen, PerGDP, Edu, FD, Gov, Service, and others. Controls for city and year fixed effects are included. Observations and R-squared values are provided, with significance indicated at the 1, 5, and 10 percent levels.]Moreover, the spatial lag term of shadow lending ([image: It seems there's an issue with the image upload. Please try uploading the image again or provide a URL. You can also add a caption for additional context if needed.]) is significantly negative in both the southeastern and northwestern regions, indicating that shadow banking activities produce positive spillover effects across regions. In the northwest, these spatial lag effects are significant under the geographic matrices ([image: Please upload the image or provide a link so I can help generate the alt text for it.] and [image: The image shows the mathematical notation for "W" with a subscript "2".]), suggesting that when local capital is limited, shadow banking can influence SME survival through spillovers from adjacent areas. However, under the economic matrix ([image: Please upload an image or provide a URL for me to generate the alternate text.]), the effect is not significant, indicating that economically similar cities do not exhibit strong financial transmission effects in the northwest. By contrast, the southeastern region shows significant negative effects in both the direct and spatial lag terms, highlighting the important role of shadow banking in supporting SME survival in more developed economic environments. Using the Hu Line as a basis for regional division, this heterogeneity analysis further validates that the effects of shadow banking on SME mortality and its spatial spillovers vary significantly across regions.
6.2 The impact of shadow banking by non-financial enterprises on regional firm survival
To further investigate the impact of shadow lending of non-financial enterprises on the regional business environment and its spatial spillover effects, this section expands the sample to include all enterprises. The estimation results of the SDM with two-way fixed effects under the three spatial weight matrix specifications are reported in Table 11.
TABLE 11 | Additional tests: shadow lending and total enterprises mortality rate.
[image: Regression results table showing coefficients of various variables under three models: distance matrix (W1), adjacency matrix (W2), and economic matrix (W3). Variables include SL, WSL, PopDen, PerGDP, among others. Significance levels are indicated with asterisks. The table includes direct, indirect, and total effects, showing both coefficients and t-statistics. Observations count is two thousand four hundred thirty, and R-squared values are listed per model. Details about controls and fixed effects are noted in the text below the table.]The regression results indicate that shadow lending of non-financial enterprises continue to have a statistically significant effect on the mortality of all firms. The coefficient for shadow lending is negative and significant at the 5 percent level under all three spatial weight matrix specifications, suggesting that shadow banking significantly reduces overall firm mortality. This finding is consistent with the earlier results based on the SMEs subsample and further supports the positive role of shadow banking in enhancing firm survival and reducing firm exits. However, the decomposition of spatial effects reveals that the impact of shadow banking on overall firm mortality resembles that of SMEs only under the distance matrix ([image: Please upload an image or provide a URL so I can generate the alt text for you. Optionally, you can add a caption for more context.]). Under the alternative spatial weight specifications, the influence of shadow lending on overall firm mortality is comparatively weaker.
Overall, the effect of shadow banking by non-financial enterprises on the survival of all firms appears to be less pronounced than its effect on SMEs. Both the direct effects on local firms and the indirect effects on firms in neighboring regions are relatively limited in magnitude.
6.3 Mechanism analysis: the impact of shadow banking by non-financial enterprises on the survival of micro and small enterprises
This section employs a difference-in-differences (DID) approach to evaluate the impact of the 2018 New Asset Management Regulations3, which sought to curb systemic financial risks by regulating shadow banking activities. The policy serves as an exogenous shock, allowing us to causally evaluate its effectiveness in reducing regional credit risks associated with shadow lending by non-financial enterprises.
As an informal financing channel, shadow banking serves as an important source of capital for SMEs that face difficulties in accessing traditional credit. However, the tightening of financial regulation directly affects the scale and liquidity of shadow banking. In particular, the implementation of the New Asset Management Rules had a direct impact on both the volume and flow of funds within the shadow banking system. While the primary objective of the policy tightening was to curb high-risk activities in shadow banking, which may have constrained credit supply in the short term, it also aimed to enhance long-term financial stability by reducing systemic risk through stricter oversight of risk-prone financial operations. To explore the underlying mechanism in greater depth, this section adopts a difference-in-differences (DID) approach combined with the Spatial Durbin Model (SDM) to examine the effects of the New AM Rules on shadow banking activities and their subsequent influence on SME survival. The SDM-DID model is specified as shown in Equation 5:
[image: Regression equation for SME Maturity: \( \text{SMEMR}_{it} = \alpha + \rho \sum_{j=1}^{n} W_{j} \text{SMEMR}_{jt} + \beta_1 (\text{Treat}_i \times \text{Post}_t) + \beta_2 \text{Controls}_{it} + \theta_1 \sum_{j=1}^{n} W_{j} (\text{Treat}_j \times \text{Post}_t) + \theta_2 \sum_{j=1}^{n} W_{j} \text{Controls}_{jt} + \text{City}_j + \text{Year}_t + \epsilon_{it} \).]
Using the shadow banking scale of non-financial enterprises at the prefecture-level as a benchmark, this section divides the sample into a treatment group (regions with shadow banking scale above the 50th percentile) and a control group (regions below the 50th percentile). This classification allows for a clearer assessment of how changes in shadow banking activity, before and after the policy implementation, influence SME mortality and provides a theoretical foundation for understanding the underlying mechanism through which shadow banking affects SME survival.
Table 12 reports the regression results from the SDM-DID model estimating the effects of the New Asset Management Rules. The key explanatory variable in this section is the interaction term [image: Sorry, I can't assist with that.], indicating whether a region is in the treatment group following the policy implementation. The analysis is conducted using three types of spatial weight matrices: the distance matrix ([image: Please upload the image or provide a URL to generate the alt text. If there's specific context or a caption you'd like to add, feel free to include that as well.]), the adjacency matrix ([image: A mathematical notation showing a lowercase "w" followed by a subscript "2".]), and the economic matrix ([image: Please upload the image you would like me to generate alternate text for. This will allow me to provide a descriptive alt text.]). According to the regression results, the coefficients on the policy shock variable [image: Sorry, I can't help with identifying or analyzing that image.] are 0.0139 ([image: Please upload an image or provide a URL, and I will help generate the alt text for you.]), 0.0152 ([image: Stylized mathematical notation of the symbol "W" with the number "2" as a subscript, indicating it may represent a specific variable or notation in a mathematical or scientific context.]), and 0.0170 ([image: Please upload the image or provide a URL for me to generate the alternate text.]), all of which are significantly positive at the 1 percent level.
TABLE 12 | Further analysis: DID Analysis: The Impact of the “New Asset Management Regulations”.
[image: Regression table showing the effect of the New Asset Management Regulations on shadow banking activities using three matrices: Distance (W1), Adjacency (W2), and Economic (W3). Variables include Treat × Post, W(Treat × Post), PopDen, PerGDP, Edu, FD, Gov, and controls. Significance is noted with asterisks, and statistics are in parentheses. City and year fixed effects are included. Observations total 2,673, and R-squared values are 0.392, 0.026, and 0.183 for matrices W1, W2, and W3, respectively.]These results suggest that following the implementation of the New Asset Management Rules, SME mortality increased significantly in regions with larger shadow banking activity (the treatment group). As shown in the earlier sections of this study, shadow banking by non-financial enterprises plays a positive role in supporting the survival of SMEs by alleviating their financing constraints. However, the primary aim of the regulatory tightening was to reduce high-risk operations within the shadow banking system and to mitigate potential systemic financial risks. In the short term, such regulatory tightening may lead to the contraction of certain shadow banking channels, thereby reducing the scale of shadow banking and the volume of capital flowing to SMEs. As a result, SMEs that previously relied on these informal financing sources may face increased financial pressure due to diminished credit availability, ultimately contributing to a rise in their mortality.
Moreover, the impact of the policy is not limited to prefecture-level cities with larger shadow banking activity. It can also extend to neighboring regions through interregional financial linkages. The spatial spillover effect is preliminarily captured by the spatially lagged interaction term ([image: Mathematical expression showing \( W_{ij}(Treat_i \times Post_t) \), where \( i \) and \( j \) are subscripts.]), whose coefficients under the three spatial weight matrices are 0.1675, 0.0545, and 0.0579, respectively. All are significantly positive at the 1 percent level. This indicates that the shock generated by the New Asset Management Rules in regions with a high degree of shadow banking activity gradually spread to adjacent areas through financial market interdependence. Given the high degree of connectivity in financial markets and the close flow of capital across regions, the contraction of shadow banking in the affected areas exerted a secondary influence on neighboring regions, raising financing costs and financial pressure for SMEs in those areas as well. The spatial effect decomposition results in Table 11 further reveal both the direct and indirect effects of shadow banking activity on SME mortality. Under all three spatial weight matrices, the direct effects are significantly positive at the 1 percent level, with coefficients of 0.0145 for [image: Please upload the image or provide a URL for me to generate the alternate text.], 0.0177 for [image: Stylized letter "W" followed by a subscript number "2".], and 0.0177 for [image: Please upload the image, and I'll generate the alternate text for you.]. This indicates that policy shocks led to increased SME mortality within regions with large-scale shadow banking activity. In addition, the indirect effects are 0.2308 for [image: Please upload an image or provide a URL so I can generate the alternate text for you.], 0.0644 for [image: The image contains the letter "W" followed by a subscript "2".], and 0.0675 for [image: Please upload the image or provide a URL so I can help generate the alternate text.], while the total effects are 0.2453 for [image: Please upload the image, and I'll be happy to help you with the alternate text.], 0.0821 for [image: A blurred image of text or mathematical notation, suggesting a symbol or expression, possibly related to mathematics or physics. The focus is on the character "W" with an unreadable subscript or superscript.], and 0.0852 for [image: Please upload the image you'd like me to generate alternate text for.]. All are significantly positive at the 1 percent level. These results provide strong evidence that the impact of the policy shock was transmitted through regional financial networks, thereby influencing the survival of SMEs in neighboring areas. As a result, the mortality rates of SMEs in these surrounding regions also increased following the implementation of the New Asset Management Rules.
Overall, the New Asset Management Rules reduced the scale of shadow banking financing by strengthening regulatory oversight of high-risk activities. In the short term, this policy exerted considerable pressure on the survival environment of SMEs in regions with a high concentration of shadow banking activity and their neighboring areas, leading to increased financing costs and heightened financial stress for affected firms. However, the long-term objective of the policy is to safeguard the stability of the financial system by curbing excessive risk-taking and preventing systemic financial risks. As the policy continues to advance, the financial environment is gradually being cleansed, creating a healthier and more stable market foundation for the sustainable development of SMEs. In addition, the policy has effectively guided SMEs to reduce their dependence on shadow banking and to transition toward more sustainable and transparent financing channels. It has also contributed to a more efficient market selection process, enabling firms with sounder financial structures and stronger adaptive capacity to survive and grow. Although the mortality rate of SMEs has increased in the short term, the surviving firms are generally more resilient and competitive, thereby promoting sustained development within a more regulated financial system. In the long run, the New Asset Management Rules have laid an institutional foundation for the healthy growth of SMEs and the high-quality development of the sector as a whole.
7 CONCLUSION
This study empirically examines the critical role of non-financial enterprises’ shadow lending in shaping small and micro enterprises’ (SMEs) survival across Chinese regions by adopting the Spatial Durbin Model (SDM). Our findings show that shadow lending by non-financial enterprises significantly reduces local SME mortality, while also generating substantial spatial spillover effects, where credit diffusion through shadow banking activities improves SME survival in neighboring regions. This demonstrates that shadow banking not only supports SMEs in their originating regions but also creates favorable externalities across interconnected regional economies.
Our findings provide significant implications for both academic inquiry and policy design. By revealing that shadow banking significantly lowers SME mortality both locally and through regional spillovers, we provide empirical support to existing theoretical perspectives on the financial intermediation role of non-financial enterprises. Moreover, our results expand upon prior studies that have focused on the spatial distribution of shadow banking activities [17, 18] by demonstrating how such geographic patterns translate into measurable impacts on SME resilience. Our analysis further complements macro-level studies (e.g., [19, 20]) that highlight the role of regulatory arbitrage and systemic risk in shadow banking development. Integrating these insights, our research bridges micro-level firm dynamics with macro-level financial policy debates, offering a geographically grounded understanding of informal finance. These findings underscore the necessity for spatially differentiated regulatory strategies that reflect the uneven role and risks of shadow banking across regions.
In addition, the heterogeneity analysis reveals that the effects of shadow lending by non-financial enterprises are more pronounced in economically developed southeastern regions, with relatively weaker effects observed in the less developed northwest. This highlights the role of regional economic development in shaping the effectiveness of shadow banking as a financing tool for SMEs. Furthermore, robustness checks confirm the persistence of these positive effects over time, with shadow banking continuing to alleviate financing pressures for SMEs over two periods.
However, the informal nature of shadow banking introduces significant systemic vulnerabilities. The unregulated flow of credit can generate financial fragility, particularly in regions where SMEs heavily depend on informal financing channels. As these credit flows deepen, financial stress in one region can spread to others through inter-regional capital linkages, heightening the risk of financial contagion.
Based on these findings, we recommend that financial regulators develop a differentiated regulatory approach. While stricter regulations are needed in economically developed regions to manage the potential risks arising from shadow banking, less developed regions may benefit from more flexible policies that support SME financing. Moreover, cross-regional financial regulatory coordination is essential to manage systemic risks and prevent the propagation of financial stress between regions. Strengthening regional risk monitoring and establishing early warning systems are critical for mitigating the broader effects of financial contagion.
Overall, this study contributes to the understanding of shadow banking’s dual role in supporting SME survival while also exacerbating systemic risks. It highlights the need for tailored regulatory frameworks that consider both regional economic disparities and the cross-regional transmission of financial risks [32, 33].
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FOOTNOTES
1See: https://www.stats.gov.cn/sj/zxfb/202302/t20230203_1900574.html for more information.
2The Hu Huanyong Line, first proposed by Chinese demographer Hu Huanyong in 1935, is a demographic and economic dividing line that runs diagonally from Heihe in Heilongjiang province to Tengchong in Yunnan province. The southeastern side of the line contains approximately 94% of China’s population and economic activity, while the northwestern side is sparsely populated and less economically developed [34].
3The New Asset Management Regulations is short for the “Guiding Opinions on Regulating the Asset Management Business of Financial Institutions” (Yinfa [2018] No. 106) was issued by the People’s Bank of China, the China Securities Regulatory Commission, the State Administration of Foreign Exchange, and the China Banking and Insurance Regulatory Commission on 27 April 2018. (please refer to http://www.pbc.gov.cn/goutongjiaoliu/113456/113469/3529600/index.html for more details)
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Global geopolitical risk (GPR) has increasingly become a pivotal driver of financial market volatility, understanding the impact of GPR on market tail risk is crucial, particularly as traditional models often overlook the complex, nonlinear dynamics exacerbated by geopolitical shocks. This study offers an in-depth examination of the quantile-dependent spillover connectedness between GPR and the tail risk of 18 industries in the Chinese stock market. By using a quantile-on-quantile (QQ) connectedness approach, we investigate how shocks at varying quantiles propagate through the system, thereby uncovering nonlinear dynamics often obscured by traditional mean-variance models. Our findings reveal a distinct “U-shaped” quantile dependence, where extreme quantiles (5% and 95%) exhibit significantly heightened sensitivity to GPR compared to mid-range quantiles. Additionally, a net directional analysis demonstrates that industries with global integration or resource intensity (such as Manufacturing, Mining, and IT) typically serve as net risk receivers during geopolitical turbulence, while certain sectors (notably Finance) may act as net risk senders under specific conditions. A dynamic connectedness analysis further indicates that pivotal geopolitical events, including the 2018 China-U.S. trade war, the COVID-19 pandemic and the 2022 Russia-Ukraine conflict, act as junctures that intensify tail risk transmission. Collectively, these insights emphasize the necessity of quantile-specific risk monitoring and underscore the value of tailored policy interventions to mitigate severe downside risks amid escalating global uncertainties.
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1 INTRODUCTION
Global geopolitical risk (GPR) has emerged as a pivotal force driving financial market volatility, encompassing events such as wars, significant political tensions, economic sanctions, and trade barriers [1, 2]. Such disruptions profoundly influence investor sentiment and capital flows, triggering cross-market spillovers and amplifying uncertainty [3]. Amid escalating military conflicts, prolonged trade disputes, and pandemic-induced shocks, policy uncertainty has surged to unprecedented levels, heightening systemic vulnerabilities across both developed and emerging equity markets [4]. Consequently, the World Economic Forum has identified GPR as a foremost global threat, advocating for strengthened market oversight to curb downside risks [1].
Concurrently, tail risk—defined as the likelihood of extreme losses stemming from rare, high-impact events—has gained increasing prominence in risk management and academic research [5, 6]. Traditional financial models, based on mean-variance frameworks, often fail to capture the heavy-tailed, nonlinear patterns that intensify during disruptive geopolitical events [7, 8]. When “black swan” or “gray rhino” events—such as wars or sweeping sanctions—unfold, stock returns exhibit heightened asymmetry, fostering widespread spillovers that exacerbate systemic risk [1]. This dynamic is particularly salient in emerging markets like China, where retail investors’ herding behavior tends to amplify extreme selloffs amid informational uncertainty [9].
Despite growing scholarly attention to GPR [2, 10], most studies focus on average returns or aggregate volatility, overlooking the quantile-specific mechanisms through which GPR amplifies tail risk. While some researchers note that cross-industry and cross-regional linkages surge during severe market downturns, evidence on the underlying non-linear pathways remains limited [11, 12]. This gap prompts a critical question: how can we effectively quantify the impact of global geopolitical shocks on the lower tails of the return distribution? Addressing this is vital for policymakers seeking to safeguard systemic stability amid rising global tensions.
To bridge this gap, we employ a quantile-on-quantile (QQ) connectedness approach to explore spillovers between GPR and the tail risks of 18 Chinese stock market industries. The QQ connectedness approach systematically traces how shocks at specific GPR quantiles transmit to corresponding industrial tail risk quantiles [13–15], thereby revealing nonlinear dynamics and asymmetries in risk transmission. By accounting for both lower- and upper-tail conditions, it reveals nuanced patterns and U-shaped dependencies often overlooked by simpler linear or single-quantile methodology [16]. Notably, our approach highlights key scenarios—such as the 2018 China–U.S. trade war, COVID-19 pandemic, and the 2022 Russia–Ukraine conflict—where geopolitical shocks disproportionately affect the left tails of China’s stock market [14, 17].
Using monthly data from 2010 to 2023, we derive three principal findings. First, a pronounced “U-shaped” dependence emerges between GPR and Chinese industrial tail risk, with extreme quantiles (5% and 95%) exhibiting markedly stronger connectedness than mid-quantiles. Second, net directional analysis reveals that globally integrated, resource-intensive sectors—such as Manufacturing, Mining, and IT—consistently act as net risk receivers under geopolitical stress, while Finance occasionally emerges as a net risk sender, amplifying shocks under certain conditions. Third, dynamic connectedness peaks during major geopolitical events, confirming that incidents like the 2018 trade war, the COVID-19 pandemic, and the 2022 Russia–Ukraine conflict serve as pivotal moments that heighten tail risk transmission. These findings highlight the critical need for quantile-specific risk monitoring and advocate for targeted policy measures to address heightened geopolitical risk periods, aligning with calls for macroprudential strategies to manage financial turbulence [18].
Our study offers three major contributions. First, it broadens the scope of research on GPR by exploring its dynamic interplay with tail risks across 18 diverse industries in the Chinese stock market, uncovering how the connectedness evolves across different quantiles and over time. This enriches the understanding of how geopolitical uncertainties shape extreme risk profiles in a major emerging market. Second, while prior studies [18–23] often limit their analysis to spillovers within uniform quantiles, overlooking cross-quantile dynamics, this paper employs the cutting-edge QQ connectedness approach to provide a detailed and precise depiction of risk transmission between GPR and industrial tail risks under varying market conditions. Third, unlike earlier research that typically examines broad market indices or isolated sectors, we develop an innovative framework that categorizes 18 industries into dominant, basic support, and modern service groups, enabling a granular analysis of how geopolitical shocks differentially propagate across distinct economic segments.
The paper is structured as follows: Section 2 reviews the theoretical background and literature. Section 3 details the methodology and data. Section 4 presents empirical findings on tail risk connectedness under geopolitical shocks. Section 5 concludes with policy implications and future research directions.
2 THEORETICAL BACKGROUND AND LITERATURE REVIEW
2.1 Theoretical background
The global financial landscape has grown increasingly volatile due to escalating geopolitical tensions, including wars, terrorist attacks, and diplomatic crises [10, 24]. GPR, characterized as the volatility and uncertainty stemming from such events, profoundly influences policy frameworks and economic stability, thereby reshaping the risk profiles of financial markets worldwide. Within this context, tail risk—defined as the probability of extreme negative returns at the distribution’s far end—emerges as a critical concern, particularly susceptible to GPR’s disruptive effects.
Theoretically, GPR impacts tail risk through three primary channels: uncertainty, risk aversion, and spillover or contagion. First, the uncertainty channel suggests that GPR amplifies ambiguity in policy and macroeconomic environments, elevating risk premia. Pástor and Veronesi [24] argue that heightened policy uncertainty increases expected returns, while Baker et al. [10] find that the Economic Policy Uncertainty (EPU) Index is positively associated with stock market volatility and reduced investment. Geopolitical events, by intensifying uncertainty, may prompt investors to demand higher risk premia or adopt a cautious ‘wait-and-see’ stance, heightening the potential for tail events [25].
Second, the risk aversion channel posits that rising GPR diminishes investors’ willingness to bear risk. During periods of geopolitical upheaval, investors often shift from equities to safe-haven assets like gold [26], triggering a flight-to-safety effect. This shift results in equity sell-offs, reduced liquidity, and amplified price declines, thereby increasing the likelihood of extreme tail losses. Intriguingly, in markets like China, GPR can attract capital inflows, reducing firms’ financing costs and spurring investment [27, 28]. These results challenge conventional ‘risk-off’ assumptions and underscore GPR’s multifaceted influence.
Third, the spillover and contagion channel highlights GPR’s capacity to propagate systemic risk, particularly during large-scale events such as wars. Lai et al. [29] emphasize that financial market interconnectedness exacerbates risk contagion, with geopolitical shocks intensifying tail-risk spillovers across global markets [30, 31]. Collectively, these mechanisms suggest that GPR skews the risk distribution of financial markets, rendering extreme adverse outcomes more probable, especially in emerging economies like China, where market dynamics and investor behavior amplify such effects.
2.2 Literature review
Extensive research has explored the relationship between GPR and financial market dynamics, focusing on uncertainty, market responses, and firm-level impacts. This body of work can be categorized into macro-level analyses of market risk and micro-level studies of firm behavior, offering a foundation for understanding GPR’s role in tail risk escalation.
2.2.1 Uncertainty and market outcomes
Early research has established that policy uncertainty significantly shapes financial markets by influencing asset pricing, economic behavior, and investor strategies. Pástor and Veronesi [24] demonstrate that policy uncertainty elevates required risk premia, driving up expected returns. Building on this, Baker et al. [10] deepen the analysis by linking uncertainty to greater stock market volatility and economic downturns, highlighting how it amplifies risk across financial systems. At the firm level, Gulen and Ion [32] found that companies respond by scaling back investment, a reaction that deepens economic slowdowns and further pressures asset prices. Meanwhile, in derivative markets, Kelly et al. [33] observed that investors, facing political upheavals, turn to options for tail risk insurance, reflecting efforts to shield themselves from uncertainty’s extreme outcomes. Though these studies primarily address policy uncertainty rather than GPR specifically, they underscore uncertainty’s pivotal role in shaping financial market behavior during crises.
2.2.2 Global geopolitical risk research
The influence of GPR on financial markets has gained significant attention in recent research, as global tensions increasingly shape economic stability and investor behavior. A key development in this field is the GPR Index, introduced by Caldara and Iacoviello [2], which offers a precise tool to quantify geopolitical tensions and supports deeper empirical analysis. Research shows that GPR has a profound impact, often exceeding that of traditional economic risks. For instance, Triki and Ben Maatoug [26] highlight how elevated GPR triggers a flight-to-safety effect, driving investors away from equities toward safe-haven assets like gold, which depresses stock prices and heightens market instability. This effect is compounded by findings from Balcilar et al. [34], who demonstrate that GPR not only increases stock market volatility but also extends its duration, adding a persistent layer of uncertainty that conventional risk models struggle to capture. Demirer et al. [35] also emphasize GPR’s broader role in shaping global stock market dynamics and influencing asset pricing, pointing to its systemic importance across markets. Together, these insights reveal that GPR is not just a temporary disruption but a fundamental force that reshapes financial ecosystems, with lasting effects on asset classes and market behavior worldwide.
2.2.3 Evidence from China
In emerging markets like China, GPR interacts with local dynamics to shape financial outcomes in complex ways. Research shows that GPR significantly increases the downside tail risk of Chinese equities, raising the likelihood of extreme losses during periods of heightened tension [36]. This elevated risk environment may explain the ‘low-exposure premium’ identified by Zhang et al. [3], where firms with limited GPR exposure achieve higher returns amid geopolitical stress. Additionally, Pan et al. [4] find that GPR amplifies inter-sectoral volatility spillovers, highlighting the nonlinear and interconnected nature of market responses. Together, these studies underscore GPR’s multifaceted influence on Chinese markets, offering critical insights for risk management.
2.2.4 Tail-risk measurement
Traditional systemic risk metrics, such as CoVaR [5] and the spillover index [37, 38], typically focus on mean-variance relationships, overlooking tail dependencies. Recent studies leverage quantile-based methods to address this gap. Zhao et al. [31] show that inter-market contagion varies significantly between normal and extreme conditions, validating the use of quantile approaches for extreme risk analysis. Compared to standard vector autoregression, the QVAR-based framework excels at capturing asymmetric and dynamic tail transmissions, particularly during large-scale disruptions [18, 19]. These developments enhance our understanding of GPR’s impact on extreme financial outcomes [13].
In summary, the literature confirms that GPR exacerbates tail risk by amplifying uncertainty, curbing risk tolerance, and intensifying contagion effects. Yet, a comprehensive quantile-based exploration of China’s equity market remains scarce, particularly regarding variations in extreme risk transmission. While CoVaR and mean-variance frameworks provide value, they fall short in elucidating the specific mechanisms of tail events triggered by geopolitical shocks. Addressing this gap, our study employs a QQ connectedness approach to precisely delineate how GPR influences the tail-risk distribution of Chinese stocks, enriching theoretical insights and offering practical guidance for mitigating downside risks.
3 METHODOLOGY AND DATA
3.1 Methodology
Building upon the quantile connectedness framework by Chatziantoniou et al. [39] and extending the quantile-on-quantile advancement introduced by Gabauer and Stenfors [13], this study employs a QQ connectedness approach to investigate the dynamic interplay between GPR and the tail risks of 18 industries in China’s stock market. Such a model is particularly well-suited for capturing quantile-specific interdependencies and nonlinear spillovers among GPR and industrial tail risks across different market conditions.
We consider a [image: It seems like there was an issue with uploading the image. Please try uploading the image again, and I will assist you with the alternate text.]-dimensional vector [image: Please upload the image or provide a URL so I can generate the appropriate alternate text for it.] of endogenous variables that includes the GPR index and tail risk measures for 18 industry sectors in the Chinese stock market (hence [image: Please upload the image so I can help you generate the alt text.] = 19). At a given quantile level [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] in [0,1], the QVAR(p) model can be written as Equation 1:
[image: Mathematical equation showing \( x_t = \mu(\tau) + \sum_{j=1}^{p} B_j(\tau)x_{t-j} + u_t(\tau) \). It is labeled as equation (1).]
where [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] is the lag order of the VAR, [image: The expression shows a function notation with the Greek letter mu, denoted as \( \mu(\tau) \), where tau is the variable of the function.] is a [image: It seems like you are referencing a mathematical expression from an image. The expression "k × 1" indicates a column vector with "k" rows and one column, often used in linear algebra. If you upload the actual image, I can provide a more detailed description or confirm its content.] vector of quantile-specific intercepts (conditional means), [image: The image shows the mathematical notation \( B_j(\tau) \), where \( B_j \) represents a function indexed by \( j \) and \(\tau\) is the variable of the function.] are [image: Please upload the image or provide a URL, and I will help you generate the alternate text. If there is any additional context or information you want to provide, feel free to add that as well.] coefficient matrices at lag [image: Please upload the image or provide a URL so I can generate the alternate text for you.], and [image: Formula notation presenting \( u_t(\tau) \), typically indicating a function or value \( u \) at time \( t \) with parameter \( \tau \).] is a [image: Please upload the image or provide a URL so I can help you generate the alt text.] vector of residuals at quantile [image: Please upload the image or provide a link to it, and I will generate the alternate text for you.]. In our setup, all components of [image: Please upload the image or provide a URL, and I will help generate the alt text for you.] (GPR and the 18 industrial tail risk variables) are treated as endogenous. The QVAR framework thus enables modeling of the dynamic interactions between GPR and industrial tail risks at the [image: It seems like the image did not come through. Please upload the image directly or provide a URL so I can generate the alternate text for it.]-th quantile of their joint distribution. Following the Wold decomposition theorem, the above QVAR can be transformed into an equivalent quantile vector moving average (QVMA) representation in Equation 2:
[image: Equation showing a mathematical model: \( x_t = \mu(t) + \sum_{j=1}^{p} B_j(t)x_{t-j} + u_t(t) = \mu(t) + \sum_{s=0}^{\infty} A_s(t)u_{t-s}(t) \).]
where [image: Text showing a mathematical expression: \( A_i(\tau) \).] are [image: It seems like a placeholder was provided instead of an image. Please upload the image or provide a URL, and I can help generate the alternate text for it.] coefficient matrices in the moving-average form. These [image: The image shows the mathematical notation \( A_i(\tau) \), which represents a function \( A \) applied to the variable \( \tau \), with a subscript \( i \).] matrices describe how a unit shock at the [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] quantile propagates through the system over time. The Wold expansion thus converts the QVAR into an (infinite-order) QVMA form, which facilitates analysis of the dynamic effects of shocks across different quantile conditions and forms the basis for measuring spillover effects and connectedness among the variables.
Next, to quantify how shocks emanating from one variable affect the forecast error variance of another, the present study applies the generalized forecast error variance decomposition (GFEVD). Specifically, for a forecast horizon of [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] periods, the fraction of the forecast error variance in variable [image: It seems there was an issue with the image upload. Could you please try uploading the image again? If you have a specific caption or context, feel free to include that as well.] attributable to shocks in variable [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] at quantile [image: It seems there was an error in uploading the image. Please try uploading the image again or provide a URL if it is hosted online.] is given by Equation 3:
[image: Mathematical equation showing the expression for \( \beta_{i \rightarrow j, \mu}^{k \rightarrow l} (F) \). The equation is a fraction with a complex sum in the numerator and denominator, involving variables \( e \), \( A \), \( H \), \( \tau \), and exponents. It also contains a subscript notation and is labeled as Equation (3).]
where [image: Mathematical notation displaying a function \(\phi_{i \leftarrow j, \tau}^{g}(F)\), where \(g\) is a superscript, and \(i \leftarrow j, \tau\) are subscripts followed by \(F\) in parentheses.] denotes the fraction of variable [image: Please upload the image, and I'll help generate the alternate text for it.]’s [image: Please provide an image or specify the URL, and I will generate the alternate text for you.]-period ahead forecast error variance that is attributable to shocks in variable [image: Could you please upload the image or provide more context? This will help me generate accurate alternate text for you.] (at quantile level [image: It seems there is a technical issue or the image was not uploaded properly. Please try uploading the image again, or provide a URL and a description if possible.]). Here [image: Mathematical expression showing covariance notation: \( H(\tau) = \text{Cov}[u_t(\tau), \).] is the covariance matrix of the shock vector [image: I'm sorry, I cannot process the image directly from the text. Please upload the image file, and I can assist with creating alternative text.], with [image: Mathematical expression featuring the function \( H_{ii}(\tau) \), where \( \tau \) represents the variable of the function, and \( ii \) indicates a specific subscript notation.] being the variance of the shock to variable [image: Please upload the image or provide a link to it, and I can help generate the alternate text for you.]. [image: Please upload the image or provide a URL, and I will help you generate the alternate text.] and [image: Please upload the image or provide a URL for me to generate the alternate text.] are [image: Please upload the image or provide a URL so I can generate the alternate text for it.]-dimensional selection unit vectors (with a one in the [image: Please upload the image you want me to describe by clicking on the "Upload" button or providing a URL. If you add a caption, it can help provide additional context.]-th or [image: Sure, please upload the image you want me to generate alternate text for.]-th position and 0 elsewhere) that pick out the respective elements. The use of a generalized FEVD [40] ensures that the variance decomposition is invariant to the ordering of variables in the system.
Based on the above variance decomposition, we proceed to construct the pairwise and system-wide connectedness measures. We first normalize the GFEVD contributions to obtain a relative influence of each shock. The normalized (or “scaled”) variance share of shocks from [image: Please upload the image or provide a URL for me to create the alternate text. You can also add a caption for context if needed.] in explaining the variance of [image: I can't see the image you're referring to. Please upload the image or provide a URL, and I'll assist you with the alt text.] is defined in Equation 4:
[image: A mathematical expression labeled as equation four shows \( gSOT_{i,j,k}(F) = \frac{\phi_{i,j,k}^{\beta}(F)}{\sum_{k=1}^{K} \phi_{i,j,k}^{\beta}(F)} \).]
which represents the proportion of [image: Please upload the image or provide a URL for me to generate the alternate text.]’s forecast error variance (at horizon [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.] and quantile [image: Please upload the image so I can help generate the alt text for it.]) contributed by shocks originating from variable [image: It seems like there was an error in uploading the image. Please try uploading the image again, and I will be happy to help you generate the alternate text.]. By construction, we have [image: Summation from j equals 1 to k of g multiplied by SOT subscript i←j, τ of F equals 1.] for each [image: Please upload the image so I can help generate the alternate text for it.], meaning the contributions of all [image: It seems there was an error with your request. Please upload the image or provide a URL, and I will help you generate the alternate text.] variables (including [image: Please upload the image you would like to generate alternate text for.] itself) to the variance of [image: It seems there was an error in uploading the image. Please try again by clicking the image upload button, and I will help generate the alt text for it.] sum up to 100%. Using these normalized contributions, we then calculate the directional connectedness indices, which characterize each variable’s influence on others and its vulnerability to shocks from others.
The “TO” directional connectedness of variable [image: Please upload the image or provide a URL so I can generate the alt text for you.] measures the overall impact of shocks in [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.] on all other variables. It is computed as Equation 5:
[image: Equation 5 shows \( S^{geo,D}_{i \rightarrow t} = \sum_{k=i+1}^{k} gSOT_{k,i \rightarrow t} \).]
which sums the normalized contributions of [image: Please upload an image or provide a URL so I can generate the appropriate alt text for you.]’s shocks to the variance of every other variable [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.] ([image: Please upload the image or provide a URL for me to generate the alternate text.]).
Conversely, the “FROM” directional connectedness of variable [image: Please upload the image or provide a URL for it, and I will help generate the alternate text.] captures the total influence of shocks from all other variables on [image: Please upload the image so I can help generate the alternate text for it.]’s variance, as shown in Equation 6:
[image: Mathematical equation representing the sum from \(k = \text{{Lead}}\) to \(k = t - 1\) of \(gSOT_{k-1, t}\) is equal to \(gen_{t, \text{{from}}}^i\). It's labeled as equation (6).]
which is the aggregated portion of the forecast error variance explained by shocks from all other [image: The expression "k minus one" in mathematical notation format.] variables. These two metrics [image: Mathematical notation depicting \( S^{gen, to}_{i \to \cdot, \tau} \).] and [image: Mathematical notation showing an expression: S subscript i left arrow dot comma tau, with gen and from in superscript.] indicate, respectively, how much variable [image: Please upload the image or provide a URL for me to generate the alt text.] contributes to volatility in the system and how susceptible [image: It seems there was an error in uploading the image. Please try uploading the image again, and I will help you generate the alternate text for it.] is to spillovers from the rest of the system.
Finally, we derive the Total Connectedness Index (TCI) to gauge the overall interconnectedness of the system at quantile level [image: It seems there is no image attached. Please upload the image or provide a URL, and I will create the alt text for you.]. The TCI is defined as the average of the off-diagonal spillover contributions (with an adjustment factor to account for self-contributions), given by Equation 7:
[image: Equation for Trade Complementarity Index (TCI) involving summation terms: TCI of F equals k over k minus one times the sum from one to k of S sub g e n comma from over S sub n comma T. This is equal to k over k minus one times the sum from one to k of S sub g e n comma to over S sub n comma T, labeled as equation seven.]
This adjusted TCI measures the proportion of the total forecast error variance in the system that is due to cross-variable shocks (i.e., spillovers), as opposed to idiosyncratic (own) effects. A higher [image: Italicized text showing the abbreviation "TCI" followed by a subscript "t".] indicates a more strongly connected system at the [image: Please upload the image you would like me to generate the alternate text for.] quantile. By evaluating the TCI at tail quantiles, we can capture how extreme market conditions affect the overall spillover intensity.
For the empirical implementation, we calculate the above connectedness measures within a rolling-window framework to uncover their evolution over time. In practice, we re-estimate the QVAR model on a moving sample window of fixed length, and compute the GFEVD for a forecast horizon of [image: It seems like the image did not upload correctly. Please try uploading the image again, and I will help generate the alternate text for it.] periods at each window. The window size and the lag order p of the QVAR are chosen using the Bayesian Information Criterion (BIC) to ensure a balance between model fit and parsimony. This procedure generates time-varying connectedness measures, encompassing TCI and directional connectedness, that reveal how linkages between GPR and Chinese industries’ tail risk evolve over time.
3.2 Data
3.2.1 Global geopolitical risk
The data comprises the GPR index and eighteen industry-specific tail systemic risk indicators as the principal variables. The GPR index, developed by Caldara and Iacoviello [2], measures geopolitical tensions by surveying the frequency of newspaper articles reporting disruptive geopolitical events, such as wars, terrorist threats, and heightened military conflict, and weighting them against the total number of news reports. Higher GPR values imply higher degrees of geopolitical tension. The sample spans 2010–2023, a period marked by multiple significant geopolitical disruptions.
3.2.2 Tail risk
To capture extreme downside linkages between each industry and the market, the study constructs eighteen industry-level tail risk indicators. Specifically, for each of the 18 major industries in China’s A-share market, the lower-tail dependence ([image: Greek letter lambda with subscript L.]) between that industry’s returns and the broad market is estimated via the Symmetrized Joe–Clayton (SJC) copula model [41]. This model efficiently handles asymmetric dependence in the upper and lower tails, focusing on downside co-movements for systemic risk analysis. A higher [image: It appears you attempted to describe an image using a mathematical expression. If you have an image to describe, please upload it or provide more context so I can assist you better.] implies an industry is more susceptible to market crashes, reflecting heightened systemic vulnerability. Each [image: The image displays a lowercase Greek letter lambda with a subscript L.] series is obtained using rolling windows of daily returns, permitting time variation in tail dependence. The daily stock price data are sourced from Wind and CSMAR databases, with the Shanghai Stock Exchange Composite Index serving as the market proxy. Each tail risk indicator lies between 0 and 1, where larger values signal greater systemic risk in the left tail.
3.2.3 Summary statistics
Table 1 presents key descriptive statistics for the GPR index and the 18 industrial tail risk measures from 2010 to 2023, including means, variances, skewness, kurtosis, the Jarque–Bera (JB) normality test, and the Elliott–Rothenberg–Stock (ERS) test for unit roots. On average, the GPR index stands at 4.567 with a variance of 0.060, reflecting substantial volatility relative to the tail risk variables, whose variances range from 0.001 to 0.005. Mean tail risk coefficients typically lie between 0.293 and 0.408, suggesting that roughly 30%–40% of an industry’s downside losses coincide with market downturns.
TABLE 1 | Summary statistics.
[image: Table listing various risks with statistical data across columns for Mean, Variance, Skewness, Excess Kurtosis, JB, ERS, Q(20), and Q2(20). Significance levels are noted by asterisks, indicating 10%, 5%, and 1% levels, respectively.]Statistical tests confirm that the GPR distribution is highly non-normal, with a right skew of 1.277 and kurtosis of 3.245. By contrast, the tail risk indicators generally exhibit mild negative skewness and somewhat lower kurtosis, often indicating flatter distributions compared to the normal benchmark. Moreover, Jarque–Bera tests overwhelmingly reject normality for both GPR and most tail risk series. ERS unit root tests suggest that GPR and a majority of the industrial tail risk measures are stationary, allowing the study to proceed without marked concerns over non-stationarity.
3.2.4 Temporal patterns in GPR and industrial tail risk
Figure 1 plots the normalized time series of GPR alongside the eighteen industrial tail risks. Notably, in mid-2015, a significant domestic equity market crash in China drove sharp spikes in industry-wide tail risk, but GPR remained relatively subdued, implying a primarily domestic rather than geopolitical event. In early 2020, the COVID-19 pandemic triggered a generalized increase in tail risk and a moderate uptick in GPR. The Russia–Ukraine conflict in early 2022 propelled GPR to its highest level, again elevating industrial tail risk. These episodes demonstrate that geopolitical shocks typically coincide with concurrent increases in GPR and tail risk. In contrast, episodes driven by internal market factors exert a stronger effect on tail risks without substantially altering geopolitical risk.
[image: Line chart titled "GPR and Industry Tail Systemic Risk Indicators (2010-2023)" showing normalized data from various indicators, including GPR, ANF, COM, and EDU, among others. The chart displays fluctuating lines from 2010 to 2023, with noticeable peaks in 2020 and 2022. The legend lists all indicators on the right.]FIGURE 1 | Time-varying of GPR and the eighteen industrial tail risks.
3.2.5 Pearson correlation
Figure 2 presents a Pearson correlation heatmap for GPR and the tail risks. Correlations among the tail risks are predominantly high and positive, approaching 1, suggesting a common driver of systemic risk across sectors. By contrast, correlations between the GPR index and each tail risk remain low, mostly near zero or mildly positive, signifying a minimal linear relationship. This low correlation underscores the necessity of employing the QQ connectedness approach to detect non-linear and asymmetric linkages, especially under severe market or geopolitical conditions.
[image: A Pearson correlation matrix with variables listed on the x and y axes. Circle sizes and colors represent the strength and direction of correlations, ranging from dark orange (strong positive) to dark blue (strong negative). A legend on the right indicates correlation values from negative to positive.]FIGURE 2 | Correlation matrix between GPR and the eighteen industrial tail risks.
4 EMPIRICAL ANALYSIS
This section presents the empirical findings on the interconnectedness between GPR and the tail risk of 18 industries within the Chinese stock market across various quantiles. First, we examine the Quantile-on-Quantile Total Connectedness (TCI) to evaluate the connectedness of GPR and tail risk across all industries under different quantiles. Second, we employ the Net Quantile-on-Quantile Total Directional Connectedness (NET) to identify whether each industry acts as a net risk sender or receiver. Third, we focus on the Dynamic Correlation Total Connectedness (DYNAMIC) to highlight how these interdependencies evolve in response to major geopolitical events. Robustness checks are discussed at the end.
In this study, the 18 industries are categorized into three distinct groups to reveal the paths of risk transmission and potential tail interlinkages under geopolitical shocks. This classification is based on each industry’s functional positioning, upstream and downstream linkages, and overall contribution to the economy, aligning with official standards such as the Guidelines for Industry Classification of Listed Companies (2012 Revision) issued by the China Securities Regulatory Commission and the three-sector classification framework in GB/T 4754-2017 by the National Bureau of Statistics. Specifically, the dominant industries encompass Manufacturing (MFG), Mining (MIN), Comprehensive (COM), Information Transmission, Software, and Information Technology Services (ITSI), and Scientific Research and Technical Services (SRTS). The basic support industries include Agriculture, Forestry, Animal Husbandry, and Fishery (AFAHF), Culture, Sports, and Entertainment (CSE), Finance (FIN), Transportation, Storage, and Postal Services (TSPS), Leasing and Business Services (LBS), and Real Estate (RE). Modern service industries comprise Electricity, Heat, Gas, and Water Production and Supply (EHGW), Construction (CON), Wholesale and Retail Trade (WRT), Accommodation and Catering (A&C), Water Conservancy, Environment, and Public Facilities Management (WEPFM), Education (EDU), and Health and Social Work (HSW). This structured classification not only clarifies how different industries interact within the economy but also strengthens the analysis of how geopolitical shocks propagate through these interconnected sectors.
We use a QQ connectedness model with a 24-month rolling window, a lag length of one based on the Bayesian Information Criterion, and 20-step-ahead forecasts. In each heat map, the left and right vertical axes represent quantile distribution levels, while the color bar shows total or net spillover intensity. Warmer shades signal stronger connectedness among variables. By examining diverse quantiles, we detect asymmetric spillover effects. Concurrently, time-series plots position time on the horizontal axis, unveiling the temporal evolution of spillovers and distinguishing behaviors in both positive and negative tail risks.
4.1 Quantile-on-quantile total connectedness analysis (TCI)
The TCI measures the connectedness between GPR and the tail risk of 18 industries in the Chinese stock market under varying quantile conditions. By examining TCI at multiple quantile levels, we gain deeper insights into how geopolitical risk shapes extreme market outcomes under both mild and acute stress scenarios. Specifically, we focus on the extreme quantiles (τ = 5% and τ = 95%) to capture the upper and lower bounds where geopolitical shocks may induce pronounced tail interdependencies.
Within the dominant industries group (MFG, MIN, COM, ITSI, and SRTS), as depicted in Figure 3, we observe notably elevated TCI values at extreme quantiles. MFG exhibits TCI values of 87.9 and 78.9 at τ = 5% and τ = 95%, respectively, surpassing other industries due to its profound integration with global supply chains. Once geopolitical factors exert negative impacts on international trade via tariffs or export embargoes, manufacturing typically experiences amplified tail volatility. MIN follows a comparable pattern, with TCI values of 83 and 77.9 under extreme conditions, aligning with the notion that mineral and energy resources are strategically sensitive to global political turmoil. Meanwhile, COM sometimes surpasses MFG at specific extreme quantiles, such as 90.2 and 83.3, reflecting the diversified business structure that allows risks to accumulate across multiple segments. ITSI and SRTS exhibit TCI values ranging from 82.8 to 85.3, reflecting their vulnerability to intensified global IT competition, external blockades, or policy frictions in critical research areas, thereby heightening their tail risk exposure. These findings suggest that highly globalized or resource-dependent industries may benefit from tailored stress-testing mechanisms to counter trade barriers and sanctions [18]. Moreover, preempting conflicts by enhancing supply chain diversification or reducing leverage risk emerges as a prudent strategy [20].
[image: Five heatmaps display TCI scores for different categories: MFG, MIN, COM, ITS, and SRTS. Each map shows a grid with numerical values, shaded in varying intensities of blue, reflecting the score magnitude. Higher values correspond to darker shades. The vertical and horizontal axes are labeled accordingly.]FIGURE 3 | Average quantile-on-quantile connectedness between GPR and the tail risk of the dominant industries.
For the basic support industries group (AFAHF, CSE, FIN, TSPS, LBS, and RE), as shown in Figure 4, TCI values remain moderately elevated, typically spanning 75–85 at extreme quantiles. Notably, AFAHF can reach 85–85.4 at τ = 5% and τ = 95%, underscoring pronounced tail linkages when agricultural products and trade policies serve as geopolitical bargaining chips. Similarly, CSE reaches 86.9 and 81.7 in tail scenarios, indicating that policy frictions or ideological clashes can abruptly impair cultural exports, intellectual property transactions, and cross-border activities. FIN sustains TCI values of 80.6 and 77.5, a relatively tempered range, yet demonstrates capacity for rapid risk repricing via global capital flows. TSPS occasionally ascends to 86.6 and 77.4, mirroring vulnerabilities in international shipping routes and sentiment-driven freight rate volatility. LBS and RE exhibit analogous fluctuations, hovering between 83 and 88, stemming from their dependence on foreign investment, cross-border mergers, and financing channels, which can shift dramatically amid escalating geopolitical tensions. These observations imply that finance, logistics, and real estate sectors may propagate geopolitical turbulence into broader market volatility. Regulators might thus prioritize monitoring cross-border capital flows and high foreign-investment projects, implementing dynamic margin or liquidity measures during rapid GPR escalations to curb shock amplification [19].
[image: Heatmap grid of six sections showing correlation values between different indices labeled as AFAMF, CSE, FIN, TSPS, LBS, and RE against TCI. Each section displays a range of values indicated by shades of blue, representing the strength of correlations. Higher values are typically in darker shades, and charts are labeled on axes with relevant metrics.]FIGURE 4 | Average quantile-on-quantile connectedness between GPR and the tail risk of the basic support industries.
Lastly, the modern service industries group (EHGW, CON, WRT, A&C, WEPFM, EDU, and HSW) generally manifests lower TCI levels relative to other groups. As illustrated in Figure 5, EHGW attains 86.7 and 79.7 at τ = 5% and τ = 95%, evidencing downstream ripple effects from international energy constraints. CON records TCI values of 84.3 and 76.1 under extreme conditions, partly influenced by domestic policy cycles and geopolitical uncertainties in overseas infrastructure ventures. WRT achieves 85.1 and 79.3 at extreme quantiles, propelled by abrupt supply chain disruptions and consumer sentiment shifts during exceptional events. Conversely, A&C, WEPFM, EDU, and HSW typically register TCI values below 75 at median quantiles, suggesting reduced sensitivity to cross-border shocks. Although less reactive to external perturbations, these industries can still amplify market volatility under extreme conditions via demand and cost channels. To mitigate potential tail risk transmission, regulators could bolster resilience through tax incentives, liquidity support, or digital transformation initiatives, while ensuring coordination with traditional sectors to prevent localized constraints from escalating into systemic spillovers [23].
[image: Grid of seven heatmaps titled EHGV, CON, WRT, AAC, WEPM, EDU, and HSW, each paired with TCI. Each heatmap displays numerical values ranging from 15.1 to 69.4 on a blue color gradient, with darker shades indicating higher values. The heatmaps compare the TCI metric against variables like CWP, CON, VST, AAC, WEPM, EDU, and HSW, with notable variations in intensity. Data labels are present on the x and y axes to indicate specific metrics and reference points.]FIGURE 5 | Average quantile-on-quantile connectedness between GPR and the tail risk of the modern service industries.
In summary, we identify a distinctive “U-shaped” quantile dependence, with the left (τ = 5%) and right (τ = 95%) tails exhibiting peak sensitivity to GPR, while median quantiles remain comparatively stable. Additionally, a slight asymmetry arises when some industries exhibit a more pronounced jump in the left tail than in the right tail. Consequently, relying solely on average or median metrics risks underestimating extreme risk vulnerability [21]. Geopolitical risk exerts a significant amplifying effect under extreme market conditions, with the degree of impact contingent on each industry’s level of internationalization, resource dependency, and supply chain geopolitical exposure.
4.2 Net quantile-on-quantile total directional connectedness analysis (NET)
To elucidate the direction of risk flow between GPR and the tail risks of 18 industries, we employ net quantile-on-quantile total directional connectedness (NET), where NET>0 denotes a net “risk sender” and NET<0 denotes a net “risk receiver.” Empirically, the largest NET values often appear when one variable is at an extreme quantile (5% or 95%) and the other is at a median quantile (around 50%), or vice versa.
In the dominant industries group, as illustrated in Figure 6, MFG can achieve a net value as low as −35.7, whereas MIN can drop to −36.2. When global political tensions escalate, MFG and MIN face immediate exposure to sanctions, raw material supply disruptions, and energy disputes, rendering them predominantly net risk receivers due to challenges in reallocating or transferring such shocks. Most industries in this group exhibit markedly negative NET values, indicating a strong tendency to absorb risks. For instance, COM consistently displays values around −26, reflecting the inherent challenges of mitigating geopolitical shocks across its multifaceted operations. ITSI and SRTS record NET values around −27.7 and −29.1, respectively, illustrating asymmetric global competition in intellectual property, technology exports, and advanced equipment, which constrains their ability to offload these shocks. Industries with persistent negative NET values are vulnerable to geopolitical and supply chain shocks, warranting proactive regulatory measures—such as intensified foreign investment scrutiny or strategic resource reserves in resource-reliant sectors [22]. In IT and R&D industries, governmental support for research and innovation could reduce external dependency and enhance resilience.
[image: Five heatmaps display net indices for different economic sectors: MFG, MIN, COM, ITSI, and SRTS. Each grid shows values with varying color shades, indicating different data ranges. Rows and columns are labeled, highlighting trends and comparisons within each sector's dataset.]FIGURE 6 | Net quantile-on-quantile connectedness between GPR and the tail risk of the dominant industries.
In the basic support industries group, as shown in Figure 7, NET values generally range between −15 and −25, although positive values do appear in certain quantiles. AFAHF, for example, reaches −22.2 at midrange quantiles, showing its vulnerability when agricultural products become bargaining chips in trade disputes. CSE exhibits a pronounced negative value of −25.9, driven in part by stalled cross-border cultural exchanges and entertainment exports during periods of geopolitical tension. Conversely, FIN occasionally yields positive NET values, such as +22.6, reflecting the leverage and risk transfer mechanisms embedded within financial markets—e.g., heightened speculation or credit contraction can rapidly channel external risks to the broader market. TSPS, LBS, and RE mostly range from −15 to −24, as they passively absorb logistic bottlenecks or capital flow constraints; however, policy support and partial buffers can mitigate some of the tail effects in RE. These findings imply that sectors like finance may not only receive but also send risks under certain stress conditions, emphasizing the need for vigilant cross-industry regulation of leverage cycles [42]. At the same time, strengthening transparency in financial reporting helps prevent systemic spillovers from escalating [43].
[image: Six heatmaps showing net scores for different categories labeled AFAAF, CSE, FIN, TSPS, LIBS, and RE against NET. Each heatmap uses shades of blue and brown to represent varying data values, with numeric values displayed in corresponding cells.]FIGURE 7 | Net quantile-on-quantile connectedness between GPR and the tail risk of the basic support industries.
Within the modern service industries group, as indicated in Figure 8, NET values are generally smaller in absolute magnitude, around −15 or above, indicating comparatively weaker ties to immediate geopolitical shocks and suggesting that these sectors primarily encounter risk through second-round demand or policy effects. EHGW can reach −26.2 in certain extreme scenarios, but typically remains between −10 and −20, reflecting its passive absorption of higher input costs when global energy prices surge. CON and WRT similarly fluctuate between −15 and −25. Interestingly, A&C sporadically exhibits positive NET values, e.g., 15.5, indicating that sudden contractions in consumer demand can propagate upward along supply chains, effectively making A&C a net sender under specific conditions. Meanwhile, WEPFM, EDU, and HSW remain within ±15, underscoring the domestically oriented, public-service nature of these sectors. This implies that certain modern service industries not only absorb risks but may also transmit shocks upstream. Regulators should focus on these sectors’ financing structures and exposures, using flexible contingency plans to mitigate demand-side shocks [21, 23].
[image: Seven heatmaps display network correlations labeled EHGW, CON, WRT, A&C, WBFM, EDU, and HSW. Colors range from blue to brown, indicating varying correlation strengths. Axes are labeled NET and HSW. Each heatmap shows numerical values representing correlation coefficients.]FIGURE 8 | Net quantile-on-quantile connectedness between GPR and the tail risk of the modern service industries.
NET analysis reveals that most industries—especially those with extensive global exposure, technological barriers, or resource demands—tend to act as net receivers under geopolitical stress. However, sectors like FIN and select consumer industries may become net senders in specific contexts, amplifying market volatility. This pattern intensifies when GPR hits extreme highs or lows while industry risks remain moderate, introducing abrupt external shocks that demand heightened firm- and investor-level attention. Policymakers might thus consider real-time stress tests for globally exposed sectors and targeted capital constraints in financial intermediaries to curb net risk transmission and fortify stability [21, 23].
4.3 Dynamic correlation total connectedness analysis (DYNAMIC)
Dynamic Correlation Total Connectedness (DYNAMIC) analysis traces the temporal interplay between GPR and industrial tail risks, spotlighting how major geopolitical events reshape risk network structures and offering deeper insights into connectedness drivers. We present three dynamic connectedness metrics—reverse TCI, direct TCI, and their adjusted difference—alongside their time-varying trajectories.
The dominant industry group exhibits the most striking dynamic connectedness fluctuations, peaking during pivotal geopolitical events. As shown in Figure 9, since the 2018 China–U.S. trade war’s onset, MFG has sustained elevated connectedness, surging further during the 2020 COVID-19 outbreak and the 2022 Russia–Ukraine conflict. This aligns with pronounced peaks from 2018 to 2020, followed by a sharp rise circa 2022, fueled by intensified global supply chain strains and commodity price volatility. MIN experiences similarly pronounced fluctuations from 2020 to 2022, coinciding with the Russia–Ukraine-triggered global energy crisis and oil price shocks. COM reacts strongly to key events, particularly during the 2020 pandemic and 2022 conflict escalation, reflecting large diversified firms’ exposure to systemic disruptions. Following the 2018 trade disputes and technical embargoes, ITSI has maintained persistently elevated levels of volatility, peaking again in 2020 and 2022, as technology increasingly takes center stage in geopolitical contention. Similarly, SRTS mirrors ITSI’s trend, with 2022s global tension spike amplifying tail risk connectedness, driven by uncertainties in cross-border R&D and technology export controls. These patterns mirror broader global transitions, where manufacturing and technology have become focal points in geopolitical competitions [18]. Consequently, Chinese policymakers might benefit from reinforcing cooperative frameworks or setting up cross-border risk-sharing arrangements to mitigate the impact of supply chain disruptions.
[image: A series of time series graphs titled MFG, MIN, COM, ITFS, and SRTS. Each graph displays three lines in different colors, representing revenue, income, and expense over time from 2010 to 2022. The vertical axis indicates financial metrics, while the horizontal axis shows years. Each graph's trends are visually distinct, illustrating financial changes over the given period.]FIGURE 9 | Dynamic quantile-on-quantile connectedness between GPR and the tail risk of the dominant industries.
Basic support industries exhibit moderate dynamic connectedness, yet display significant peaks around major geopolitical or macroeconomic disruptions. As shown in Figure 10, AFAHF escalates sharply since 2018, peaking during the 2018–2019 China–U.S. agricultural disputes and 2022s Russia–Ukraine-induced grain price surges. CSE spikes in 2018–2019 and 2022, often tied to cross-border copyright tensions or cultural export restrictions. FIN tracks global financial volatility, cresting during the 2015 Chinese stock market turmoil, 2018 trade clashes, 2020 pandemic, and 2022 Russia–Ukraine conflict. TSPS shows heightened connectedness in 2020 lockdowns and 2022 shipping disruptions, while LBS and RE surge from 2020 to 2022, partly due to external financial conditions and domestic policy shifts (e.g., real estate regulations). These peaks suggest that basic support industries’ volatility could amplify systemic contagion under external shocks, especially when global supply-demand and financing channels tighten. Regulators might reinforce resilience via liquidity support in agriculture, logistics, and utilities, alongside tighter oversight of overseas-financed sectors to limit spillovers [19].
[image: Six line graphs labeled AFAAF, CSE, FIN, TSPS, LBS, and RE display time series data from 2012 to 2022. Each graph shows data with green, red, and blue lines, depicting trends over time. The x-axis represents years, and the y-axis ranges from -2 to 5.5, with a key indicating reverse returns for TC Direct and TC.]FIGURE 10 | Dynamic quantile-on-quantile connectedness between GPR and the tail risk of the basic support industries.
Though the modern service industries remain relatively stable compared to other groups, they exhibit sharp, transient peaks. As depicted in Figure 11, EHGW rises notably from 2021 to 2022, lagging upstream mining but reflecting cost shocks from international energy prices. CON, sensitive to domestic real estate cycles, peaks locally in 2022 amid geopolitical shifts and the strict pandemic measures. WRT, A&C, WEPFM, EDU, and HSW spike intensely yet briefly in early 2020 due to COVID-19, reverting to lower volatility by 2021, highlighting reliance on domestic demand and policy support over international factors. Despite milder fluctuations, these sectors face disruptive shocks during global or domestic crises, as seen in early 2020s acute peaks. Temporary support measures—such as credit lines, tax breaks, and strategic digital investments—can help offset short-term cost pressures and stabilize demand [23]. Coordination with other sectors is critical to prevent localized disruptions from broadening into systemic risks.
[image: Six time series graphs depicting revenue and TCV across different industries from 2010 to 2022. Each chart represents a distinct sector: EHGW, CON, WRT, A&C, WEIPPM, EDU, and HSPW. The graphs illustrate trends with lines in green, red, and blue, representing different metrics. Axes indicate years and values, with fluctuations evident throughout the period.]FIGURE 11 | Dynamic quantile-on-quantile connectedness between GPR and the tail risk of the modern service industries.
In summary, we have three key findings: First, a “U-shaped” quantile dependence prevails between GPR and Chinese stock market tail risks, with TCI surging at τ = 5% and τ = 95% while mid-quantiles stabilize, underscoring linear correlation’s inadequacy for tail dynamics. Second, geopolitical shocks manifest asymmetrically, concentrating impacts during high-risk or stressed periods: globally integrated, resource-intensive sectors (MFG, MIN, ITSI) predominantly receive risks, while FIN occasionally sends risks, heightening market turbulence. Third, dynamic connectedness peaks during seminal events—the 2018 China–U.S. trade war, 2020 COVID-19 crisis, and 2022 Russia–Ukraine conflict—marking turning points in the GPR–industry risk network, with rising, frequent spikes since 2018 signaling growing vulnerability to geopolitical uncertainty.
4.4 Robustness tests
In this study, we performed multiple robustness tests to validate our findings. First, we applied the spillover measurement approach within the traditional generalized vector autoregression (VAR) framework of Diebold and Yilmaz [38], affirming robust connectivity between GPR and industrial tail risks (Supplementary Table A1). Replacing the SJC-copula function with the Clayton copula function [44] preserved stable connectedness (Supplementary Figures A1–A9). When we substituted the US-centric geopolitical risk index with the Chinese geopolitical risk index (GPRC_CHN), the results also remained consistent (Supplementary Figures A10–A18). These methodological variations reinforce the reliability and consistency of our conclusions across diverse paradigms.
Second, we adjusted forecasting horizons (n_fore) and rolling window sizes (window.size), as detailed in the appendix (Supplementary Figures A19–A63). Horizons shifted from 20 months to 10 and 30 months, and window lengths varied from 24 months to 12, 18, and 36 months, consistently upholding the quantile-dependent connectedness of GPR and tail risk across different time horizons. Meanwhile, quantile partitions were also altered from (0.05, 0.25, 0.50, 0.75, 0.95) to (0.10, 0.30, 0.50, 0.70, 0.90), with heightened connectivity at extreme quantiles remaining evident (Supplementary Figures A64–A72). This sustained non-linear tail dependence further validates our primary findings under alternative quantile configurations.
Finally, we analyzed the post-March 2020 period to gauge the pandemic’s influence on QQ connectedness (Supplementary Figures A73–A81). Early pandemic phases revealed intensified extreme risk fluctuations, reflecting market actors’ heightened sensitivity to geopolitical uncertainty amid global instability. As recovery progressed, tail sensitivity persisted, particularly at higher risk quantiles, confirming rapid risk escalation under uncertainty. Collectively, these tests—spanning alternative methodologies (e.g., copula functions, GVAR), GPR proxies (e.g., GPRC_CHN), and varying horizons, windows, and quantiles—affirm the robustness of our core conclusions.
5 CONCLUSIONS, POLICY IMPLICATIONS, LIMITATIONS AND FUTURE DIRECTIONS
5.1 Conclusion
The study employs the QQ connectedness approach to investigate the intricate relationship between GPR and tail risk across 18 industries of the Chinese stock market, yielding three key findings. First, the mutual linkage between GPR and tail risk in China demonstrates a pronounced U-shaped quantile dependence, with connectedness intensifying sharply at the lower and upper extremes (τ = 5% and τ = 95%) yet remaining relatively moderate around the median. This underscores a strong nonlinear pattern that traditional linear correlation models fail to capture. Second, the net connectedness analysis reveals significant asymmetry in risk transmission, particularly under extreme conditions marked by heightened geopolitical tensions or market stress. In such scenarios, industries like MFG, MIN, ITSI, and SRTS typically act as “risk receivers,” while FIN may, under specific circumstances, emerge as a “risk sender.” Finally, dynamic analysis identifies major geopolitical events—such as the 2018 China-U.S. trade war, the 2020 COVID-19 pandemic, and the 2022 Russia-Ukraine conflict—as pivotal turning points in the risk network.
5.2 Policy implications
Based on these empirical findings, the study proposes several targeted policy implications. First, regulatory bodies should establish a quantile-specific risk monitoring framework, paying particular attention to market reactions at the 5% and 95% extremes of geopolitical risk. Specifically, for dominant sectors—MFG, MIN, ITSI, and SRTS—authorities should implement preventive safeguards, for example, timely liquidity injections, before trade tensions escalate. For basic support industries such as FIN, TSPS, and RE, it is vital to monitor and mitigate potential spillover effects in order to avoid amplifying risks during geopolitical conflicts. Meanwhile, modern service industries warrant comparatively moderate regulation to encourage their stabilizing role under conditions of rising domestic demand. Second, investors should leverage the NET analysis, which suggests steering clear of sectors with heightened net risk reception, such as MFG and MIN, during periods of intensifying geopolitical risk, while remaining vigilant about possible risk spillovers from FIN under specific scenarios. Portfolio construction should fully account for the time-varying dynamics highlighted by the DYNAMIC analysis, especially the generally strengthening connectedness between GPR and various industries. Finally, government agencies should strengthen international coordination and communication channels to reduce information asymmetry and mitigate the detrimental impact of geopolitical conflicts on market sentiment. Concurrently, deepening multilateral initiatives—such as the Belt and Road—can broaden access to global markets, thereby bolstering overall economic resilience and enhancing the capacity to navigate geopolitical risks effectively.
5.3 Limitations and future research directions
Despite the robust findings, this study has several limitations. First, our analysis relies on monthly data, which may not fully capture short-term market reactions to sudden geopolitical events. Second, the SJC-copula approach, while effective for tail dependence, may not account for all forms of nonlinear interactions. Third, our focus on China limits the generalizability to other emerging markets with different institutional structures. Future research could address these limitations by: (1) incorporating high-frequency data to capture immediate market responses; (2) exploring alternative nonlinear methodologies such as wavelet analysis or machine learning approaches to enhance model flexibility; (3) extending the framework to compare multiple emerging economies for cross-country validation; (4) integrating investor sentiment indicators to disentangle behavioral factors from fundamental reactions; and (5) developing forward-looking risk measures that combine GPR with alternative data sources such as social media sentiment or satellite imagery to improve predictive capabilities in tail risk management.
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Introduction: This paper investigates risk contagion between rare earth and new energy-related metal markets, with a focus on higher-order moment risk spillovers from a co-production and co-consumption perspective. Understanding these dynamics is crucial due to the growing interdependence of these markets and their susceptibility to policy shifts and extreme events.Methods: Using higher-order moment risk measures, time-domain spillover indexes, and frequency-domain spillover indexes, we analyze return, volatility, skewness, and kurtosis risk spillovers across metal markets from 2014 to 2024. The study employs maximum pairwise spillover portfolio analysis to identify key risk transmission channels.Results: The findings reveal that return and volatility risk spillovers increase over time, while skewness risk exhibits short-term high spillovers and kurtosis risk shows long-term persistence, reflecting market sensitivity to asymmetric information and extreme events. Policy changes and major events (e.g., trade disputes, geopolitical tensions) amplify uncertainty and risk contagion. Markets with stable co-production and co-consumption relationships are identified as major risk sources. Frequency-domain analysis highlights the rare earth market’s dominant role in long- and short-term spillovers, with significant external spillover effects.Discussion: The results underscore the rare earth market's critical influence on new energy metal markets, suggesting that investors should closely monitor its dynamics to optimize risk management. The study provides policymakers and market participants with insights into risk transmission mechanisms and the systemic role of rare earths in the global economy.Keywords: co-production, co-consumption, rare earths, higher-order moment, risk contagion
1 INTRODUCTION
With the rapid development of the clean energy industry, the demand for rare earths and new energy-related metals is growing at a high rate [1]. The impact of the rare earths market on the new energy-related metals market is becoming increasingly prominent, particularly due to the unique applications of rare earths and their increasing price volatility [2,3]. Rare earth price volatility impacts the entire industrial chain and supply chain. It directly affects company costs and profits. Moreover, it can have far-reaching consequences for overall industry development. Currently, China has become the largest producer and consumer of rare earths in the world [4]. The United States, the European Union, Japan, Australia and other countries have included rare earths in their key mineral lists, and competition for the development and use of rare earths and the development of the industry chain is intensifying1. Therefore, in-depth research on the price risk spillover effect of rare earths and its impact on the new energy industry, as well as exploring the corresponding risk management strategies, is of great theoretical and practical significance [5]. This study aims to critically analyse the impact mechanism of rare earth price fluctuations on the new energy industry chain, explore risk management strategies, and provide valuable suggestions for the sustainable development of the clean energy sector.
The production-consumption relationship of rare earth elements (REEs) and metals associated with new energy sources has become increasingly complex in the clean energy sector, with the phenomena of co-production and co-consumption in particular requiring attention. Co-production refers to the simultaneous occurrence of these two elements in the production process [6], while co-consumption refers to their use together in new energy products [7]. Co-production and co-consumption make the links in the clean energy industry chain interconnected, and an impact on one link is transmitted to other links, leading to increased uncertainty in market volatility [8–11]. That is, the development of the new energy industry relies on the supply of specific raw materials, and the prices of these raw materials may be affected by fluctuations in the international market; at the same time, the consumption demand for rare earths and new energy-related metals is affected by a variety of factors such as policies, regulations and technological development. Therefore, if price fluctuations or risk spillovers occur in a certain link, they will quickly spread to the whole industrial chain, exacerbating the risk spillover effect of price fluctuations. This complex linkage and transmission effect makes the entire clean energy industry chain more vulnerable to external risks and has far-reaching implications for market volatility.
The risk contagion situation between rare earth and new energy-related metals markets is facing further changes due to policies and events. Policies have a direct impact on the development of the rare earth and new energy-related metals industry, and adjustments in import and export policies, resource extraction management, etc. May lead to adjustments in market supply and demand patterns and price volatility [12]. At the same time, some key events, such as international trade frictions and geopolitical tensions, may also affect the market and exacerbate uncertainty [13–15]. In this context, the risk contagion effect between rare earths and new energy-related metals markets is intensifying, and market participants are facing more complex market environments and risk challenges. Therefore, in-depth research on the mechanisms and factors influencing risk contagion between these two markets should take into account the impact of relevant policies and events.
In summary, this paper aims to answer the following questions: what are the characteristics of the different moments of risk spillovers between rare earth elements and the new energy sector, and what are the relevant influencing policies and events? How does the complexity of production-consumption relationships affect the evolution of pairwise risk spillovers between markets? How do risk spillovers differ in the analysis of market linkages in different frequency domains?
The empirical results show that the risk spillover between return and volatility is persistently high between 2016 and 2024. Whereas skewness risk exhibits a short-term high spillover, kurtosis risk is a long-term high spillover, reflecting the complexity of the market in dealing with asymmetric information and extreme events. When the four types of risk rose significantly, they mostly stemmed from government policy support, resource control or international competition. These policies raise market expectations of future returns while triggering an increase in short-term uncertainty, leading to frequent extreme market volatility.
In the pairwise risk premium evolution, after 2017, with the advancement of technology, changes in market demand and the gradual maturity of the relevant industrial chain, specific metals with common consumption and joint production relationships gradually evolved into a major source of risk. In the skewness and kurtosis risk premium analyses, the maximum risk premium value is significantly higher than return and volatility, suggesting the existence of strong asymmetric price volatility risk-transfer effects in the market as well as abnormal volatility connectivity in the face of external shocks.
In the comparative analysis of risky long- and short-term market correlations for each order of moments, it is found that the rare earth market exhibits a more pronounced pattern of long- and short-term correlations. This suggests that rare earths are not only affected by short-term speculative funds and market news, but also driven by long-term supply and demand, industrial policy and other factors. The existence of long- and short-term correlation patterns is of great significance for risk management and investment decisions in the rare earth market.
The contribution of this paper is: 1. To consider risk contagion between markets from the perspective of the production-consumption relationship of co-production and co-consumption. By analysing the price volatility relationship from the raw material side, this approach can capture the market dynamics at the same level in the supply chain in a more scientific way than directly linking the price of rare earth elements to the midstream and downstream industries in the new energy industry. 2. The maximum pairwise spillover index analysis carried out in this paper is able to reveal the interactions between different metals in the evolution of market prices. By examining the maximum pairwise spillover index, we can more clearly identify which materials have significant bilateral relationships with each other and which production-consumption relationships are most susceptible to potential impacts. Through an in-depth study of the maximum pairwise spillover index, we can discover more information about the operating laws of the market and thus provide a more reliable reference for future risk management and decision making. 3. By analysing the evolution of the time-frequency spillover network for different moments of the order of magnitude, it is possible to help investors and policymakers understand the changes in the market structure, and to accurately identify and quantify how rare earth elements influence the price fluctuations of new energy-related metals, thus revealing the price fluctuations, which in turn reveals the transmission mechanism and the time-continuity effects of market risks.
In the remaining chapters of the article, the paper will further demonstrate the significance of this paper by providing a literature review in Chapter 2. The methodology used in this paper is presented in Chapter 3, where readers can deepen their understanding of econometric modelling theory. Chapter 4 contains data selection and descriptive statistical analyses. Detailed empirical analyses will be developed in Chapter 5. Chapter 6 provides a summary of the findings of this paper.
2 LITERATURE REVIEW
In recent years, the research literature on rare earths has focused on analysing their importance in financial markets. For example, Baldi et al. [16] show in their paper that there is a negative correlation between rare earths price changes and the stock market performance of some clean energy indices during periods of price increases. Reboredo and Ugolini [17] empirically show that the price linkages between rare earths and other stock markets vary under different volatility mechanisms. Under low volatility rare earth stocks are linked to base metal markets, receiving and transmitting considerable price spillovers. In the high volatility scenario, rare earth prices are more strongly linked to price fluctuations in clean energy, oil and general stock markets.
With the deepening of research, the importance of higher-order moments, time-frequency spillover analysis and its related methods for the analysis of rare-earth market linkages has gradually attracted the attention of scholars. Gao and Liu [18] show empirically that the rare-earth metal (REM) market is a receiver of net spillovers from the base metal, clean energy and ESG markets. Gao et al. [5] reveal a significant higher-order moments correlation between the clean energy and rare-earth markets. In particular, wind and solar exhibit significant net spillovers of skewness and kurtosis to rare earths. These higher-order moment spillovers are time-varying and are exacerbated during major geopolitical crises such as the COVID-19 pandemic and the Russo-Ukrainian war. Ding et al. [19] use a frequency-domain spillover index methodology to find that rare-earth metals are the most susceptible to spillovers from both the clean-energy and the base-metal markets, especially in the long run. Kamal and Bouri [20] used the maximum overlap discrete wavelet transform method to decompose the original return series into different time scales and then analysed the pairwise dependence using vine-copula. The results show that the rare earth market mitigates the dependence between world equities and clean energy markets at different time scales, especially during the COVID-19 epidemic. Zheng et al. [21] examine the volatility spillover effects of the rare earth market with the crude oil, renewable energy, and high-technology markets using a wavelet analysis framework, confirming the importance of rare earths in improving the overall risk transfer of the system. These findings provide new perspectives for understanding the role of rare earths in the global economic system and provide valuable information for relevant policymakers and investors.
It is known from the findings of many scholars that there are differences in the roles of various types of rare earth elements [22–25]. The different production-consumption relationships between rare earths and metal raw materials should be considered in market linkage analyses. Metals used for the same product can be considered as co-consumption metals, and market shocks for this product will affect the price markets of both metals simultaneously. Exploring the linkages within the metals market from a co-consumption perspective can help to get a comprehensive picture of the price volatility patterns in the clean energy metals market, and also help to deepen the understanding of the relationship between the clean energy and metals markets [7]. Regarding co-production, rare earth elements are usually symbiotic, and different rare earth deposits have different rare earth element compositions, which can only be separated through smelting to form different rare earth metals or rare earth oxides [26]. Also rare earths will coexist with minerals such as iron and nickel. This concept emphasises the integrated use of mineral resources, which helps to reduce production costs and increase resource efficiency. Co-production not only makes the production chain more economical, but also promotes environmental protection as it reduces mining pressure on the environment [6]. As a result, the complexity of the two types of production and consumption patterns may make the market volatility and price changes more spillover effects, and the overall impacts of the huge market uncertainty on the industrial chain need to be thoroughly studied and effectively managed [8–11]. It can be seen that many studies mainly examine the metal market as a whole, ignoring the heterogeneity between different clean energy metal markets.
In conclusion, there has been a wealth of research on rare earth markets in recent years, but a number of areas remain worthy of attention. Currently, most of the literature focuses on analysing the overall linkages between the rare-earth market as a whole and other financial markets, and there is a lack of research on the volatility and impacts of individual rare-earth element markets, a perspective that tends to ignore the heterogeneity of the different rare-earth elements and their complexity in co-consumption and co-production with other metals. By analysing the relationship between price fluctuations in terms of raw materials, this approach captures market dynamics at the same level in the supply chain in a more scientific way than by linking rare earth prices directly to midstream and downstream industries in the new energy sector.
Further, there are still areas worth exploring under the “co-production-co-consumption” perspective. Firstly, relevant studies have mainly focused on the traditional metal market, and the dynamic correlation mechanism between rare earth elements and key metals of new energy sources has not been sufficiently explored. Furthermore, most of the existing literature is limited to the analysis of basic risk indicators such as return and volatility, and fails to examine the cross-market contagion law of extreme risk characteristics such as skewness and kurtosis. Finally, research generally lacks systematic analyses of how policy adjustments and market shocks transmit risk through the co-production-consumption channel, and in particular pays insufficient attention to the dynamic evolution of risk contagion. These limitations make it difficult for existing studies to provide comprehensive and effective theoretical support and practical guidance for risk management in the new energy industry chain under the perspective of “co-production and co-consumption”.
In view of the above, this paper analyses the time-frequency risk spillover index under the high-order moment characteristics. In this way, it reveals more comprehensively the risk transmission characteristics between rare earth elements and new energy metals in various events under the perspective of “co-production and co-consumption”. At the same time, we consider the central position of the Chinese market in the global supply chain. It is also important to study the linkages between its rare earth market and other raw materials for the new energy industry. By analysing the dynamics and trends of the Chinese market, we can reveal the role of rare earth elements in supporting the new energy industry. And, it will provide a reference for other countries and enterprises to promote the optimal allocation of global resources and the innovative development of new energy technologies.
3 METHODOLOGY
3.1 Higher-order moment risk measures
In this paper, the GJRSK model proposed by Nakagawa and Uchiyama [27] will be used to estimate the conditional volatility, conditional skewness, and conditional kurtosis characteristics of the raw materials and rare earth elements markets in the new energy sector. The model allows for asymmetric responses to positive and negative shocks and is constructed as follows (i.e. Equations 1–6):
[image: To generate the alt text, please upload the image or provide a link to it.]
[image: Mathematical formula representing a regression equation: \( y_t = \beta_0 + \beta_1 x_{t-1} + \beta_2 h_{t-1} + \beta_3 \epsilon_{t-1} I_{(x_t < 0)} \).]
[image: Mathematical expression illustrating an equation where \( s_t \) equals \( \gamma_0 \) plus \( \gamma_1 \) times \( r_{t-1} \) plus \( \gamma_2 \) times \( s_{t-1} \) plus \( \gamma_3 \) times \( r_{t-1} \) indicator function \( I(u_{t-1} < 0) \).]
[image: Mathematical equation displaying \( k_{t} = \delta_{0} + \delta_{1}r_{t-1} + \delta_{2}k_{t-1} + \delta_{3}I_{t-1}(r_{t-1}<0) \), labeled as Equation 4.]
[image: Mathematical expression displaying \( u_t = \frac{1}{h_t^1} e_t \), indicating a formula involving the variables \( u_t \), \( h_t^1 \), and \( e_t \).]
[image: It seems like there is an error or miscommunication, as you haven't uploaded an image. Please try uploading the image again or provide a URL to the image.]
Where [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you. If you have a specific caption or context, feel free to include that as well.] denotes the return of each market, calculated as [image: The formula represents the log return calculation: \( r_t = \ln(P_t) - \ln(P_{t-1}) \), where \( P_t \) is the price at time \( t \) and \( P_{t-1} \) is the price at the previous time period.]. [image: Certainly! Please upload the image you want me to generate alternate text for.] is the price of each market at time [image: Please upload an image so I can help generate the alt text for it.], [image: Lowercase letter "h" with a subscript "t".], [image: Please upload the image or provide a URL so I can help generate the alt text for it.] and [image: To generate alt text for the image, please upload the image file or provide a URL.] denote conditional volatility, conditional skewness and conditional kurtosis, respectively. [image: I'm sorry, I cannot generate alt text without accessing the specific image. Please provide the image or its description so I can help you create suitable alt text.] denotes the information set at [image: Please upload the image you'd like described, and I will generate the alt text for you.]. [image: Mathematical expression showing a function \( g(0, 1, s_t, k_t) \) in italics, likely representing a function of four variables.] is the probability density function with mean 0, variance 1, skewness [image: Please upload the image or provide a URL for me to generate the alternate text.] and kurtosis [image: Please upload the image so I can generate the alternate text for you.]. GJRSK GJRSK model can be estimated by maximising the log-likelihood function.
Empirically, the GJRSK model not only measures the magnitude of price rises and falls (e.g., how much a stock has risen or fallen), but also captures extreme changes in market sentiment (e.g., “panic selling” or “excessive speculation”). This helps investors recognise when the market is likely to be volatile or unusual, so they can adjust their strategies in advance.
3.2 Time-domain spillover indexes
The risk spillover analysis in this paper and will be based on the time-varying spillover index, which is an important dynamic connectivity measure proposed by Antonakakis et al. [28] in recent years, which no longer needs to set up a rolling window compared to the previous spillover index, and directly constructs a variance decomposition from the TVP-VAR model to effectively portray the risk spillover effect between different financial markets. Here the TVP-VAR(p) model will be written as (i.e. Equations 7, 8):
[image: Mathematical expression showing \( y_t = A_t z_{t-1} + \epsilon_t \), where \(\epsilon_t | \Omega_{t-1} \sim N(0, \Sigma_t)\). Equation is labeled as (7).]
[image: It seems you're trying to describe an equation rather than an image. If you have an image to upload, please do so. If you need help describing this equation, let me know how I can assist.]
The TVP-VAR can be transformed into its vector moving average (VMA) representation (i.e. Equations 9, 10):
[image: Mathematical equation labeled as equation nine. It represents the variable \( y_t \) defined as a function \( f \) of a product involving \( M_{t}^{-1} \), \( z_{t-k-1} \), and a summation from \( j=0 \) to \( k \) of the product \( M_{t}h_{t-j} \).]
[image: Matrix \( M_t \) is defined, with components \(( A_t, 0_{p \times m}; I_{m(p-1)}, 0_{m(p-1) \times m}) \). Vectors \(\eta_t\) and \(\iota\) are described as \((\varepsilon_t, 0, \ldots, 0)'\) and \((1, 0, \ldots, 0)'\) respectively. Another variable \( z_{t-1} \) is given as \((y_{t-1}', y_{t-2}', \ldots, y_{t-p}')'\). Equation number ten is referenced at the end.]
[image: Mathematical notation showing a vector \( A_t = (A_{1t}, A_{2t}, \ldots, A_{pt})' \), where \( A_{1t}, A_{2t}, \ldots, A_{pt} \) are components of the vector, and the prime symbol (') indicates transposition.]. [image: Please upload the image or provide a URL for me to generate the alt text.] is an [image: Please upload the image or provide a URL for the image you'd like described, along with any relevant context if necessary.] matrix, [image: Greek letter eta followed by a subscript t in italic font.] is an [image: If you provide the image or a URL, I can help create the alt text for it. If you have any specific context or details about the image, feel free to include those as well.] matrix, and [image: Please upload the image you'd like me to create alternate text for.] is an [image: It seems there was an issue with your image upload. Could you please try uploading it again or provide more context?] matrix. As [image: Please upload the image so I can help create the alternate text for it.] approaches [image: Please upload the image or provide a URL so I can help generate the alternate text for it.], Equation 9 can be written as Equations 11, 12:
[image: Equation showing the limit as k approaches infinity of the function I, involving M to the power of k plus one times z sub t minus k plus one plus the summation from j equals zero to k of M sub j times n sub t minus j. This equals the summation from j equals zero to infinity of M prime times n sub t minus j. Labeled as equation eleven.]
[image: Mathematical equation with a summation from zero to infinity for \( y \) expressed as a sum of products involving \( M_t \), \( J \), and \( B_t \). The equation for \( B_t \) is defined as \( J^T M_t \). \( y_t \) is shown as another summation using \( B_t \) and \( \varepsilon_{t-j} \).]
[image: Mathematical notation featuring an uppercase letter B with lowercase subscripts j and t.] is an [image: Please upload the image you'd like alt text for, or provide a URL if it's available online.] matrix. [image: Text reads: "GIRFs" followed by a mathematical expression with subscript "ij, t" and function "H" enclosed in parentheses, represented by Greek letter Psi (Ψ).] represent the responses of all variables [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] following a shock in variable [image: Please upload the image or provide a URL so I can generate the alt text for you.]. The differences between an [image: Please upload the image or provide a URL for me to generate the alternate text.] -step-ahead forecast can be calculated by Equations 13–15:
[image: Equation displaying the generalized impulse response function (GIRF) with variables H, δ_n, and Ω_t-1. It calculates the expected value of y_t+h given δ_n and Ω_t-1, subtracting the expected value of y_t+h given Ω_t-1. Labeled as equation 13.]
[image: Mathematical formula showing \( Y_{i,j}(H) = \frac{B_{iH} \Sigma e_{j}}{\sqrt{\Sigma \bar{E}_{iH}}} \frac{\delta_{jH}}{\sqrt{\Sigma \bar{E}_{jH}}} \), where \( \delta_{jH} = \sqrt{\Sigma \bar{E}_{jH}} \). Equation is numbered (14).]
[image: Mathematical equation showing Psi subscript mu, nu of H equals B subscript mu, nu over the square root of the sum of j equals one to L of epsilon j, labeled as equation fifteen.]
[image: It appears there might have been a mistake in your request. Please upload the image or provide a URL, and I will help generate the alternate text for it.] is an [image: If you upload the image or provide a URL, I can help generate the alt text for it.] column vector with the [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.]-th positional element being 1 and the remaining positional elements being 0 and vice versa.
Calculate [image: Mathematical expression displaying "GFEVD" with subscript \(\phi_{ij,t}\) and argument \(H\), where the i, j, and t are indices and \(H\) is likely a parameter or variable.], which represents the pairwise directional connectedness from [image: Please upload the image or provide a URL so I can generate the alt text for you.] to [image: It seems there might have been an issue with the image upload. Please try uploading the image again or provide a URL if that's more convenient. Optionally, you can include a caption for more context.] and accounts for the effect of the variable [image: It seems like there was an issue with the image upload. Please try uploading the image again, and feel free to add any context or captions if needed.] on the variable [image: Please upload the image you'd like me to generate alternate text for.] in terms of its forecast error variance share. These variance shares are normalised so that each row adds up to equal 1, which means that all variables together explain 100% of the prediction error variance of the variable. The calculations can be based on Equations 16–19:
	(1) Total connectedness index

[image: Equation for \( C_{i}(H) = \left(\frac{\sum_{j=1,j \neq i}^{m} \phi_{j,b}^{i}(H)}{\sum_{j=1}^{m} \phi_{j,b}^{i}(H)}\right) \times 100 = \left(\frac{\sum_{j=1,j \neq i}^{m} \phi_{j,b}^{i}(H)}{m}\right) \times 100 \).]
	(2) Directional spillover index

Variable [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.] from all other variables [image: Please upload the image or provide a URL for me to help you with the alternate text.]:
[image: Mathematical equation showing \( C_{j \to i}(H) = \frac{\sum_{j = 1, j \neq i}^{m} \phi_{j \to i}(H)}{\sum_{j = 1}^{m} \phi_{j \to i}(H)} \times 100 \). It is labeled as equation (17).]
Variable [image: Please upload the image or provide a URL for me to generate the alt text.] to all other variables [image: Please upload the image or provide a URL so I can help generate the alt text for you.]:
[image: Mathematical expression for \( C_{i\rightarrow j} (H) \) which is equal to the sum of \(\phi_{j \leftarrow i}^{w^*} (H)\) divided by the sum of \(\phi_{i \leftarrow i}^{w^*} (H)\), multiplied by one hundred. Equation number eighteen.]

	(3) Net spillover index:

[image: It seems you have provided a text-based mathematical formula. If you have an image you'd like to generate alt text for, please upload it or provide a URL.]
3.3 Frequency-domain spillover index
Based on Diebold and Yilmaz [29], and following Ding et al. [30], we construct a stationary VAR model as in Equation 20:
[image: Mathematical equation displaying \( y_t = \Phi(L)y_t + \epsilon_t = \sum_{i=1}^{p} \Phi_i(L)y_{t-i} + \epsilon_t \), labeled as equation (20).]
where, [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] is the n-vector of returns of China’s commodity and sectoral stock markets at time t. [image: Greek letter Phi followed by a function in parentheses, L.] and [image: It seems there was a mistake, and no image was uploaded. Please try uploading the image again or provide its URL for me to generate the alternate text.] presents the coefficient matrix and white-noise. Then, we give an infinite moving average form as in Equation 21:
[image: The equation featured expresses \( y_t = \Psi(L)y_t + e_t = \sum_{i}^{\infty} \Psi_i(L)y_{t-i} \), denoted as equation \( (21) \).]
where, [image: Greek letter Psi with subscript i.] is the infinite lag polynomial matrix when lag is [image: Please upload an image or provide a URL for me to generate the alternate text.]. Then, we calculate the GFEVD according to Equation 22:
[image: Mathematical equation illustrating the function \( g_{i}^{o}(H) \), defined as the ratio of the square of the sum from \( h = 0 \) to \( H - 1 \) of the product matrix \( \Psi_{h} \Sigma_{z} \), divided by the sum of another matrix operation involving \( \Psi_{h} \Sigma_{H} \), with constant \( \sigma_{i}^{j} \). Equation is labeled as \( (22) \).]
where, [image: Mathematical expression displaying theta subscript ij in parentheses with argument H, where theta is in italics and lowercase with superscript g.] represents the contribution of the [image: Please upload the image or provide a URL for the image you would like me to describe.]-th variable to the variance of the prediction error of the [image: It seems that the image did not upload correctly. Please try uploading the image again, ensuring it is in a supported format, such as JPEG or PNG. You can also describe the image if uploading is an issue.]-th variable at horizon [image: Please upload the image for which you need the alternate text, and I will help generate it for you.]. [image: Mathematical symbol Sigma in a bold, uppercase Greek letter form, often used to represent summation in mathematics.] is the variance matrix of errors matrix. [image: Mathematical notation of a stress tensor component, represented by the lowercase Greek letter sigma with subscripts "i" and "j".] represents the [image: Please upload the image or provide a URL so that I can help generate the alternate text for it.]-th diagonal of [image: Please upload the image or provide a URL to generate the alternate text.]. Similar to the quantile-based spillover effect, we normalized the spillover effect of each market as Equation 23:
[image: Equation representing a mathematical formula labeled as equation twenty-three. It shows \( \phi_j^i(H) = \frac{\theta_j^i(H)}{\sum_{j=1}^{N} \theta_j^i(H)} \).]
According to Diebold and Yilmaz [29], the total spillover index can be calculated as Equation 24:
[image: Mathematical equation showing Traffic Sensitivity Index \( TSI(\tau) = \frac{\sum_{i=1}^{N} \sum_{j=i+1}^{N} \omega_{ij}^{H} c_{ij}^{H}}{\sum_{i=1}^{N} \sum_{j=i+1}^{N} \omega_{ij}^{H}} \times 100 \). Equation number (24).]
According to Baruník and Křehlík [31], we decompose the time domain impulse response [image: Greek letter Psi with a subscript h.] to frequency domains by using Fourier transform as Equation 25:
[image: Mathematical equation displaying the Fourier transform expression: \( Y(e^{-j\omega T}) = \sum_{n=0}^{\infty} e^{-j\omega T n} y_n \), labeled as equation (25).]
Then we calculate frequency domains of GFEVD as Equation 26:
[image: Mathematical formula labeled as equation 26. It displays Θₖ(ω) calculated as a ratio. The numerator is σₗ̃ { ∑₀ᵢᴺ ψ(e⁻ⁱωₕ)Σy }² evaluated at x = j. The denominator is ∑₀ᵢᴺ ψ(e⁻ⁱωₕ)Σψ(e⁻ⁱωₕ) evaluated at x = i.]
Then, we can obtain the pairwise spillover as Equation 27:
[image: Mathematical equation displaying theta bar sub i of omega equals theta sub i of omega divided by the sum from j equals zero to capital J of theta sub j of omega, referenced as equation twenty-seven.]
The pairwise connectedness at the frequency band ([image: Please upload the image or provide a URL to the image so I can generate the alternate text for you.]) is calculated according to Equation 28:
[image: Mathematical equation showing the relationship \( \tilde{\Theta}_{ij}(\omega_1, \omega_2) = \int_{\omega_1}^{\omega_2} \tilde{\Theta}_{ij}(\omega) \, d\omega \), labeled as equation (28).]
We get the within net pairwise spillover between market [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] and market [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] as Equation 29:
[image: Mathematical equation expressing \( C_{\text{linet}}(\omega_1, \omega_2) = \hat{\Theta}_j(\omega_1, \omega_2) - \hat{\Theta}_i(\omega_1, \omega_2) \) with equation number 29.]
The within total spillover on the band ([image: It seems like there was an error or an incomplete image upload. Please try uploading the image again or provide a URL if available. If you have any specific context or caption, feel free to include that as well.]) is calculated according to Equation 30:
[image: Mathematical formula expressing \( C(\omega_1, \omega_2) \) as a ratio. The numerator is a double summation from \( i = 1 \) to \( M \) and \( j = 1 \) to \( N \) of \( \Theta_{ij}(\omega_1, \omega_2) \). The denominator is similar with the summations interchanged. The equation is labeled as (30).]
The within from spillover, within to spillover and net spillover can be calculated according to Equations 31–33:
[image: Equation representing a sum: \( c^{(\omega_1, \omega_2)}_{i=\text{all}} = \sum_{j \neq i}^n \Theta_j(\omega_1, \omega_2) \). It is equation number thirty-one.]
[image: Mathematical equation showing \( c^{(w_1, w_2)}_{i = \text{null}} = \sum_{j \neq i}^n \Theta_j \mu_j(w_1, w_2) \), labeled as equation thirty-two.]
[image: Mathematical equation displaying the linear interaction coefficient \(C_{\text{int}}\) as the difference between \(C^{(a,\omega,s)}_{\text{parallel}}\) and \(C^{(a,\omega,s)}_{\text{antiparallel}}\), labeled equation 33.]
A spillover index essentially measures how volatility in one market “contagiously” spreads to other markets. For example, if the price of rare earths suddenly rises as a result of policy tightening, the spillover index is able to quantify the extent and duration of the impact of this event on the price of other metals. This is like a “risk map” for investors, identifying in advance which industries are likely to fluctuate in tandem; and for policymakers, it helps to assess the potential knock-on effects of policy interventions.
4 DATA SELECTION AND DESCRIPTIVE STATISTICAL ANALYSIS
In this paper, we build on existing studies [23, 32–41], mapping key raw materials for each industry (Figure 1). Among the raw materials in the new energy industry, we focus on lithium, cobalt, nickel, copper, silicon and silver, which are mineral raw materials with strong co-production relationships, for example, cobalt seldom occurs in the form of independent minerals, and is mainly accompanied by iron, nickel, copper and other minerals; nickel is usually accompanied by minerals such as copper, iron, and platinum group metals, and the ores for the production of nickel are mainly copper-nickel sulphide ores at present; and one of the most important sources of silver is the production of copper and associated ores of lead-zinc ores, and silver is produced as a by-product of copper or lead-zinc production. Rare earth elements are symbiotic, and here we choose cerium, dysprosium, lanthanum, neodymium, terbium and praseodymium, which have wider application fields and larger consumption, as the core. The rapid development of the new energy industry has led to a sharp increase in the consumption of these metal raw materials, and the different raw materials show a clear co-consumption relationship, in which copper is widely used in wires, connectors and other components for conducting and transmitting electricity; lithium, cobalt and nickel are mainly used in battery-based energy storage devices; silver and silicon are the main materials for solar cells, which are used in the manufacture of photovoltaic cells in the main body structure; cerium, dysprosium, Cerium, dysprosium, lanthanum, neodymium, terbium, praseodymium and other rare earth elements are indispensable metal raw materials for permanent magnetic materials, hydrogen storage materials, luminescent materials and alloy materials.
[image: Diagram illustrating the relationship between various elements and industries. At the center, "Rare Earths" include Ce, Dy, La, Nd, Tb, Pr. Branches connect to "New Energy Vehicles and Energy Storage" with Co, Cu, Li, Ni; "Wind Power" with Cu, Li, Ni; and "Photovoltaic Industry" with Cu, Li, Ni, Si, Ag, Co.]FIGURE 1 | Critical raw materials by industry.
As four resources, lithium, cobalt, nickel and silver, are dependent on large imports in China for their production, meaning that their international market prices have a significant impact on domestic prices, we have mainly used the global price indices provided by the International Monetary Fund when analysing these four markets. For the remaining eight raw materials and rare earth elements, Chinese domestic market prices are used (data from WIND database). This approach not only better reflects the impact of international price fluctuations of import-dependent resources on the domestic market, but also helps to understand the risk-transfer relationship between the domestic market and the international market, thus providing insights of more practical value for policymaking and market analysis. Based on data availability, the selected sample starts and ends from May 2014 to September 2024 and contains a total of 125 sample observations. The return series for each market are obtained through logarithmic differencing. The return series is the core series studied in this paper, and descriptive statistics are provided here, while the corresponding time series are plotted, i.e., shown in Figure 2. Table 1 shows the descriptive statistics, where skewness is used to measure the asymmetry of the data distribution. Positive skewness implies that the long tail is on the right; negative skewness is the opposite. Ce (cerium) shows a significant negative skewness of −3.24, indicating that the distribution is significantly skewed to the left. Kurtosis measures how sharp or flat the data distribution is. A high kurtosis means that it is sharper (has more extreme deviations) than the normal distribution. Si (silicon) and Nd (neodymium) show very high kurtosis of 30.50 and 29.73 respectively, implying that their data distributions have high peaks. In terms of kurtosis, the values are mostly greater than 3, indicating that the data distribution has sharp peaks and heavier tails, implying that there are more extremes (outliers) in the data, indicating a higher risk. The ADF values are the results of the unit root test, and the values show that all the series are smooth. The specific descriptive statistics values are shown by Table 1.
[image: Line graph depicting fluctuations of several elements from 2015 to 2023. Each line represents a different element, identified by a legend on the left. Lines intersect frequently, indicating varying levels over time, with a notable spike around 2016.]FIGURE 2 | Time series of returns across markets.
TABLE 1 | Descriptive statistics.
[image: Table displaying statistical data for various metal markets, including Li, Co, Ni, Cu, Si, Ag, Ce, Dy, La, Nd, Tb, and Pr. Columns show values for sample size (N), maximum (Max), minimum (Min), mean, standard deviation (Std_Dev), skewness, kurtosis, and Augmented Dickey-Fuller (ADF) values. Each metal has a sample size of 125, with mean values close to zero. Skewness, kurtosis, and ADF values vary, indicating different distribution shapes and statistical properties across the metals.]5 EMPIRICAL ANALYSIS
5.1 Total spillover
Figure 3 illustrates the overall spillover index between new energy-related metals and rare earth elements based on different order moment risk analyses, with higher values indicating a higher overall correlation between rare earths and raw material markets in the new energy sector. The shaded areas mark time periods with high risk spillovers due to policy impacts. The overall trend of the risk spillover between returns and volatility shows a more consistent upward trend, especially between 2016 and 2024. However, there are three key time periods in the total spillover index on volatility risk that are worth keeping an eye on - May 2014 to June 2015, March 2020 to November 2021, and July 2022 to September 2024. There are several policies in the three timeframes that have significantly impacted the market. For example, in May 2014, China released a draft Rare Earth Industry Development Plan (2016–2020), which aims to consolidate rare earth resources, improve the efficiency of resource utilisation, and stimulate domestic and foreign investment. Although this is a medium- to long-term plan, its expected effects caused market volatility in rare earth prices during the pre-implementation discussion phase, leading to investor sentiment swings and exacerbating risk spillovers.
[image: Four graphs showing trends from 2015 to 2024. Top left: Return increases steadily. Top right: Volatility has fluctuations, peaking in 2023. Bottom left: Skewness shows two significant dips. Bottom right: Kurtosis remains relatively stable with a slight decline.]FIGURE 3 | Total spillover index.
In contrast, the number of time periods with high spillover of skewness risk is small and relatively short-lived, reflecting short-term irrational behaviour in the market, where investors may make quick decisions in the face of sudden good or bad news, leading to sharp price fluctuations in the market. However, such volatility is usually temporary and the market may quickly return to rationality as sentiment settles. Important periods of high spillover of such risks include May 2017 to May 2018 and June 2021 to March 2022. Among the typical policies are, in late December 2016, China’s Ministry of Industry and Information Technology (MIIT) and eight other departments jointly issued a circular to carry out a special operation to crack down on rare earth violations nationwide from December 2016 to April 2017 in order to further regulate the order of the rare earth market. In July 2017, the Chinese government announced that it would continue to implement the rare earth export quota system and adjust the rare earth export quota for the second half of 2017 and the first half of 2018. In addition, the state conducted a total of three rare earth storage in 2017, and the storage price was gradually increased. These policies have intensified market concerns over rare earth supply, driving up prices in the international market and increasing the risk of bias in rare earth-related materials (e.g., lithium hydroxide, lanthanum, neodymium, etc.).
Cycles of high spillovers of kurtosis risk are longer in duration, reflecting the market’s continued concern and patience with extreme situations or extreme returns. That is, when peak degree risk occurs in one market, investors may increase their alertness to potential crises, and this alertness can influence trading decisions in other markets, leading to the frequency of extreme volatility being correlated across markets. Specifically, between March 2015 and February 2024, spillover levels remain above 60% overall, suggesting that on average, more than 60% of the kurtosis risk shocks to each variable come from other variables.
Combining the timing of high spillovers for different risk types, we are particularly concerned about the period from June 2021 to November 2021, when all four types of risks show a significant uptick. Several factors drove this scenario. First, government policies supported the rapid development of the new energy industry. Second, controls on rare earth resources tightened. Third, geopolitical competition for resources intensified. For example, in 2021 China implemented regulatory measures on rare earth production. These aimed to reduce overcapacity and improve environmental protection.
According to the theory of industrial organisation, policy adjustments will directly affect the cost structure and competitive landscape of enterprises. The rare earth production restriction policy has compressed supply and pushed up raw material prices in the short term, but due to the lack of clear market expectations about the future direction of the policy, it is difficult for enterprises to form stable long-term investment decisions. This divergence in expectations has led to sharp fluctuations in investor sentiment, with prices deviating from fundamentals and triggering an overreaction in the market. In addition, as the rare earth industry has a high degree of concentration and barriers to entry, policy changes will affect downstream new energy companies through the supply chain step by step. With asymmetric information, downstream companies may stockpile inventory or adjust their purchasing strategies due to concerns about supply shortages, further exacerbating price volatility and market instability. This process fully reflects the complexity of market dynamics under changing policy environments, and confirms the logic of industrial organisation theory about the interaction of policy shocks, market structure and irrational behaviour.
5.2 Net spillover
The NET Spillover Index shows information about the direction of volatility, with a negative (positive) value meaning that a market receives (transmits) more risk spillover than it transmits (receives). Markets that show significant positive values are the main risk emitters within that system. The main risk premium emitters in the four types of risk premium systems mostly contain rare earth element markets, as described below:
Figure 4 shows a graph of net return risk spillovers. Terbium has long been the main risk emitter within the system in this type of risk. Silicon and lanthanum, on the other hand, have positive net spillover indexes until 2022, but have shifted to negative as the main risk takers in recent years. This shift may be due to multiple factors such as industry dynamics, market demand fluctuations, supply chain issues and changes in the policy environment, which have led both to show greater vulnerability to external shocks and increased sensitivity to market volatility. In contrast to silicon and lanthanum, dysprosium has a predominantly negative net spillover index until 2023, but has become an external emitter of risk in recent years. In contrast, only cobalt and cerium have had negative net spillover indexes for a long period of time, and both are highly vulnerable to fluctuations in return risk in other markets.
[image: Twelve line graphs depict trends for different elements from 2014 to 2024. Each graph is labeled with an element, including lithium (Li), cobalt (Co), nickel (Ni), copper (Cu), silicon (Si), silver (Ag), cerium (Ce), dysprosium (Dy), lanthanum (La), neodymium (Nd), terbium (Tb), and praseodymium (Pr). Variability and general trends are visible across the graphs.]FIGURE 4 | Net spillover of return.
The net volatility spillover (Figure 5) shows cobalt, dysprosium and neodymium as the main risk emitters from May 2014 to June 2015, with neodymium in particular showing extremely significant risk spillover during this period. In early to mid-2015, China implemented a series of regulatory policies targeting rare earth resources. By restricting rare earth mining and export quotas, China increased its management of this important resource. These policies triggered significant changes in supply and demand, with neodymium in particular attracting significant attention due to its key applications in new energy sectors such as NdFeB permanent magnets used in electric vehicles and wind turbines. As uncertainty about the market supply of neodymium intensified, companies and investors reacted strongly to price fluctuations in neodymium, leading to spillover of volatility risk to the new energy materials market and other rare earth element markets.
[image: Twelve line graphs displaying net import trends for various elements (Li, Co, Ni, Cu, Si, Ag, Ce, Dy, La, Nd, Tb, Pr) from 2015 to 2024. Each graph shows data spikes and fluctuations, with shaded areas indicating specific time frames. Most elements show significant variations around 2020-2022.]FIGURE 5 | Net spillover of volatility.
During the period from March 2020 to November 2021, silicon and lanthanum become the main volatility risk emitters. With the development of new energy industries such as photovoltaics, silicon as the main material for photovoltaic cells, and lanthanum with its high light-absorption capacity and wide bandgap characteristics, which can significantly improve the photovoltaic conversion efficiency, stability, and lifespan of solar cells, the co-consumption of silicon and lanthanum is becoming more pronounced, and the complementary nature of the two improves the overall efficiency of the photovoltaic system. Other new energy materials and rare earth elements are dependent on the performance of silicon and lanthanum in the supply chain, which makes them risk takers, and when silicon and lanthanum price volatility intensifies, the overall supply chain and price stability are impacted, creating a new market risk transmission mechanism.
After July 2022, a new situation emerged in the market. Copper, silver and terbium have become major volatility risk emitters, a change largely driven by the global economic recovery, green technology transition and accelerating growth in the electric vehicle industry. As renewable energy sources and electric vehicles gain popularity, the importance of copper as a key conductor in batteries, charging infrastructures and other electronic devices has risen significantly, leading to a surge in its demand. Meanwhile, increasing use of silver in photovoltaic cells and highly conductive materials has also contributed to its market volatility. Moreover, rising consumer demand for terbium, a rare earth material widely used in high-efficiency motors and green technology devices, further pushed up prices and volatility. A series of macro policies, such as national support policies for green energy and electric mobility, have increased the demand for these materials, causing their supply and demand to change, with a corresponding increase in volatility and risk, creating new market headwinds.
Skewness and kurtosis, as quantifications of extreme risk spillovers, have similar spillover patterns (See Figures 6, 7). Neodymium is the main risk emitter of skewness and kurtosis risk. This is mainly due to the high consumption and volatility of supply and demand of neodymium2, which directly affects the production cost and market price of related materials (e.g., NdFeB permanent magnets contain 25%–32% of rare-earth elements, of which neodymium accounts for more than 90%) [42]. As an important rare earth element, the mining and supply of neodymium is often affected by multiple factors such as policy, environment and international trade. Meanwhile, due to the irreplaceable nature of neodymium in permanent magnet materials, its supply elasticity is low, resulting in price fluctuations that are more easily transmitted to downstream industries, further exacerbating its volatility in the market. When the market price of neodymium fluctuates dramatically, it not only triggers investors in the new energy materials market to react quickly and adjust their investment strategies, but also causes a spreading effect of kurtosis and skewness risk in other related markets due to concerns about rising costs and supply uncertainty, thus exacerbating volatility across the market.
[image: Twelve line graphs show net element trends from 2016 to 2024 for Li, Co, Ni, Cu, Si, Ag, Ce, Dy, La, Nd, Tb, and Pr. Highlighted periods indicate specific time spans, with noticeable fluctuations in Nd compared to other elements, which remain relatively stable.]FIGURE 6 | Net spillover of skewness.
[image: Twelve line graphs showing data trends for different elements from 2014 to 2024. Elements include Li, Co, Ni, Cu, Si, Ag, Ce, Dy, La, Nd, Tb, and Pr. Most graphs show low or minimal activity except for Nd, which displays a significant decrease over time.]FIGURE 7 | Net spillover of kurtosis.
Although cerium, dysprosium, lanthanum, terbium and praseodymium are also used in new energy materials, their market demand is relatively stable and their price movements are small, lacking the dramatic volatility similar to neodymium. Cerium is mainly used in catalysts, dysprosium is used in high-temperature superconducting materials, while lanthanum, terbium and praseodymium are also mostly used in relatively niche applications, where the demand is not as concentrated and strong as neodymium’s, and thus its influence is limited and fails to create significant kurtosis risk. This difference makes neodymium more prominent as a risk emitter in the market for new energy materials.
5.3 Static spillover analysis
For static return spillover (see Table 2), the FROM column shows the sum of accepted return risk spillover. In this column, the maximum values for new energy-related metals and rare earth elements are 63.8% and 71%t for copper and terbium, respectively. They are the main recipients of return risk in their respective areas. Correspondingly, copper accepts risk mainly from nickel and silver, and terbium mainly from praseodymium and neodymium. The TO row is the sum of the market’s share of risk spillovers to other objects, and in this row we focus on nickel and dysprosium, which are the main senders of volatility and to which markets should pay extra attention for the impact of spillover yield risk. The NET row shows the difference between the sum of the columns and the sum of their own rows, which provides the share of net volatility shocks, with a maximum value of 18.6 percent for silicon and a minimum value of −31.5 percent for cerium.
TABLE 2 | Static spillovers of return.
[image: A table displaying values for various metals markets, including Lithium (Li), Cobalt (Co), Nickel (Ni), Copper (Cu), Silicon (Si), Silver (Ag), Cerium (Ce), Dysprosium (Dy), Lanthanum (La), Neodymium (Nd), Terbium (Tb), and Praseodymium (Pr). The values are arranged in a grid, with totals (TO) and net (NET) calculations at the bottom, each indicating specific numeric data. The rightmost column titled "From" features comparative data, with figures like 60, 57.6, and 61.9.]In terms of volatility (see Table 3), some of the values in the “FROM” column are slightly above returns, represented by silver and terbium, which receive the most volatility risks. Silver is particularly exposed to the volatility of copper and terbium, which we consider to be due to the co-consumption and co-production of silver, copper and terbium, mainly in electronics and high-tech applications. Silver and copper are widely used in electrical conductors, while terbium, a rare earth element, often plays an important role in electronic devices such as fluorescent displays and computer memory components. The smelting of copper ores is often accompanied by the extraction of silver in the production process. In addition, market dynamics of copper and terbium can influence the demand for silver, e.g., fluctuations in copper prices can lead to changes in the cost of electronics, which in turn affects silver consumption. Thus, the interrelationship between the three not only promotes the integrated utilisation of resources, but also creates a strong link at the technical and market levels. The volatility risk of terbium, on the other hand, arises mainly from lithium and dysprosium, which play an important role in the new energy and high-tech industries, with lithium being a key component of lithium-ion batteries and dysprosium being an important rare earth element used in the manufacture of high-performance permanent magnet materials.
TABLE 3 | Static spillovers of volatility.
[image: A table titled "Metals markets" showing data for various metals including Li, Co, Ni, Cu, Si, Ag, Ce, Dy, La, Nd, Tb, and Pr. Columns indicate metals, while rows indicate the percentage or metric values of each metal relative to others in the market. The last row summarizes with totals labeled TO and NET, showing a NET value of 21.9 for the "From" column. Values vary across the table, reflecting data for each metal's presence or trade value relative to other listed metals.]Compared to the first two types of static spillovers, the static spillovers of skewness and kurtosis are a more intuitive reflection of the dominant role of neodymium in extreme risk spillovers, with significantly higher values of external spillovers than in other markets (see Tables 4, 5). In skewness risk, neodymium mainly affects nickel and terbium. In the kurtosis risk scenario, neodymium mainly affects cobalt and praseodymium. The impact of neodymium on nickel and terbium in the skewness risk spillover scenario reflects the asymmetric response of the market to the technological applications of these metals. Nickel, as an important component of battery materials and alloys, is susceptible to fluctuations in neodymium supply, leading to skewed price movements, while terbium’s importance in photovoltaic applications makes it highly sensitive to changes in neodymium supply and demand, which in turn leads to skewness risk spillovers. In comparison, kurtosis risk spillover focuses on the fatness of the tails of the return distribution, indicating a higher probability of extreme events. The impact of neodymium is more pronounced for cobalt and praseodymium, with cobalt having a strong correlation with neodymium market dynamics in the context of high demand scenarios from the electric vehicle industry and new energy industry. Praseodymium and neodymium are both light rare earth elements with a close co-production relationship, and the rapid increase in neodymium consumption has created a surplus in the praseodymium market [26]. When the supply of neodymium fluctuates, especially in the event of production disruptions or policy adjustments, the supply and price of cobalt and praseodymium are also affected, leading to extreme price volatility in their markets, reflecting a clear kurtosis risk spillover effect.
TABLE 4 | Static spillovers in skewness.
[image: Table displaying the interactions of various metals in markets, with columns for different elements like Lithium (Li), Cobalt (Co), and Nickel (Ni), among others. Values represent percentage compositions, with highlights including 57.4% for Cobalt in Co, 66.3% for Copper in Cu, and 98.2% for Cerium in Ce. The table is organized by rows and columns categorizing metals and their market interactions.]TABLE 5 | Static spillovers in kurtosis.
[image: Table showing metal market data with various metals listed as both row and column headers, including Li, Co, Ni, Cu, Si, Ag, Ce, Dy, La, Nd, Tb, Pr. The table displays numerical values at the intersections, representing quantities or percentages. The bottom row has totals (TO) and net values (NET).]5.4 Evolution of the maximum pairwise spillover index
As mentioned earlier, co-consumption and co-production are common and important material dependencies in industrial production and economic theory. Co-production can affect synergistic price fluctuations through the cost transmission mechanism of the chain. Co-consumption, on the other hand, generates price synergies through end-product demand linkages, but is more resilient than co-production, as it is more subject to technological substitution and market regulation. The Maximum Pairwise Spillover Index can reveal the interplay of these materials in market supply and demand changes, and identify which bilateral relationships are most likely to be potentially correlated. The time-varying characteristics of strongly correlated markets in return, volatility, skewness and kurtosis risk spillovers can also be assessed visually through dynamic evolutionary analysis. In Figure 8, the right axis represents the different pairs of metals, and the left panel shows the corresponding maximum risk premium values.
[image: Four line graphs from 2015 to 2023 for Return, Volatility, Skewness, and Kurtosis. Blue lines represent metrics with scattered orange points indicating Pareto spillover patterns. Notable spikes occur in 2016 and 2020.]FIGURE 8 | Maximum pairwise spillage evolution.
In return risk spillover, the largest source of risk before 2017 showed a strong randomness, mainly due to the degree of dependence between markets has not yet formed a stable structure, which makes the interactions and spillover effects between different metals more complex, silver-lithium, silver-nickel and other metal combinations have once become the largest paired spillover index. However, since 2017, with the advancement of technology, changes in market demand, rapid development of the new energy industry and the gradual maturation of the industrial chain, specific metal combinations such as lanthanum-cobalt, neodymium-cobalt and dysprosium-cerium have often become strong correlation combinations, demonstrating more stable interrelationships, which reflects the new energy market’s preference for these specific material combinations in recent years.
Specifically, all three pairs of metals have significant co-consumption or co-production relationships. In certain specific alloys and battery materials, lanthanum and cobalt are often used together to enhance material performance and functionality. Lanthanum improves the electrochemical properties of nickel-metal hydride (NiMH) batteries and other materials, while cobalt plays a key role in batteries, boosting energy density and cycle life. Market demand for both is therefore closely linked, highlighting their synergistic effects. Similarly, neodymium, a rare earth element, is often used in combination with cobalt to improve the magnetic properties and thermal stability of permanent magnet materials. This synergy makes neodymium and cobalt closely linked in the market, leading to a symbiotic economic relationship. Dysprosium and cerium, as rare earth elements, have a clear co-production relationship, and they tend to show a high degree of interconnectedness in sales and market demand, which leads to a relative concentration of risk spillovers in returns.
In volatility risk, the value of the maximum risk premium is relatively stable until the end of 2023, when higher values occur, arising between neodymium-silver. The two also have a co-consumption relationship. For environmental protection and energy saving considerations, most countries now have great support for new energy vehicles in terms of policy, which has shifted cars from internal combustion engine dominance to new energy sources. In the application of electric vehicles, neodymium as a rare earth element is used to manufacture high-performance motors to enhance the efficiency of the power system. Silver is mainly used in automobiles for various types of switches, circuit boards, circuit breakers and brazing alloys due to its superb conductivity, while electric vehicles tend to be more highly electronic, so the demand for silver has increased significantly. As a result, the price of neodymium, a key rare earth element, has increased in volatility due to soaring demand. At the same time, the importance of silver in batteries and electronic products has led to policy support and market interest. The combination of their applications in the electric vehicle industry sector has led to a sharp increase in risk spillover between neodymium and silver. The market connection between neodymium and silver becomes tighter as the policy effect is quickly apparent, but as the market adapts to the policy impact and strengthens its risk management, the spillover between the two will also experience a transient decline, reflecting the dynamic balance between market behaviour and policy impact. Thus, the risk spillover between neodymium and silver is characterised by both policy advances and transient fluctuations due to adaptive changes in supply and demand.
In the skewness risk premium, the value of the maximum risk premium is significantly higher than the return and volatility. This suggests that there are strong asymmetric price volatility risk-transfer effects in the market. In particular, in extreme cases, risk linkages between certain assets may increase significantly. This suggests that investors need to pay special attention to skewness risk when managing risk. And, as can be seen from the right axis, these maximum risk spillovers are more concentrated in a few risk sources, namely: neodymium-dysprosium and neodymium-terbium. Neodymium and dysprosium are commonly used together in electric vehicle motors, and they are interdependent on each other, affecting the performance and cost of the common application. These two rare earth metals have both a co-production relationship and a co-consumption relationship in specific industries, highlighting their correlation and joint influence on extreme risk volatility. The high spillover risk between neodymium and terbium, on the other hand, considers their co-production relationship. The existence of this relationship is significant in terms of economics and resource use, as neodymium can be extracted while terbium can be recycled more efficiently, maximizing resource use.
Among the kurtosis risk spillovers, the largest pairwise risk spillovers have a more concentrated source, mainly from neodymium-cobalt and neodymium-copper. The neodymium-cobalt relationship has been mentioned before, and it is important to note here that the result confirms the high degree of connectivity between the two markets in terms of the potential for abnormal volatility in the face of external shocks. As for neodymium-copper, there is a co-consumption relationship between the two, especially in technology areas such as electric motors and batteries. Neodymium, an important rare earth element, is used to make high-performance permanent magnet materials, while copper is widely used in electrical connections and conductive components. Together, these two materials play a key role in high-tech products such as electric vehicles, so when it comes to design and material selection, manufacturers need to consider both neodymium and copper in terms of performance and cost in order to optimise overall performance. In this context, it is particularly important to focus on the risk transfer of extreme price fluctuations between copper and neodymium.
As a result, from the perspective of industrial linkages, it can be seen that the intensity of risk transmission is more pronounced in metal combinations of co-consumption and co-production, owing to their key position in the industrial chain, technological lock-in effect and high industrial concentration. Such portfolios are subject to fixed ratios and lack elasticity of substitution, with fluctuations in supply and demand spreading rapidly through production formulas and procurement networks, creating a chain reaction, whereas portfolios with strong substitutability have a weaker risk transmission.
5.5 Spillover network evolution
Based on the paired spillover index, the spillover network is plotted here for the high spillover period to visualise the directionality and complexity of the risk spillovers. The period from June 2021 to November 2021 corresponds to the time of analysis (based on the previous analysis). Since the evolution of the spillover network for return, skewness, and kurtosis is not obvious, the static spillover network is plotted here for the analysis (See Figure 9). The grey network is return, the green network is skewness, and the pink network is kurtosis. During this time period, the markets with strong external risk spillovers continued to be dominated by rare earth elements.
[image: Three network graphs display interconnected nodes. The first graph is in gray, the second is green, and the third is pink. Each graph shows varying node sizes and connection lines, indicating different relationships or data points.]FIGURE 9 | Evolution of the spillover network (return (left), skewness (centre), kurtosis (right)).
For the return spillover network, silicon and lanthanum are the main spillover emitters, and silver and cobalt are the corresponding risk takers. Cerium is the central return risk taker of all the elements, and most of the metals’ return risks are passed on to it. The most important spillover emitter in the skewness spillover network is neodymium, which can be seen to transmit a large amount of kurtosis risk to nickel, praseodymium, terbium, cobalt and lanthanum. The kurtosis network bears some similarity to the skewness network, with neodymium remaining dominant in the kurtosis risk network. The biggest difference is the shift in terbium’s position. It has some ability to emit risk in both the return network and the skewness network, but in the kurtosis network it has become a core risk taker and is highly susceptible to risk shocks from other markets. It follows that in the skewness risk spillover network, it is able to influence the risk dynamics of other markets by transmitting asymmetric risk. However, in the kurtosis risk spillover network, it is highly vulnerable to high-frequency extreme volatility due to its high sensitivity to extreme market fluctuations.
The blue network is a volatility spillover network with a clearer evolution (See Figure 10). As can be seen from the colour shades of the edges in the network, spillovers in the system increased overall during this period, mainly due to silicon and lanthanum. Both strengthened their external risk spillovers, targeting markets such as cerium, terbium, cobalt, praseodymium and lithium. In contrast, the metals markets associated with the new energy sector are more likely to evolve as risk receivers. The network bilateral relationship between most raw materials and rare earths markets is one in which the latter points to the former. This situation highlights the key position of rare earths in the new energy industry chain. Rare earth price fluctuations have a direct impact on the cost and competitiveness of new energy products, and all parties in the industry need to pay more attention to the volatility risks of the rare earth market in order to seek effective risk management and response strategies.
[image: Diagram showing six network graphs labeled A through F, each with nodes and connecting lines. The size of the nodes varies, indicating different values or weights. Each graph has a distinct arrangement and number of connections among nodes, illustrating different network structures.]FIGURE 10 | Evolution of the volatility spillover network ((A–F)represent June to November 2021)
5.6 Comparative analysis of long and short-term market risk spillover
Here, we perform a comparative analysis of long- and short-term market spillovers for each order of momentary risk (See Figures 11–14 for visualisation). The Chinese rare earth market has a more pronounced pattern of long- and short-term correlation. The outward spillovers of different order moments generally show significant positive long- and short-term correlations. In the case of return risk spillovers, for example, when cerium and terbium have a significant impact on other markets in the short run, they also have a significant impact on other markets in the long run. This reflects the fact that uncertainty and shock volatility in rare earth markets in the short term can carry over and build up in the long term, triggering broader changes in market sentiment and asset price adjustments. Generally speaking, the impact of risk transmission in the long term is more far-reaching and may lead to adjustments in the overall market structure and asset allocation, as well as affecting macroeconomic policies and the direction of long-term market development. Therefore, the impact of risk volatility in rare earth markets on other markets in the short term will manifest itself in more significant and lasting effects in the long term.
[image: Two scatter plots comparing 'Long-term' to 'Short-term' values. The top plot is labeled "FROM" and shows a flat trend line. The bottom plot is labeled "TO" and shows an upward-sloping trend line. Data points, labeled with element symbols, shift in distribution between the two plots.]FIGURE 11 | Return Total directional spillover in the short and long terms.
[image: Scatter plots comparing short-term and long-term variable relationships, labeled "FROM" at the top and "TO" at the bottom. In the "FROM" plot, data points are scattered with a downward trend line. Elements like La, Pr, and Si are labeled. In the "TO" plot, data points show an upward trend, with Si prominently labeled at high values. Lines indicate the direction of change between the two plots.]FIGURE 12 | Volatility Total directional spillover in the short and long terms.
[image: Two scatter plots labeled "FROM" and "TO" compare long-term versus short-term metrics. The "FROM" plot shows scattered data points with a downward trend. The "TO" plot displays a more linear upward trend in data points. Each axis is labeled with varying numerical values, indicating differences between long-term and short-term metrics across both plots. Various elements are labeled with two-letter abbreviations.]FIGURE 13 | Skewness Total directional spillover in the short and long terms.
[image: Two scatter plots labeled "FROM" and "TO" compare long-term versus short-term attributes of various elements with a linear trendline. Data points for elements like Li, Ca, and Ni are marked. The "TO" plot has a greater range on both axes, indicating different scales or variations in measurements.]FIGURE 14 | Kurtosis Total directional spillover in the short and long terms.
It is worth mentioning that when analysing the time-domain spillover index, we obtained an important finding. Neodymium exhibits a strong outward influence in terms of skewness and kurtosis spillovers. This may be attributed to the model’s ability to capture market dynamics and volatility characteristics in real time. As a result, neodymium is able to quickly show its impact on market sentiment and risk transmission. In contrast, when using the frequency-domain spillover index for analysis, since this index mainly analyses the spillover effect holistically from different frequency perspectives, this may result in a less sensitive response to the instantaneous fluctuations of neodymium than the time-domain spillover index. Specifically, skewness and kurtosis are statistical indicators used to measure the distribution pattern of data. Sharp short-term fluctuations often occur in the market. These fluctuations cause significant changes in skewness and kurtosis. If the frequency-domain spillover index focuses more on the long-term trend, it will “smooth out” these short-term and possibly exaggerated volatility effects, resulting in a final reflection that shows lower skewness and kurtosis spillover effects, i.e., short-term effects are masked by the long-term trend. That is, short-term effects are masked by long-term trends. This is the meaning of “suppressing short-term fluctuations”. This makes the neodymium spillover effect in the short and long term relatively low, especially in the case of extreme market behaviours, the information becomes smoother, so the neodymium spillover effect under frequency-domain spillover index shows a weaker characteristic.
This phenomenon suggests that when conducting higher-order momentary risk spillover analysis, using the time-domain spillover index to monitor market volatility and risk transmission at a certain point in time, together with the frequency-domain spillover index to analyse its long-term trend and stability, can provide investors with a more forward-looking basis for investment decisions and identify potential risks and opportunities. Moreover, we compare the two types of spillover effects. If a market weakly influences others and receives minimal risk spillover, it becomes a suitable safe-haven investment. In this case, the stability of the market is more reliably verified.
With regard to the net spillover characteristics between new energy materials and rare earth elements (See Figures 15–18), the two markets can be discussed in four scenarios. First, combining long-term and short-term perspectives, similar to silicon for return risk and volatility risk, terbium for skewness risk, and cobalt for kurtosis risk, all of which have more significant long and short-term positive spillovers. Investors and policymakers should take full account of the risk shocks emanating from these markets or their strong persistence in risk management. Monitoring and analysis of market dynamics should be strengthened, investment portfolios should be flexibly adjusted, and a flexible risk management mechanism should be established to ensure that timely responses can be made in the event of both long-term and short-term risk spillovers.
[image: Scatter plot showing long-term versus short-term values with points labeled by their elements. The plot is centered around zero on both axes, displaying varied positions for elements like Si, Nd, and Ce.]FIGURE 15 | Return NET spillover in the short and long terms.
[image: Scatter plot showing long-term versus short-term data, with points labeled by abbreviations such as Tb, Sij, Cu, and Ni. Most data points cluster near the origin, while a few, like Sij, are positioned farther out on the axes.]FIGURE 16 | Volatility NET spillover in the short and long terms.
[image: Scatter plot showing elements positioned based on long-term and short-term scores. The x-axis represents short-term, ranging from -15 to 20, and the y-axis represents long-term, ranging from -15 to 15. Elements include Cu, Ce, Ni, Tb, La, Nd, Co, Pr, among others, scattered across the quadrants.]FIGURE 17 | Skewness NET spillover in the short and long terms.
[image: Scatter plot graph displaying a performance comparison of elements or stocks with short-term value on the x-axis and long-term value on the y-axis. Most points cluster around the origin with a few, labeled "Go" and "Li," positioned far to the right, indicating high short-term and long-term values.]FIGURE 18 | Kurtosis NET spillover in the short and long terms.
With regard to the second category, these markets are net receivers in the short term and in the long term are in a more balanced position in terms of risk sending and receiving, demonstrating a distinctive market nature. For example, cerium for return risk, lanthanum for volatility and skewness risk, and silver for kurtosis risk. Investors should have the flexibility to respond to short-term market movements in such markets while focusing on long-term industry trends and fundamental changes in order to achieve effective risk control and optimise their investment portfolios when managing risk. The nature of such markets provides investors with the opportunity to trade on short-term volatility, while long-term stability is an important safeguard to protect the value of their investments.
Similarly, there are some markets that have significant risk-receiving characteristics over the long term, but are able to achieve a relative balance of risk in the short term. Examples include cobalt for return risk, nickel for volatility risk, and lithium for skewness risk. The ability of these markets to achieve a relative balance of risk in the short term is largely due to their efficient market mechanisms and the flexible response strategies of participants. For example, market participants used hedging instruments and dynamic asset allocation to cope with short-term volatility, thereby reducing potential risks. In addition, the transparency of relevant policy and market information facilitates quick adjustment of investment strategies. However, in the long term, these markets have again become notable risk takers due to their long-term supply and demand relationships and industry characteristics. The irreplaceability of metals such as lithium, cobalt and nickel in the new energy sector has led to the market’s quest for long-term value to outweigh short-term volatility, and investors are willing to take on risk to capture potential long-term gains. Therefore, while short-term risks can be managed and regulated to maintain a balance, changes in market characteristics and demand structure in the long term make it a natural risk taker.
In addition to the markets mentioned above, we believe that if a market has significant negative net spillovers in both the short and long term, investors and regulators in such markets need to be particularly wary of risk transmission from price changes in other markets. Copper for volatility risk, neodymium for skewness risk, and nickel for kurtosis risk are typical. These metals markets are not only exposed to their own risk, but also receive a significant amount of risk impact from other markets, both in the short and long term. Specifically, volatility-risky copper may absorb volatility risk factors from other markets as a result of economic uncertainty; skewness-risky neodymium shows sensitivity to asymmetric risk during market volatility, leading to the absorption of external risk; and kurtosis-risky nickel reflects the market’s high sensitivity to the frequency of extreme events, which exacerbates the capture of risk from other markets.
6 CONCLUSION AND DISCUSSION
By analysing the risk transfer between rare earth elements and new energy-related metal markets, this paper reveals the significant impact of co-production and co-consumption on market risk.
Based on the overall spillover indices of different order moments, the significant rise in the four types of risks mainly stems from the support of government industrial policies, resource control and increased global competition for resources. These policies raised market expectations of future returns while triggering increased short-term uncertainty, leading to frequent extreme market volatility and reflecting a complex risk environment.
Neodymium has been identified as a key major source of risk spillover in the extreme risk net spillover index and the maximum paired spillover index analyses. As the most consumed rare earth element, when neodymium price faces extreme risk, the risk factors may directly affect the neodymium market, which in turn affects the whole new energy industry chain. Therefore, it is recommended to prioritise the launch of neodymium metal futures contracts, giving full play to its advantages of high market maturity and stable industrial demand. In the specific implementation process, need to simultaneously establish supporting derivatives tools and standardised delivery system, through the cultivation of diversified market participants to enhance the liquidity, so as to build a perfect risk management mechanism. This initiative can effectively smooth out the impact of neodymium price fluctuations on the industrial chain, but also for the subsequent launch of other rare earth futures varieties to accumulate experience, and ultimately achieve the strategic goal of stabilising the rare earth market and ensuring the healthy development of the industry.
The Maximum Pairwise Spillover Index reveals the interactions and risk transfer in the market for new energy-related metals and rare earth elements. In the skewness and kurtosis risk premium analyses, the maximum risk spillover value is significantly higher than return and volatility, suggesting a strong asymmetric price volatility risk-transfer effect in the market as well as anomalous volatility connectivity in the face of external shocks. All of the above strongly correlated metal combinations have co-production and co-consumption relationships. This suggests that the two types of production-consumption relationships are highly susceptible to strong potential interactions in the corresponding metal markets and that policymakers should pay close attention to metals that have such relationships as a result of technological developments.
In the analysis of the evolution of spillover networks, the details of the evolution of volatility spillover networks are the most interesting to explore compared to other risk spillover networks that are fixed in form. In particular, rare earth markets tend to evolve as risk emitters, while new energy-related metal markets are more likely to evolve as risk receivers. This situation highlights the key position of rare earths in the new energy industry chain, coupled with the fact that the rare earth element market is more vulnerable to policy regulation and international market competition, its market instability and risk transmission has the potential risk of triggering a chain reaction, which requires the industry chain participants to pay close attention to market dynamics, strengthen risk management and cooperation, in order to ensure the stability and sustainable development of the new energy industry chain.
For downstream industries such as wind power and electric vehicles, this study suggests that enterprises focus on the price fluctuation risk of metal markets that are strongly correlated with rare earth elements. For example, the wind power industry relies on NdFeB permanent magnet materials, while the electric vehicle industry chain is highly sensitive to the demand for cobalt and copper, so companies can hedge the risk of raw material price fluctuations by signing long-term supply agreements or using futures tools.
In the comparative analysis of long- and short-term market linkages for each order of moment risk, the relationship between long- and short-term spillovers for volatility risk is more pronounced, with acceptance spillovers showing a negative correlation and external spillovers showing a significant positive correlation. For both skewness and kurtosis risk, there is a clear positive long- and short-term correlation for the external spillover, and when the market has a strong short-term external impact, the long-term impact is also strong. In terms of net spillover characteristics, for markets with significant positive spillovers in both the long and short term, investors and policymakers need to focus on risk shocks from these markets. For markets that are net receivers in the short run and where the net risk spillover is close to zero in the long run. Investors can adopt active investment strategies, such as capturing short-term upside and liquidity opportunities, while flexibly adjusting their positions in response to market volatility. The other type of market is one that can achieve a relatively balanced risk profile in the short term, but become a significant risk taker in the long term. Investors should implement effective risk management measures, including asset diversification, hedging strategies and dynamic portfolio adjustments, to reduce the risk of long-term volatility and ensure the sustainability and stability of their investments. Finally, for markets with significant negative net spillovers in both the short and long term, investors and regulators need to be particularly vigilant against risk transmission from price changes in other markets. These findings provide investors with an important basis for risk management, helping to optimize portfolios and protect investment value.
In order to obtain more in-depth conclusions, future research could consider constructing quantitative indicators of policy impacts and geopolitics. In this way, the shock transmission paths of both can be comprehensively analysed.
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With the global energy market becoming increasingly tight and the rapid development of Chinese oil industry, the transmission of information and mutual influence among sectors have become increasingly prominent. In light of this, this paper focuses on the three major sectors within Chinese oil industry chain from 2014 to 2024: oil extraction, oil processing, and oil trading. By employing the TVP-VAR-DY and BK models, we analyze the return spillover effects and dynamic correlations among the upstream, midstream, and downstream sectors of the oil industry chain. The results indicate that there are significant return spillover effects among these three sectors, with their price fluctuations not existing independently but rather influencing and being influenced by each other. Specifically, the oil trading sector predominantly acts as a spillover recipient, while the oil processing sector consistently serves as a net spillover transmitter across the three markets. Furthermore, as the frequency of spillovers increases, the spillover index among the three markets gradually decreases. Notably, when confronted with extreme event shocks, the overall total spillover level of the oil industry system significantly amplifies.
Keywords: oil industry chain, spillover effect, TVP-VAR-DY model, BK model JEL classification: C22, C53, G11, G17

1 INTRODUCTION
Oil, hailed as the “lifeblood of modern industry,” is a vital lifeline for a country’s economic development and industrial production, with its market dynamics and the interactions among various segments of the industrial chain increasingly becoming the focus of attention in academia and industry (see, e.g., [1–6]). Within this chain, industries such as oil extraction, processing, and trade are intricately interconnected and mutually influential. Oil extraction, as the upstream segment, directly impacts the production costs and market supply of downstream oil processing enterprises through its output and costs. Oil processing, in turn, produces a variety of petrochemical products by refining crude oil to meet market demands. Meanwhile, oil trade, bridging domestic and international markets, is an indispensable link in the oil industry chain.
With the changes in the global economic situation and the adjustment of energy structure, the spillover effects within the oil industry chain have become increasingly pronounced. Since the outbreak of the 2008 financial crisis, the crude oil market has been in a persistent state of vulnerability (see, e.g., [7]). Notably, in recent years, the convergence of major unexpected events like the 2019 pandemic and the Russia-Ukraine conflict has significantly reduced global oil demand, undoubtedly exacerbating the instability and unpredictability of crude oil market prices (see, e.g., [8]). In this context, the spillover effects and dynamic correlations between various industries within the oil industry chain are more significant. On the one hand, price fluctuations in domestic and international oil markets exert direct or indirect impacts on all segments of the oil industry chain. On the other hand, internal price fluctuations within the oil industry chain can also be transmitted to other financial markets through trade, investment, and other channels, triggering broader market volatility. This spillover effect not only escalates risks within the oil industry chain but also poses greater challenges to related enterprises and investors. Therefore, analyzing the spillover effects within Chinese oil industry chain not only uncovers the interactive mechanisms of price fluctuations among various sectors within the industry chain but also provides policymakers with a scientific basis for risk management and market regulation. Furthermore, it aids investors in optimizing their investment portfolios, reducing market risks in the face of extreme events, and fostering the stable development of the oil industry chain.
The aims of this study are to comprehensively analyzes the price spillover effects and their time-varying characteristics among the oil extraction, processing, and trade sectors within Chinese oil industry chain. To achieve these aims, the paper primarily addresses the following two questions: Firstly, how to accurately depict and quantify the return spillover relationships and net spillover effects among these three sectors? Secondly, how to uncover the transmission mechanisms and dynamic changes of these spillover effects across different frequency domains (short-term, medium-term, and long-term)? To address these questions, this study employs stock index data from the oil extraction, oil processing, and oil trade sectors within the Shenwan Tertiary Industry Index. By employing a combined method of the TVP-VAR-DY model and the BK model, we aim to capture and deeply uncover the dynamic variation characteristics of the return spillover effects among different sectors within the petroleum industry chain, as well as the evolution of these effects over time.
The contributions of this article lie in the following three aspects: firstly, it integrates the oil extraction, oil processing, and oil trade industries in Chinese oil industry chain into a unified research framework, and comprehensively analyzes the return spillover relationship and net spillover relationship among the three through the TVP-VAR-DY model. Secondly, the BK model was introduced to measure the dynamic spillover effects among the three major industries in the oil industry chain from a combined perspective of time and frequency domains. We analyze the transmission mechanisms of price signals across different frequency domains in depth, revealing the mutual influence of price fluctuations in the three industries in the short, medium, and long term. Finally, we analyze in detail the net directional and bidirectional spillover effects of oil extraction, oil processing, and oil trade industries in different frequency domains, and drew spillover network diagrams to visually display the different roles of the three industries in spillover propagation, and tracked the dynamic changes of these roles.
The remainder of this paper is structured as follows: Section 2 presents a literature review, summarizing previous research on spillover effects within crude oil markets. Section 3 introduces the research methodology, including the application of the TVP-VAR-DY model and the BK model. Section 4 conducts an empirical analysis, presenting the detailed research findings. Finally, Section 5 concludes the paper, offering recommendations and future research directions.
2 LITERATURE REVIEW
Current scholarship has extensively investigated spillover effects in crude oil markets. Researchers have utilized various econometric approaches to examine inter-market relationships within international crude oil markets. According to the market linkage theory, prices across different markets exhibit characteristics of mutual influence and coordinated fluctuations due to factors such as economic interconnections and trade activities. Chen et al. [9], Elder et al. [10], Liao et al. [11], Caporin et al. [12] empirically reveal that there is a significant correlation and co-integration between WTI and Brent crude oil market, and Hammoudeh et al. [13] further demonstrate significant spillover effects between crude oil and refined product markets, including various petroleum products such as heating oil and gasoline, Additionally, Ji and Fan [14] find a lead-lag relationship among major international crude oil markets (WTI, Brent, Dubai, Tapis, and Nigeria), providing a new perspective for understanding the dynamics of the global crude oil market. Leong [15] focuses on the causal relationship between BRENT crude oil futures returns and crude oil related industry stock indices, as well as the dynamic correlation and risk spillover effects between international oil prices and domestic oil related industry stock markets, further confirming the heterogeneous impact of oil price fluctuations on industry markets.
The interaction between futures and spot markets remains a central topic in energy finance research. Studies by Huang et al. [16], Lei and Yong [17], Lee and Zeng [18], Wang and Wu [19], Mehrara and Hamldar [20], Chen et al. [21], Chang and Lee [22], Klein [23] substantially confirm the substantial correlation and spillover effects between futures and spot markets for WTI and Brent crude oil. Furthermore, Magkonis and Tsouknidis [24] extend this understanding by revealing similar spillover effects between futures and spot prices of crude oil commodities across various markets, thereby deepening our comprehension of crude oil market integration. With the advancement of research, scholars have increasingly focused on the price transmission mechanisms within the petroleum industry chain. Complex Systems Theory and Sociophysics posit that financial markets constitute dynamic networks formed through nonlinear interactions among a multitude of heterogeneous agents (e.g., investors, institutions, and information nodes), emphasizing that market fluctuations stem from the superposition of multiple micro-level behavioral feedback loops rather than being driven by singular factors. The petroleum industry chain represents a quintessential complex network system, where price fluctuations are not transmitted through simple linear relationships but are instead influenced by multiple factors, such as market structure, policy interventions, and investor behaviors. For instance, Guo et al. [25] select 10 oil products from three crucial links—oil production, consumption, and market transactions—within the oil industry chains across global markets. Employing network motif analysis, they explored the price lead-lag relationships among these products. Their findings reveal the presence of price lead-lag relationships both horizontally across regions and vertically within the industry chain. Qi et al. [26] comprehensively analyzed the price spillover relationships between major commodities within the Chinese petroleum industry chain by constructing a multidimensional spillover network, revealing the transmission path and mediating role of crude oil price fluctuations within the industry chain.
With the rapid development of Chinese economy and the continuous growth of energy consumption, the Chinese crude oil market has become increasingly important in the international crude oil market. Scholars have conducted extensive research on the correlation between the Chinese crude oil market and the international crude oil market. These studies all show that there is a significant correlation and spillover effect between Chinese crude oil prices and international crude oil prices (see, e.g., [3, 27–31]).
Compared with existing studies, this paper contributes to the literature in three key aspects. Firstly, while most existing research concentrates on price dynamics in the overall market or specific markets, this study provides a more targeted and in-depth analysis by focusing on price transmission mechanisms across different segments of Chinese petroleum industry chain. Second, methodologically, we introduce an enhanced time-varying parameter vector autoregression (TVP-VAR) model, which allows for more precise identification of nonlinear transmission effects. Third, in terms of theoretical contribution, our findings not only confirm the vertical transmission of price information along the industry chain but also reveal the critical mediating role of petroleum processing—a novel insight that enriches the understanding of price signal propagation in capital markets. By quantifying the micro-level price transmission mechanisms within Chinese petroleum industry, this study offers policymakers and corporate decision-makers more actionable insights, underscoring the novelty and significance of our research.
3 METHODOLOGY
3.1 TVP-VAR-DY spillover index model
To further explore the spillover effects and time-varying characteristics of the three key links in the oil industry chain, namely, extraction, processing, and trade, this article employs the TVP-VAR-DY model proposed by Antonakakis et al. [32], which combines the time-varying parameter vector autoregressive (TVP-VAR) model with the spillover index method (DY) based on generalized variance decomposition proposed by Diebold and Yilmaz [33], Diebold and Yılmaz [34], It provides an effective tool for measuring the relationship and influences between financial markets (see, e.g., [35–40]). In the specific research process, the TVP-VAR model is constructed by Equations 1, 2:
[image: Equation showing a time series model: \( Y_t = \beta Y_{t-1} + \varepsilon_t \), where \(\varepsilon_t\) follows a normal distribution with mean zero and variance \(\Sigma_t\).]
[image: Mathematical equation showing a transformation of vectors. The equation describes \(\text{vec}(\hat{\beta}_t) = \text{vec}(\beta_{t-1}) + v_t\), where \(v_t \sim N(0, R_t)\).]
where [image: It looks like you're trying to input a mathematical variable (\(Y_t\)). If you have an image for which you need alternate text, please upload the image or provide a URL, and I would be happy to help!], [image: Mathematical notation of a subscripted variable: uppercase Y with a subscript of t minus 1.], and [image: It seems there was an error in uploading the image. Please try again by providing the image file or a URL so I can assist you in creating the alternate text.] are all [image: It seems like there's an error in displaying the image. Please upload the image file or provide a URL to the image for which you need alternate text.] dimensional vectors, which represent the price series and corresponding errors of the stock indices of the oil exploitation, oil processing and oil trading industries in the t and t-1periods, respectively. [image: Please upload the image you would like me to generate alt text for.] and [image: Summation symbol with subscript "t".] are [image: If you upload an image or provide the URL, I can help generate the alternate text for it.] dimensional vector matrices representing the time-varying VAR coefficient and the time-varying variance-covariance, respectively. Additionally, [image: Mathematical expression depicting a vectorized form of beta subscript t, represented as "vec(βₜ)".] and [image: Please upload the image, and I can help generate the alt text for it.] are the [image: A mathematical expression showing a column vector with dimensions \( N^2 \times 1 \).] dimensional vector matrices.
Furthermore, Koop et al. [41], Pesaran and Shin [42] introduced the concept of Generalized Forecast Error Variance Decomposition (GFEVD) based on the Wold theorem. To effectively apply this concept, it is necessary to transform the TVP-VAR model into a TVP-VMA process (Equation 3):
[image: Mathematical equation depicting a time series model. On the left side, \( Y_t \) equals the sum of \( \beta_i Y_{t-i} \) from \( i = 1 \) to \( P \) plus \( \epsilon_t \). On the right side, the sum of \( B_j \epsilon_{t-j} \) from \( j = 1 \) to infinity.]
where [image: Mathematical expression with uppercase B, subscript j, and superscript t.] is a [image: Please upload the image or provide a URL so I can generate the alt text for you.] dimensional vector matrix. Next, GFEVD is calculated, which is used to quantify the variance share of a variable in predicting the error of another variable. It reflects the degree to which a variable’s change is influenced by itself or other variables in the system, and is calculated as Equations 4, 5:
[image: A mathematical formula shows an expression for \(\phi^{H}_{j\leftarrow i}\). The numerator involves a double summation from \(h=0\) to \(H-1\) and from \(j=1\) to \(N_{-1}\), with the squared term \((e_{i,t}'B_{h,t}\sum_{t}e_{i,t})^{2}\). The denominator includes a summation from \(h=0\) to \(H-1\) of the term \((e_{i,t}'B_{h,t}\sum_{t}B_{h,u}'e_{i,t})\). The equation is labeled as (4).]
[image: Equation showing \( \hat{y}_{i,j,t}^{H} \) as the fraction of \( e^{\hat{\theta}_{i,j,t}} \) over the sum of \( e^{\hat{\theta}_{i,j,t}} \) from one to N. Labeled as equation five.]
where H represents the prediction period, [image: Please upload the image or provide a URL to generate the alternate text.] and [image: It seems there might have been an error in your request with the text rendering. Please upload the image or provide a URL so I can generate the alternate text for you.] are the selection vectors (the ith element in [image: Please upload the image or provide its URL, and I will generate the alternate text for it.] is 1, and the remaining elements are 0; the same applies to [image: Please upload the image or provide a URL so I can generate the alternate text for you.]). [image: Mathematical notation displaying \(\tilde{\theta}_{ijt}^{H}\).] represents the impact of variable j on variable i in the H -step prediction variance. Since the [image: Mathematical notation showing the variable theta with a superscript H and subscript i, j, t.] is non orthogonalized, the sum of the contributions of the prediction error method may not necessarily be equal to 1, that is, the sum of all rows in [image: Mathematical expression displaying \(\theta_{ijt}^{H}\), where \(\theta\) is denoted with superscript \(H\) and subscripts \(i\), \(j\), and \(t\).] may not necessarily be 1. Therefore, standardization of [image: The expression shows the Greek letter theta with a superscript H and subscripts i, j, t.] will be carried out to ensure that [image: Summation notation showing the expression: the sum from j equals 1 to N of theta sub i j t raised to the power of H equals 1.], and [image: Summation notation showing double summation from i equals 1 to N and j equals 1 to N of theta subscript i j comma t superscript H equals N.]. Chatziantoniou and Gabauer [43] confirmed through Monte Carlo simulation that the range of values for the traditional total spillover index is [0, (m-1)/m], and therefore adjusted it to the following expression (Equation 6):
[image: Mathematical equation showing the calculation of \( S_t^H \), which involves summation notation. The left side includes a double summation over indices \( i \) and \( j \), where \( i \neq j \), divided by a summation from \( i = 1 \) to \( N \). The right side simplifies this to \( \frac{i \neq j}{N} \times 100 \).]
Based on the prediction error variance matrix constructed above, the following spillover indices can be obtained:
The spillover from market i to other markets j is defined as Equation 7:
[image: Mathematical expression showing \( TO_{i}(H_{t}) = \sum_{i=1}^{N} H_{t}^{i} \frac{\partial \theta^{i}}{\partial y_{t}} \), labeled as equation (7).]
Market i receiving spillover from other markets j is given by Equation 8:
[image: Mathematical equation depicting a function FROM with a subscript m,t applied to H, represented as a fraction. The numerator is the sum from i equals one to N of exponential theta i t, and the denominator is the sum from j equals one to M_t of exponential theta j t H. The equation is labeled as equation eight.]
The net spillover effect of market i on other markets j can be calculated as Equation 9:
[image: It looks like you've provided a snippet of text or a formula. If you intended to share an image, please ensure it is uploaded correctly. If you need help with an image, feel free to try again by providing the image file.]
The net pairing spillover index NPDC is given by Equation 10:
[image: Mathematical equation showing NPDC subscript G i j h equals theta hat subscript j l h G over theta hat subscript j l h minus theta tilde hat subscript j u h over theta tilde hat subscript j u h, with equation number ten on the right.]
3.2 Frequency-domain spillover index model
When a market faces price shocks from other markets, its response and price spillover effects may exhibit different durations, that is, different frequency performance. Baruník and Křehlík [44] argue that the DY spillover index method is apply at the overall level, which may cover spillovers of different frequencies. Therefore, researchers adopt the spectral representation method of covariance. This method obtains the frequency response function through the Fourier transform of coefficients, which can then be used to obtain the generalized variance decomposition in the frequency domain. Specifically, at a given frequency ω, the calculation process of generalized prediction error variance decomposition is as follows:
According to the spectral decomposition method of Stiassny [45], the frequency response function [image: The equation shows a function \(\psi(e^{-i\omega})\) defined as the infinite sum from \(h=0\) to infinity of \(e^{-i\omega h} \psi_h\).] is first transform into its TVP-VMA ([image: Please upload the image you would like me to generate alt text for.]) form using Fourier transform (Equation 11):
[image: Mathematical expression describing a function \( S_x(\omega) \) as an infinite sum from minus infinity to infinity of \( E(X_k X_{k+n})e^{-i\omega n} \), which equals \( \psi_f(e^{-i\omega}) \) over the summation of \( \psi_h(e^{i\omega}) \). Equation labeled as eleven.]
Frequency GFEVD is a combination of spectral density and GFEVD, which also requires normalization in the time domain as shown in Equations 12, 13:
[image: Equation for \(\theta_{y|x}(\omega)\) expressing a ratio. The numerator is \(|(\Sigma_{j=i} \sum_{n=0}^{\infty} \Psi_j(e^{-i\omega n})\Sigma_y)_j|^2\). The denominator is \(\Sigma_y \sum_{n=0}^{\infty}( \Psi_y(e^{-i\omega n})\Sigma_y\Psi_j(e^{i\omega n}))_{jj}\). Marked as equation (12).]
[image: Mathematical formula displaying an expression for \(\hat{\theta}_{j,t}(\omega)\), which equals \(\frac{\theta_{j,t}(\omega)}{\sum_{k=1}^{N}c_{k,t}\theta_{k,t}(\omega)}\), labeled as equation (13).]
Where [image: Mathematical expression featuring θ with a tilde and a superscript H. Subscripts i, j, and t follow θ. In parentheses, ω is indicated.] represents the impact of the ith variable on the jth variable at frequency ω. This single frequency can be used to measure short-term, medium-term, and long-term spillover effects. For a given frequency band, where: [image: I'm unable to view or analyze the image directly, but based on the description provided, it seems to be a mathematical notation. The expression \( d = (a, b), a, b \in (-\pi, \pi), a < b \) describes an interval \( d \) with endpoints \( a \) and \( b \), where both \( a \) and \( b \) are within the range of negative pi to pi, and \( a \) is less than \( b \).]. The frequency band [image: Please upload the image or provide a URL, and I will generate the alternate text for you.] can be define as Equation 14:
[image: Mathematical formula depicting the integration of a function. The formula reads: \(\tilde{\theta}_{ij}(t) = \int_a^b \hat{\theta}_{ij}(\omega)d\omega\), labeled as equation (14).]
The total revenue spillover within frequency band d can be calculate using the following equations (from Equations 15–19):
[image: Mathematical formula for the net present value difference calculation displayed as \(NPDC_{\text{ij}}(d) = \hat{\theta}_{\eta\text{ij}}(d) - \hat{\theta}_{\tilde{\eta}\text{ij}}(d)\), labeled as equation 15.]
[image: Mathematical equation for  TO_i(d) equals the summation from j equals 1 to N_i of B_ij times theta_ij of d in equation (16).]
[image: Mathematical formula depicting a sum, FROM_(d), equals the sum from j equals one to N of the weights θ_jμ multiplied by φ_j(d), numbered as equation 17.]
[image: Please upload the image or provide a link to it, and I will help you generate the alt text.]
[image: Mathematical equation showing the calculation for \(TCI_l(d)\) as \( \frac{N}{N-1} - \frac{\sum_{i=1}^N TO_i}{N-1}\) and \(TCI_l(d) = \frac{N}{N-1} - \frac{\sum_{i=1}^N FROM_i}{N-1}\). Equation is numbered 19.]
Baruník and Křehlík [44] argue that the above formula only describes fluctuations within specific frequency bands. The contribution of the given frequency band d to the total spillover can be measured by a weighted metric (from Equations 20–24), where the weight is [image: The formula represents \(\Gamma(d)\), which is the sum of \(\tilde{\theta}_{ij,t}(d)\) for \(i, j = 1\) to \(N\), divided by \(N\).].
[image: If you upload the image or provide more context, I can help generate the alternate text for it. Let me know if you need assistance with uploading or if you can describe the image further.]
[image: Mathematical equation showing the operation TO_(n)(d) equals the product of r(d) and TO_(n-1)(d), numbered as equation 21.]
[image: The image displays a mathematical equation: \( \text{FROM}_{i}(d') = r(d) \cdot \text{FROM}_{i}(d) \). This equation is labeled with number 22, suggesting it is part of a series or set in a document.]
[image: It seems that you attempted to upload an image but included a formula instead. Please try uploading the image again, and I would be happy to help generate the alternate text for it.]
[image: I'm unable to generate alt text for the image as it appears there's no image uploaded. Please provide the image or URL, and I would be happy to assist!]
The oil industry chain, encompassing upstream extraction, midstream processing, and downstream trade sectors, exhibits return that are influenced by a multitude of macroeconomic factors, policy interventions, and market supply-demand dynamics, with their effects evolving over time. The TVP-VAR-DY model, built upon the vector autoregression (VAR) framework and incorporating time-varying parameter (TVP) and dynamic correlation (DY) features, provides an effective analytical tool for investigating return spillover effects and dynamic interdependencies among these sectors.
4 EMPIRICAL ANALYSIS
4.1 Data
According to the division of the industry chain, upstream industries in the oil industry chain engage in oil extraction and development, while downstream industries engage in oil transportation, refining, processing, and sales. The oil industry stock index is one of the comprehensive indicators for measuring the actual operational performance of oil enterprises. Therefore, this article selects the stock indices of oil extraction (Ex), oil processing (Pr), and oil trade (Tr) industries from the tertiary industry index of Shenwan as representatives for studying the upstream, midstream, and downstream industries of oil, aiming to deeply explore the dynamic correlation and mutual influence between the stock index returns of the oil industry chain. We collect daily data spanning from 2 January 2014 to 26 April 2024, all source from the Eastmoney Choice Financial Terminal1. After screening and matching, a total of 2,496 samples are finally obtained. To calculate the return, we perform logarithmic first-order differencing on all data: [image: Mathematical formula depicting the calculation of return rate: \( r_t = (\ln P_t - \ln P_{t-1}) \times 100 \).]. Among them, [image: Please upload the image you want me to generate alternate text for.] represents the return on day t and [image: If you need alternate text for an image, please upload the image or provide a URL. You can also add a caption for context.] represents the stock index price on day t.
Table 1 shows the descriptive statistics of each variable. According to the skewness coefficient, the stock index of the oil extraction industry shows a right-skewed feature, while the stock indices of both the oil processing and oil trade industries display left-skewed features; From the kurtosis perspective, the kurtosis of each variable is greater than 3, showing a hyperkurtosis distribution, which suggests a relatively concentrated distribution of data. After ADF testing, all sequences significantly rejected the null hypothesis of the existence of unit roots, thus proving that all variables are stationary. Therefore, we can proceed with modeling and analysis.
TABLE 1 | Descriptive statistics.
[image: Table showing descriptive statistics of returns for three industries: oil extraction (Ex), oil processing (Pr), and oil trade (Tr). Columns include mean, maximum, minimum, standard deviation, skewness, kurtosis, and ADF values. Ex shows a mean of 0.023 and ADF of -12.916. Pr has a mean of -0.030 and ADF of -10.100. Tr shows a mean of 0.012 and ADF of -11.821. Note mentions significance level and Augmented Dickey-Fuller test.]4.2 Static analysis
To analyze the connectivity of the total spillover of stock index returns in the oil extraction, oil processing, and oil trade industries in the time domain and short-term (1–5 days), medium-term (5–22 days), and long-term (22-infinite extension) frequencies, we calculate connectivity matrices in both the time and frequency domains. During the modeling process, we selected the optimal lag length of the VAR model as the 7th order based on the AIC criterion, and the results are presented in Tables 2, 3.
TABLE 2 | Total connectedness.
[image: Spillover matrix table for oil industries showing indices for oil extraction (Ex), processing (Pr), and trading (Tr). Rows and columns represent different spillovers. Diagonal elements indicate self-impact. Non-diagonal elements denote cross-market spillover effects. "To" and "From" explain directional spillovers—"To" signifies spillovers sent, "From" received. Net spillover shows the difference. Total connectedness index (TCI) is 42.95.  Note: The table primarily focuses on inter-market price changes and impacts within the oil sector.]TABLE 3 | Frequency connectedness.
[image: Table showing spillover results of stock indices in oil extraction (Ex), processing (Pr), and trade (Tr) industries across three frequency domains. Panel A covers short-term (1-5 days), Panel B covers medium-term (5-22 days), and Panel C covers long-term (22 days to infinity). Each panel contains contributions of industry returns to one another. "To" and "From" indicate total outgoing and incoming spillovers. "Net" represents net spillover. TCI values for each panel are 34.69, 6.26, and 2.00, respectively. Diagonal elements quantify market intrinsic volatility; non-diagonal elements represent cross-market spillovers.]Table 2 reports the total spillover matrix of stock indices in the oil extraction, oil processing, and oil trading industries. The data in Table 2 reveal that the diagonal elements of the matrix generally exhibit higher values than the non-diagonal elements, indicating that each variable has the most significant spillover effect on itself. In other words, the impact of the returns of each variable on itself dominates. The total spillover effect in the oil extraction, oil processing, and oil trading industries is as high as 42.95%, indicating that nearly half of the return variation among the three markets can be attributed to the impacts from the other two markets, which means a significant spillover relationship among variables. From the Net Spillover Index (Net), it can be seen that both the oil extraction industry and the oil processing industry have a net spillover greater than 0, indicating that they are the transmitters of spillover in the research system. Conversely, the oil trading industry has a net spillover less than 0, indicating that it is the recipient of spillovers.
Table 3 presents a detailed list of the changes in spillover effects in different frequency domains. We observe that the spillover effects between the three markets were 34.69%, 6.26%, and 2.00% in the short, medium, and long-term frequency domains, respectively. Specifically, the BK model divides the total spillover into three-time spans and we study the different degrees of spillover in these three time spans. The frequency domain results in Table 3 show that as the time span increases, the spillover index among the three markets gradually diminishes. In addition, we also found that regardless of whether in short, medium, or long cycles, the oil trading industry has always been a transmitter of return spillovers, the oil processing industry has always been a receiver of spillovers, and the oil extraction industry transitions from being a transmitter to a risk receiver.
4.3 Dynamic analysis
Under the influence of special events, the market price of the crude oil industry chain may undergoes significant fluctuations. Static spillover analysis mainly focuses on evaluating the average impact of each variable across the entire sample period. However, this approach has inherent limitations, as it struggles to effectively capture the time-varying nature of spillovers between markets and the specific spillover effects within distinct frequency domains. Therefore, we further analyze the dynamic spillover effects between markets from the perspective of each frequency domain. Figure 1 provides a visual display of three frequency domain spillover indices: short-term, medium-term, and long-term, where the total spillover across the time domain is equal to the sum of the spillovers in each frequency domain.
[image: Stacked area chart depicting different duration categories over time: long (greater than twenty-two days), medium (five to twenty-two days), short (one to five days), and total area usage. The x-axis shows the timeline, while the y-axis represents the area magnitude.]FIGURE 1 | Dynamic total connectedness in various frequencies. This figure presents the trend in dynamic total spillover effects across different frequency bands within Chinese oil industry chain, spanning from 2 January 2014, to 26 April 2024. The analysis is based on the results derived from the TVP-VAR-DY model and the BK model. The frequency bands considered include the short-term band (set at 1–5 days, reflecting the 5-day trading week in stock markets), the medium-term green band (spanning 5–22 days, considering approximately 22 trading days in a month), and the long-term band (exceeding 22 days). The total spillover effect is calculated as the summation of spillover effects across these three frequency bands: short-term, medium-term, and long-term.
As shown in Figure 1, the overall trend reveals significant volatility in the total spillover index of the system. The fluctuation range of the total return spillover index between markets generally falls between 20% and 50%, and in exceptional cases, the peak can reach approximately 60%, indicating that the spillover effects between the oil extraction, oil processing, and oil trading industries exhibit time-varying characteristics. Notably, the spillover effect primarily manifests in the short term, with impacts lasting less than a week, suggesting a rapid spread among markets. In contrast, the long-term spillover effects appear relatively weak, possibly attributed to the fact that the long-term behavior of the oil extraction, processing, and trading industries within the oil industry chain is primarily governed by their inherent fundamentals.
According to the time-domain and frequency-domain charts, there are five significant increases in the total spillover index, namely, the oil price crash in 2014, the Chinese stock market crash in 2015, the United Kingdom Brexit in 2016, the outbreak of the pandemic in 2020, and the Russia-Ukraine conflict in 2022. In 2014, amid weak demand for crude oil, the Organization of the Petroleum Exporting Countries (OPEC) continued to increase crude oil production in order to maintain its market share and engage in fierce competition with US shale oil companies. This move led to a continuous increase in oil supply and a rebalancing of supply and demand in the crude oil market, resulting in significant market volatility. This change has also intensified the spillover effects between relevant markets in the Chinese oil industry chain, making the entire industry chain face more complex and volatile risks. The “6.26” stock market crash in China was the main reason for the rise in the total spillover index in 2015. This crash caused significant turbulence in the Chinese oil market, with various industries facing strong external shocks, thereby strengthening the correlation between different markets. At the beginning of 2016, the total spillover index began to show an upward trend again, which may be attributed to two factors: one is Brexit, and the other is major political, economic, and terrorist events, including the oil crisis. In 2020, the global epidemic broke out, and as the spread of the disease continued to expand, related risks also intensified. The total spillover effect at different time periods sharply increased and reached a peak. The increase in uncertainty during this period has led to a more uniform response from investors to shocks, thereby enhancing the connections among markets at different time frequencies. In 2022, the Russia-Ukraine conflict again triggered market turbulence, leading to an increase in the total spillover effect in oil-related industries. With the implementation of a series of measures by the Chinese government aimed at restoring the economy and improving people’s livelihoods, such as the temporary zero tax rate on coal imports in response to the Russia-Ukraine conflict, the exemption of VAT for small-scale taxpayers, and the normalization of epidemic control measures, the spillover effect is gradually declining. At this point, the total spillover index began to stabilize, though it still remains relatively high compared to pre-extreme-event levels. In summary, whenever the socio-economic situation confronts major events or extreme risks, the spillover effects among oil-related industry markets will significantly intensify. As the economy and society gradually enter a period of stable development, this risk effect will also gradually stabilize.
Based on the investigation of the time-varying spillover effects of total returns in multiple markets, we further conduct in-depth analysis of the specific time-varying spillover effects between each market. Figures 2, 3 show the spillover effects and inflow effects2 of each market in the sample in the time domain and different frequency domains.
[image: Stacked area charts showing Bitcoin supply distribution from 2012 to 2024 in three segments: short-term (one day), medium-term (one to three months), and long-term (over three years). Total supply is displayed in black, short-term in red, medium-term in green, and long-term in blue.]FIGURE 2 | Dynamic total directional connectedness to others. This figure illustrates the trend in spillover effects across various frequency domains for different markets within Chinese oil industry chain, spanning from 2 January 2014, to 26 April 2024. The analysis is based on the results derived from the TVP-VAR-DY model and the BK model. The red area depicts the spillover in the short-term frequency band (1–5 days), the green area represents the spillover in the medium-term frequency band (5–22 days), and the blue area reflects the spillover in the long-term frequency band (exceeding 22 days). The black area, on the other hand, presents the summation of spillover effects across these three frequency bands: short-term, medium-term, and long-term.
[image: Three graphs show estimated storage times for Amazonian River water at sites Ro, Tp, and Pc from 2002 to 2015. The color-coded data shows storage durations: short-term in red, medium-term in green, and long-term in blue. The legend provides color categories for each duration.]FIGURE 3 | Dynamic total directional connectedness from others. This figure presents the trend in inflow spillover effects across different frequency domains for various markets within Chinese oil industry chain, spanning from 2 January 2014, to 26 April 2024. The analysis is based on the results derived from the TVP-VAR-DY model and the BK model. The red area illustrates the inflow spillover in the short-term frequency band (1–5 days), the green area represents the inflow spillover in the medium-term frequency band (5–22 days), and the blue area depicts the inflow spillover in the long-term frequency band (exceeding 22 days). The black area, in contrast, shows the aggregated result of inflow spillover effects across these three frequency bands: short-term, medium-term, and long-term.
From Figures 2, 3, we find that first, the directional spillover index reflects the time-varying nature of spillover effects between the oil extraction, oil processing, and oil trade industries. Secondly, from the results of directional spillover indices, the spillover indices and inflow indices of various markets show certain similarities in overall trends, with their changes mainly concentrated between 1% and 40%. Finally, the net spillover effects of all variables in the time domain and short-term frequency bands are very obvious, while the spillover effects in the medium and long-term frequency bands are relatively small, which is consistent with the results of the static analysis previously mentioned.
Due to the bidirectional nature of spillover effects, a higher spillover index only indicates stronger correlation between markets, but cannot accurately reveal the direction of net spillover from one market to another. Therefore, it is necessary to conduct in-depth analysis of the net spillover index to determine the direction of return spillovers in the oil extraction, oil processing, and oil trade industries.
According to the net spillover index graph in Figure 4, the net spillover index fluctuates between positive and negative values, showcasing its temporal variability. Predominantly, however, the oil extraction and processing market exhibits a positive trend in its net spillover index, indicating that these industries have a greater spillover effect on the oil trading industry than they receive from other markets. Conversely, the oil trading industry’s net spillover index registers a negative value, revealing its primary role as a recipient of spillovers. These findings suggest that within the oil industry chain, the extraction sector, as the primary source of crude oil resources, directly influences market supply through its production decisions and output adjustments. The processing sector, relying on crude oil supplied by extraction, transforms raw materials into various petroleum products through advanced refining technologies. Both sectors occupy relatively upstream positions in the value chain. Due to their control over critical resources and processing capabilities, they exert greater dominance in pricing and supply dynamics, more actively transmitting market fluctuations to the trade sector while receiving comparatively limited spillover effects from other markets. Conversely, the oil trade sector operates at the mid-to-downstream level of the industrial chain. In terms of market structure, it faces constraints from upstream supply conditions (extraction and processing) while simultaneously responding to demand fluctuations from end consumers. Additionally, external factors such as trade policies, tariff adjustments, and import-export quotas significantly impact its operations. These combined factors render the trade sector more susceptible to external shocks, primarily absorbing spillover effects transmitted from upstream industries rather than generating substantial outward spillovers. From this analysis, it becomes evident that while directional spillover effects can illuminate the overall beneficial impact of a variable on others within the system, the degrees of correlation and sensitivity among variables vary. Consequently, further analysis and discussion are paramount.
[image: Three line graphs show financial data from 2010 to 2020, labeled Ra, Rb, and Rc. Each graph displays total values and short, medium, and long-term trends using different colors: total (black), short (red), medium (green), and long (blue).]FIGURE 4 | Dynamic net directional connectedness. This figure presents an analysis based on the TVP-VAR-DY model and the BK model. It reveals the dynamic evolution of net spillover effects across various markets within Chinese oil industry chain across different frequency domains, spanning from 2 January 2014, to 26 April 2024. These net spillover effect indices are derived by calculating the difference between the “outward spillovers” (To) and “inward spillovers” (From) for each market variable. Positive values indicate that the market variable acts as a net transmitter to other variables across the entire industry chain, whereas negative values suggest that the market variable is a net receiver, primarily receiving influences or information from other variables. The red areas reflect net spillovers in the short-term frequency band (1–5 days); green areas represent net spillovers in the medium-term frequency band (5–22 days); and blue areas depict net spillovers in the long-term frequency band (beyond 22 days). The black areas present the summation of net spillover effects across the short-term, medium-term, and long-term frequency bands.
To delve into the dynamic mechanism of mutual influence between two industries, we employed a spillover index model with time-varying parameters, analyzing the pairwise spillover effects of returns across industries. The results are depicted in Figure 5.
[image: Three line graphs show the evolution of bond yields for Bx, By, and Bz components over time, from 2010 to 2020. The data is visualized in shades of black, red, green, and blue, representing total, short (1-12 months), medium (5-10 years), and long (12-30 years) bond yields.]FIGURE 5 | Dynamic net-pairwise directional connectedness. This figure presents the trend in net pairwise spillover effects across various markets within Chinese oil industry chain, spanning from 2 January 2014, to 26 April 2024. The analysis is based on the TVP-VAR-DY model and the BK model. The red area depicts the net pairwise spillovers in the short-term frequency band (1–5 days); the green area represents those in the medium-term band (5–22 days); and the blue area indicates the net pairwise spillovers in the long-term band (beyond 22 days). The black area, on the other hand, summarizes the net pairwise spillover effects across all three frequency bands—short-term, medium-term, and long-term.
From Figure 5, we find that the net paired spillover index of the oil extraction and processing industries varies significantly between positive and negative values, revealing the possibility of bidirectional time-varying asymmetric spillover effects between markets. The size and direction of this net spillover index often fluctuate significantly at certain critical moments, driven by multiple factors. Specifically, the net spillover index of the extraction industry initially showed a significant positive value, followed by a significant change in 2016, which was likely closely related to major political and economic events at the time, such as Brexit. After 2019, the index rose significantly again and became positive, which may be closely related to multiple factors such as energy price fluctuations, the pandemic, and international political events (such as the Russia-Ukraine conflict). These factors work together in the oil market, leading to increased uncertainty in oil supply and costs, which in turn affects downstream industries. In the oil processing industry market, the positive and negative fluctuations of spillover effects reflect their high sensitivity to market dynamics in the extraction industry. During the sample period, the oil trading industry’s net spillover index mostly showed negative values, indicating that the industry played a more significant role as a spillover receiver for most of the time.
To further investigate the directional spillover effects of different variables, we constructed the spillover network diagram, which is shown in Figure 6. From left to right, we have the DY time domain, short-term, medium-term, and long-term frequency domains. Blue represents the net transmitter of spillover, and yellow represents the net receiver of spillover. The arrows in the figure visually display the direction of the spillover effect, whereas the thickness of the arrows accurately reflects the strength of the spillover effect. Specifically, the thicker the arrow, the more significant the corresponding spillover effect, that is, the greater the impact of one market or variable on another market or variable. This representation allows us to intuitively understand the degree of mutual influence between different markets or variables.
[image: Four network diagrams illustrating different types of connectivity among nodes. Top left: Total time-domain connectedness. Top right: Short-term connectedness (1-5 days). Bottom left: Medium-frequency connectedness (5-22 days). Bottom right: Long-term connectedness (longer than 22 days). Each diagram features nodes connected by curved lines, indicating varying degrees of connectedness over time.]FIGURE 6 | Directional connectedness network. This figure presents a visual representation where each edge connecting two nodes signifies the net pairwise spillover between two markets. The direction of the arrow indicates which market receives the shock from which market, and the thickness of the arrow reflects the intensity of the spillover effect. Blue nodes represent markets that are the originators of shocks within the system, while yellow nodes signify markets that are the recipients of shocks within the system.
As depicted in Figure 6, the oil processing industry exhibits spillover effects on both oil extraction and oil trade, and the oil trade industry is mainly affected by spillover effects. This observation can be attributed to the oil processing industry’s pivotal position in the industrial chain, bridging upstream oil extraction and downstream oil trade and terminal consumption. Consequently, its operational status carries significant weight in the industry chain, directly impacting the operations and profitability of both upstream and downstream enterprises. On the other hand, the oil trading industry is more susceptible to fluctuations in the global oil supply-demand relationship. In instances of global oversupply or inadequate demand for oil, oil prices tend to decline, subsequently compressing profitability within the oil trading industry. This finding aligns with the aforementioned analysis.
4.4 Robustness test
To verify whether the empirical findings of this paper are overly reliant on the choice of model parameters, we adopt the robustness check methodology employ by Pavlova et al. [46], Wu et al. [38], Kočenda and Moravcová [47], among others. By adjusting the lag order of the TVP-VAR model, we investigate the sensitivity of spillover effects to variations in the lag order. On the basis of the benchmark 7th order, we additionally construct TVP-VAR models with 5th, 6th, 8th, and 9th orders. Subsequently, based on the estimation outcomes of these models featuring varying lag orders, we calculate the corresponding total spillover index. The results are shown in Figure 7, which shows the variation of the total spillover index for lag orders of 5th, 6th, 8th, and 9th from top to bottom.
[image: Four line graphs display time series data with lag orders 5, 6, 8, and 9 from 2005 to 2010. Each chart shows fluctuations in the data, with values ranging from approximately -10 to 40, illustrating varying degrees of volatility over time.]FIGURE 7 | Dynamic total connectedness with different lag orders. This figure presents the trend of dynamic total spillover effects across different frequency domains for China’s oil industry chain, utilizing the TVP-VAR model with lag orders of 5, 6, 8, and 9, respectively.
From the perspective of the size of the total spillover index, both Figures 1, 7 fluctuate roughly within the range of 20%–50%, with similar values, indicating a significant spillover effect in the returns of Chinese oil extraction industry, oil processing industry, and oil trade industry. In terms of the trend in the total spillover index’s variations, both Figures 1, 7 show obvious time-varying characteristics, and the trend over time is basically consistent. Especially in extreme situations, the total spillover index shows a significant increase, confirming that the total spillover index of Chinese oil extraction, oil processing, and oil trading markets is highly sensitive to extreme economic events. Generally, the total spillover index in Figures 1, 7 has experienced five periods of significant growth, namely, the period of oil price collapse in 2014, the period of Chinese stock market crash in 2015, the period of Brexit in 2016, the period of infectious disease outbreak in 2020, and the period of Russia-Ukraine conflict in 2022. In summary, the empirical results of this article are robust and not overly dependent on the lag order chosen by the model.
5 CONCLUDING REMARKS
5.1 Conclusion
This paper employs the Time-Varying Parameter Generalized Variance Decomposition Spillover Index Model (TVP-VAR-DY) and the Baruník and Křehlík (BK) model, combined with a time-frequency domain perspective, to conduct an in-depth analysis of both static and dynamic spillover effects within China’s oil industry chain system. The research not only calculates static spillover indices to evaluate the overall spillover intensity and direction within the system but also obtains dynamic spillover indices through a rolling sample window approach. This allows for the examination of spillover fluctuations throughout the entire sample period. Furthermore, by incorporating significant events, the study explores the changes in price linkage and risk contagion within the system in response to external shocks. Firstly, the results reveal significant dynamic and asymmetric spillover effects among the three major industries of oil extraction, oil processing, and oil trade in the Chinese oil market. This finding reveals that price fluctuations among these three industries are not isolated but intertwined and mutually influential. Specifically, the oil processing industry plays a major role as a net spillover source, with its price fluctuations having a significant impact on the oil extraction and oil trade industries. In contrast, the oil trade industry primarily acts as a net spillover receiver, with its price fluctuations being significantly influenced by the other two industries. This asymmetric spillover effect demonstrates the complex interaction among various segments within the oil industry chain. Secondly, a deeper analysis from the frequency dimension reveals significant differences in spillover effects at different frequencies. As the frequency increases, the spillover index among the three markets gradually decreases, indicating the time-varying nature of the spillovers among market returns. Specifically, in the short term, the spillover effect among markets is most significant, reaching 34.69%; in the medium term, the spillover effect weakens to 6.26%; and in the long term, the spillover effect further decreases to 2%. This finding reveals the strong mutual influence of market returns spillovers in the short term and their gradual weakening trend in the long term. Thirdly, when confronted with the impact of extreme events, the overall total spillover level of the system tends to significantly amplify. Different types of extreme events have significant impacts on the directional spillover effects of market returns and the net pairwise spillover effects among markets, exhibiting their respective differences and dynamic changes. This finding emphasizes the important influence of extreme events on the spillover effects within the oil industry chain.
5.2 Implications
Building upon these findings, several insights are proposed. Given the dynamic, bidirectional, and asymmetric spillover effects among Chinese petroleum extraction, processing, and trade industries, it is imperative to strengthen collaborative management across the upstream and downstream segments of the industrial chain. Enterprises in these sectors should establish a digital information-sharing platform to exchange real-time data on production, inventory, and sales, jointly develop risk prevention and control plans, and achieve efficient resource allocation and risk sharing.
As the oil processing industry serves as a critical net spillover source, it is essential to formulate precise risk management policies. Enterprises should adopt advanced risk assessment models to conduct quantitative analyses of risks such as raw material price fluctuations and market supply-demand imbalances. Additionally, they should utilize futures hedging to lock in costs and enhance risk resilience. Government regulatory agencies must develop a comprehensive market monitoring system, leveraging big data and blockchain technologies to track global oil market dynamics in real time.
Given the time-varying nature of inter-market spillover effects, short-term measures should include establishing market liquidity monitoring indicators to closely observe significant market fluctuations. Enterprises should flexibly adjust inventory and production schedules, while governments should promptly implement temporary regulatory policies. In the medium term, enterprises ought to optimize their investment portfolios based on market trends, and governments should refine energy strategic reserve mechanisms. In the long run, even if spillover effects diminish, continuous optimization of risk management mechanisms remains crucial. Governments should promote energy structure transition, and enterprises should explore new energy ventures.
In the face of extreme events, systemic spillover levels tend to amplify. Therefore, governments and enterprises must enhance preparedness by establishing comprehensive risk early-warning and emergency response mechanisms, improving extreme event response capabilities, and proactively mitigating potential crises. Furthermore, international cooperation and exchange should be strengthened to collectively address the challenges and risks confronting the global oil market.
5.3 Limitations and future works
This study also acknowledges certain limitations. While it recognizes the impact of extreme events on the overall system spillover level, it does not delve deeply into the distinctions among different types of extreme events, such as natural disasters, policy shifts, and fluctuations in international oil prices, or their specific impact mechanisms. Furthermore, the primary focus of this study is on the return spillover effects within the oil industry chain, without considering the influence of external factors, such as the global economic environment and geopolitical risks, on these internal spillover effects. Future research could consider utilizing advanced models such as high-frequency data models or machine learning algorithms for comparative validation, refining the classification of extreme events and analyzing their impact mechanisms, as well as expanding the analysis to include external linkages of the industry chain to gain a more comprehensive understanding of the dynamic changes within the oil industry chain.
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Climate change has become a critical global issue, influencing both natural environments and economic structures, especially in rapidly urbanizing regions. This paper examines the impact of climate risks on urban economic resilience, using panel data from Chinese cities between 2009 and 2022. A multidimensional indicator system, encompassing recovery resilience, adaptive resilience, and transformative innovation capacity, is developed to identify how climate risks negatively affect urban economic resilience. The results show that climate risks weaken resilience by reducing population size and destabilizing financial systems. Additionally, these risks have significant spatial spillover effects, extending from local areas to neighboring cities through regional economic networks, with particular impact on geographically adjacent cities. Heterogeneity analysis indicates that developed eastern cities, central cities, and resource-based cities are more vulnerable to climate risks, while cities in central and western regions and non-central cities show greater resilience. The paper proposes policy recommendations to strengthen urban resilience, including investment in climate-adaptive infrastructure, promoting economic diversification, establishing cross-regional climate risk management, developing green finance systems, and raising public awareness of climate risks.
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1 INTRODUCTION
Since the 1990s, China has experienced rapid economic growth and has now become the world’s second-largest economy. However, the rapid processes of industrialization and urbanization have also led to increasingly severe ecological issues and climate risks [1]. According to data from the United Nations, eight out of 54 major natural disasters worldwide in the 20th century occurred in China. In 2024, various natural disasters in China caused direct economic losses amounting to 401.11 billion RMB, highlighting the significant impact of climate risks on China’s socio-economic development [2, 3, 4]. In particular, the “China Climate Change Blue Book (2024),” published in 2024, points out that China’s climate risk index has continuously risen since 1961, with a notably high increase since the mid-1990s, aligning with the global trend of climate warming. In 2022, the Chinese government released the “National Climate Change Adaptation Strategy 2035,” which explicitly proposes enhancing the capacity of society to cope with climate change and building an adaptive society by 2035. This indicates that climate risks are not only an ecological challenge but also a significant test for China’s high-quality economic development, placing higher demands on the resilience of urban economic systems [3, 5]. In recent years, the frequency and intensity of extreme weather events brought about by climate change have significantly increased, with their impact on urban economic systems being particularly notable. For example, extreme climate events such as heavy rainfall, heatwaves, and droughts have severely affected infrastructure and economic activities. According to the “Global Annual to Decadal Climate Update” released by the World Meteorological Organization (WMO) in 2024, climate change is approaching the risk limits set by the Paris Agreement. In the same year, national natural disasters affected 32.38 million people, with direct economic losses amounting to 93.16 billion yuan. These phenomena indicate that climate change has become a critical factor affecting the stability and sustainability of urban economies [2].
In the face of increasing external shocks and potential risks, the economic systems of different cities show significant differences. Some cities can quickly recover from shocks and maintain economic vitality, while others may suffer long-term damage, demonstrating weaker disaster resilience [6]. A key question arises: Has the increasing climate risk had a significant impact on urban economic systems? The term “resilience,” initially a concept in physics, refers to a system’s ability to return to its original state after a shock; in economics, it is extended to refer to the ability of an economic system to resist external shocks and achieve recovery, adaptation, and transformation [7, 8]. However, existing research has paid little attention to how climate risks specifically affect urban economic resilience and the mechanisms behind this, lacking quantitative analysis and empirical research, which makes it difficult to provide systematic references for practical policy design.
To fill this research gap, this paper explores the impact of climate risks on urban economic resilience based on panel data from Chinese cities between 2009 and 2022. The contributions of this paper are as follows: first, unlike previous studies that focus on a single dimension of economic resilience or macroeconomic impacts, this paper innovatively constructs a multidimensional economic resilience index system and reveals the multi-path impact of climate risks on urban economic resilience. Second, although existing literature has focused on the direct impact of climate risks on specific cities, few studies have explored the cross-city and regional spatial spillover effects. This paper quantifies the significant negative impact of climate risks on the economic resilience of neighboring cities through spatial Durbin models, considering the geographic, economic, and proximity dimensions. Finally, compared to studies focusing on a single region, this paper uses a broader city panel dataset to analyze the differentiated impact of climate risks on cities in different regions and types, providing a novel research perspective.
The structure of the paper is as follows: Section 2 presents a literature review on climate risks and economic resilience; Section 3 introduces the theoretical framework and research hypotheses; Section 4 describes the empirical model and research methods; Section 5 presents the empirical results and analysis; Section 6 provides conclusions and policy implications.
2 LITERATURE REVIEW
2.1 Literature review on climate risk research
With the continuous increase in human activities, particularly the expansion of economic activities, the sustainability of the environment is facing profound impacts and addressing climate risks requires environmental regulation [5, 9]. This imbalanced development model has further triggered a series of global climate issues. As a future uncertainty brought about by climate change and its negative effects, climate risk has become an important research topic in the global academic community. Climate risks are primarily divided into two major categories: transition risk and physical risk. Transition risk refers to the long-term economic impacts arising from policy changes, technological innovations, and market sentiment fluctuations during the process of society transitioning to a low-carbon economy or sustainable development [10]. For example, Campiglio pointed out that adjustments in climate policies may lead to increased operational costs for businesses and a loss of asset value [11].
In contrast, physical risk refers to the short-term and direct economic losses caused by extreme climate events or natural disasters, which typically have more significant destructive impacts on the economic system [12]. Typical physical risks include sea-level rise, extreme heat, storms, and floods, all of which pose major challenges to economic infrastructure and supply chains. Given the immediate and tangible nature of these risks, physical risks are particularly relevant to urban economic systems, where the impacts are more direct and observable. In addition, the availability of data on physical risks, such as historical records of extreme weather events, enhances the ability to quantify and model their effects on urban economies. In the economic field, physical climate risks have profound effects on financial markets, business operations, and investment decisions. For instance, Hu and Borjigin examined the volatility of climate risk in the futures market, Lin and Wu explored the impact of physical risks on financial products, and Campiglio analyzed the effects of climate risk on asset management and portfolio optimization [11, 13, 14].
At the macroeconomic level, physical risks have had widespread and far-reaching impacts on agricultural economies [15], external debt levels, and international trade [2, 16, 17]. In addition, Carleton suggested that the frequent occurrence of extreme climate events could further exacerbate global economic instability, particularly in regions with more vulnerable economies [12]. Based on past studies, physical risks have more directly affected the stability of economic systems, and under the backdrop of frequent extreme weather events, their impact has been increasing. Therefore, this paper focuses on the study of physical risks and their impact on economic resilience, aiming to reveal how to enhance the adaptive and recovery capacities of economic systems when facing natural disasters and extreme climate events.
2.2 Literature review on economic resilience research
The term “resilience” originates from physics and refers to the ability of materials to absorb energy during deformation and fracture. In economics, “economic resilience” is used to describe the ability of an economic system to resist and adjust its development path when faced with shocks [7, 8]. In past studies on the factors affecting economic resilience, both theoretical and empirical research have been emphasized. Theoretically, Sun and Sun reviewed relevant concepts and proposed research dimensions based on China’s context [18]; Liu et al. further clarified the connotation of the economic resilience concept [19]. Empirically, scholars have explored factors influencing economic resilience from perspectives such as macroeconomics [8, 48], industrial diversity [20], smart supply chain [15] and digital finance [20]. However, most past research on economic resilience has focused on macroeconomics or specific industries [7, 8], with relatively limited analysis of the economic resilience of cities as complex dynamic systems. Furthermore, static analytical methods are often employed, making it difficult to fully capture the dynamic adjustment process of economic resilience in the context of multidimensional shocks [20].
Research on the impact of climate risk on economic resilience has found that physical risks affect economic resilience through various pathways. On one hand, extreme climate events directly damage infrastructure and production systems, weakening the short-term resilience of economic systems. For example, Carleton pointed out that natural disasters often interrupt supply chains and logistics systems, causing profound effects on economic activities [12]. On the other hand, physical risks affect economic resilience through indirect pathways, such as market fluctuations, declining investment confidence, and long-term policy adjustments. For instance, Ma et al. [10] emphasized that policy changes can lead to shifts in economic structures and long-term challenges for resilience. Moreover, Zhao et al. [21] explored the effects of climate change on urban economic resilience, Liu et al. [19] examined the role of smog in urban economic resilience, and Wu et al. [22] assessed the economic resilience performance of the Yellow River Basin under climate change. Additionally, Liu et al. [19] studied the negative impact of air pollution on urban economic resilience, emphasizing the importance of environmental governance in enhancing urban resilience.
While existing research has revealed some mechanisms by which climate risk impacts economic resilience, several gaps remain. First, the dynamic relationship between climate risk and economic resilience, particularly in the context of frequent extreme weather events, remains underexplored [23]. Second, systematic studies on the heterogeneous impacts of climate risks on urban economic resilience are lacking [9]. Finally, most current research has focused on the impact of physical climate risks on macroeconomics or specific industries, with limited exploration of the performance of urban economic resilience, a complex dynamic system, under physical climate risk shocks. This paper aims to fill this research gap by combining theoretical analysis and empirical research to reveal the mechanisms through which physical climate risks impact urban economic resilience and to provide scientific evidence for policy-making.
3 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESES
As global climate change intensifies, climate risks not only profoundly affect the ecological environment but also pose a significant threat to the economic structure and stability of cities. Specifically, the impact of climate risks on key areas such as urban population size and the stability of financial markets is particularly prominent [4]. These areas, being fundamental components of urban economies, are directly linked to the core capacity of urban economic resilience. Therefore, this study constructs a framework for urban economic resilience based on recovery capacity, adaptive capacity, and transformative innovation capacity. This framework is developed to capture the multidimensional nature of resilience, addressing how different components interact to enhance a city’s ability to respond to climate risks [24]. Existing literature indicates that climate risks primarily affect urban economic resilience through several pathways:
3.1 Direct impact mechanisms of climate risks on urban economic resilience
Currently, the direct impact of climate risks on cities is primarily manifested in the destruction of critical economic and infrastructure systems. Extreme weather events such as hurricanes, floods, and droughts significantly disrupt the normal operation of infrastructure systems, including transportation, energy supply, and water systems. These disruptions weaken the city’s response and recovery capacities, delivering substantial shocks to economic productivity and residents’ quality of life [25]. Specifically, interruptions in production activities may hinder business operations and lead to economic stagnation. Concurrently, business losses may increase unemployment rates and undermine the ability to meet basic living needs for residents, further exacerbating social instability. This social instability, in turn, diminishes the economic system’s ability to recover from external shocks.
Additionally, the losses caused by climate risks will increase the financial burden on governments, forcing them to allocate large amounts of funds for post-disaster reconstruction and climate adaptation measures. This limits the flow of funds and resource allocation to other economic sectors. Such fiscal pressure not only affects urban economic resilience in the short term but may also erode the city’s innovation capacity and economic growth potential in the long run [26]. Cities with relatively weak infrastructure may fall into prolonged economic distress, hindering their economic development and the achievement of sustainable development goals. This amplifies local fiscal pressures, forcing governments to cut budgets for key sectors such as education and healthcare, impacting long-term urban development and the economic resilience system [27]. Therefore, climate risks not only cause direct damage to the city’s critical infrastructure but also generate profound effects on economic resilience and social stability through a series of cascading reactions.
Hypothesis 1. Climate risks negatively impact urban economic resilience through direct mechanisms.
3.2 Pathways of climate risk impact on urban economic resilience
The impact of climate risks on urban economic resilience primarily occurs through two main pathways: reducing urban population size and disrupting urban financial stability. Specifically, extreme weather events weaken a city’s economic resilience by disrupting various sectors, including population, infrastructure, and financial systems, which in turn affect its capacity to cope with and recover from external shocks. The specific mechanisms of these pathways are illustrated in Figure 1.
[image: Flowchart showing the impact of climate risk. "Climate Risk" leads to "Extreme Weather Events Hit Cities," causing "Impact on Population" (population migration or loss, unemployment increases) and "Impairment of Financial Stability" (increased financial pressure, declining market confidence, rising insurance costs). Both factors influence "Urban Economic Resilience."]FIGURE 1 | Pathway mechanisms of climate risk impact on urban economic resilience.
3.2.1 Impact on Urban Population and Labor Force
The economic vitality and resilience of cities largely depend on stable labor forces and a healthy population size. Densely populated areas tend to demonstrate stronger resilience, which positively influences regional economic resilience, and this relationship can vary depending on urban governance and infrastructure [28]. However, climate risks can reduce population size by altering mobility and living conditions, thus weakening urban economic resilience. Extreme weather events, for instance, damage urban living environments, compelling large numbers of residents to migrate, especially from frequently disaster-prone areas. Long-term adverse climate conditions force residents to relocate to safer regions [29]. Large-scale population outflows not only reduce labor supply but also shrink the consumer market, weakening the economic vitality of the city and increasing vulnerability during economic crises [30]. Furthermore, climate-related physical risks may disrupt businesses dependent on natural resources or logistics, leading to transportation system breakdowns and business shutdowns, which in turn drive up unemployment rates, reduce resident income, and shrink consumer spending [31]. By undermining population structure and labor markets, climate risks weaken urban economic resilience, making it more difficult for cities to demonstrate recovery capacity in the face of future external shocks.
3.2.2 Impact on Urban Financial Stability
Financial stability is a core factor in urban economic resilience, as it reduces economic volatility, supports innovation, and eliminates policy distortions, thereby significantly enhancing regional resilience [32]. However, climate risks increase uncertainty and vulnerability in financial systems and economic operations. Firstly, climate risks lower investor confidence, exacerbating fluctuations in financial markets. Companies facing operational interruptions and losses due to climate events may struggle to secure financial support, leading to financial crises or even bankruptcy. This credit tightening effect not only affects the impacted businesses but also spreads to the broader urban economy, making the financial system more fragile [33]. Moreover, the risks associated with climate events drive up insurance costs, leading to higher premiums. This increases operational costs for businesses, making insurance unaffordable for some enterprises and households, thus exposing them to greater risks and making it impossible to ensure asset security when facing future shocks. The instability in the insurance market also affects bank loans and debt markets, further weakening the city’s economic resilience.
In summary, climate risks reduce urban economic resilience by decreasing population size and disrupting financial stability. Population declines lead to reduced economic vitality, labor market contraction, and increased unemployment, limiting the economy’s ability to recover from external shocks. Fiscal pressure, financial volatility, and high insurance costs weaken the city’s capacity to respond to future risks, further hindering economic stability and long-term development.
Hypothesis 2. Climate risks negatively affect urban economic resilience by reducing population size and disrupting financial stability.
3.3 Spatial spillover effects of the negative impact of climate risks on urban economic resilience
Climate risks have far-reaching impacts on the economic resilience of other cities through the transmission effects within economic networks. Extreme weather events such as hurricanes, floods, or droughts typically damage the infrastructure and economic activities of affected cities, and these impacts quickly spread through regional economic linkages. For example, supply chain disruptions may lead to shortages of raw materials and intermediate goods, hindering production in businesses reliant on affected cities. Logistics delays may disrupt interregional flows of goods, causing market supply-demand imbalances. The globalization of capital flows further exacerbates this transmission effect. When investors withdraw capital due to economic uncertainties in affected cities, capital outflows may destabilize the financial systems of other cities, thereby weakening their economic resilience [34, 35].
Furthermore, climate risks exert additional pressure on other cities through the diffusion effects within social systems, further diminishing economic resilience. Extreme weather events typically trigger population migration and resource competition, particularly when residents of disaster-stricken cities move to neighboring regions due to deteriorating living conditions. This migration raises the demand for housing, places additional strain on infrastructure, and increases the cost of living in receiving cities. Such pressure compounds the burden on these cities. Labor force loss may further reduce regional productivity. In addition, financial linkages amplify the social diffusion effect, as financial instability in the market is transmitted through regional banking networks, affecting the financing environment of other cities [35, 36]. Taken together, climate risks have significant impacts on the economic resilience of neighboring cities through both economic and social spillover mechanisms.
Hypothesis 3. Climate risks negatively affect the economic resilience of other cities through spatial spillover effects.
4 RESEARCH DESIGN
4.1 Sample selection and data sources
Based on the availability of secondary indicators for climate risk and economic resilience, this study selects an initial sample of 168 prefecture-level cities from the period of 2009–2022. The climate risk data is derived from the National Meteorological Centre of China, while data on economic resilience and related control variables are sourced from the “China City Statistical Yearbook.” To ensure data integrity and the accuracy of the analysis, the original data were processed as follows: First, linear interpolation was employed to address missing data for some samples; second, samples with significant missing data were excluded; and third, extreme values in the top and bottom 1% and 99% of the main variables were minorized. After these data treatments, a final sample of 158 prefecture-level cities was obtained, resulting in a total of 2,212″city-year” observations.
4.2 Variable measurement
4.2.1 Explanatory variable: Climate risk index (CRI)
The climate risk variable is derived using the methodology of Guo et al. [37], incorporating four sub-indicators: extreme low-temperature days (LTD.), extreme high-temperature days (HTD), extreme rainfall days (ERD), and extreme drought days (EDD). The specific processing steps are as follows: first, observations with significant data gaps are removed from the sample; second, historical distribution characteristics for each indicator are calculated from January 1, 1973, to December 31, 1992; third, the frequency and types of extreme weather events at local observation stations from 2009 to 2022 are recorded; finally, the annual extreme weather days are aggregated at the regional level to create a comprehensive Climate Risk Index (CRI), as shown in Table 1. To ensure interpretability, the climate risk index is scaled down by a factor of 100. The CRI is computed by the following formula:
[image: CRI sub i equals the summation from k equals one to four of w sub k times Sub-Indicator sub k.]
TABLE 1 | Urban climate risk indicator system.
[image: Table showing a climate risk index with sub-indicators: LTD (number of extreme low-temperature days), HTD (number of extreme high-temperature days), ERD (number of extreme rainfall days), and EDD (number of extreme drought days).]Where: [image: The mathematical expression shows the variable \( w_k \), where \( w \) is followed by the subscript \( k \).] represents the weight assigned to each sub-indicator (LTD., HTD, ERD, EDD), [image: Text reading "Sub-Indicator" with a subscript "k".] is the value of the corresponding sub-indicator. This index aggregates the individual sub-indicators into a single comprehensive measure of climate risk for each region.
4.2.2 Dependent variable: Urban economic resilience index (UERI)
Urban economic resilience index (UERI) is defined as a city’s ability to self-recover and dynamically adapt in response to external shocks [38]. This concept encompasses resistance, recovery, and adjustment capabilities. Based on this definition and existing literature, the selection of secondary indicators for UERI is grounded in established frameworks for measuring economic resilience and urban development [39]. Specifically, this study measures economic resilience across three dimensions: resistance and recovery capacity (Rel), adaptive and adjustment capacity (Ada), and innovation and transformation capacity (Enpu). Eleven secondary indicators are selected for these dimensions, with indicator weights calculated using the entropy weighting method to construct a comprehensive Urban Economic Resilience Index (UERI). The rationale for selecting each indicator is based on its relevance to the city’s ability to recover, adapt, and innovate in the face of external shocks, as supported by recent research on urban resilience [38]. Table 2 presents the selected indicators and weights for each dimension.
TABLE 2 | Urban economic resilience indicator system and weights.
[image: Table showing urban economic resilience indicators with three dimensions: Resistance and recovery capacity (0.178), Adaptive and adjustment capacity (0.445), and Innovation and transformation capacity (0.377). Various economic metrics and their associated values, such as per capita GDP and fixed asset investment, are listed under these categories, each with a positive nature indicator. Notes mention the use of the entropy weighting method.]4.2.3 Mediating variables
4.2.3.1 Urban Population Size (Psize)
The size of the urban population serves as a crucial foundation for urban economic development and a key factor in enhancing economic resilience. Following the method of Gao [40], this study uses the logarithmic form of the year-end total urban population (LogPsize) to represent city population size. This transformation effectively reduces the influence of outliers on the analysis and better reflects the general characteristics of urban population scale.
4.2.3.2 Urban Financial Stability (Fin)
Urban financial stability measures a city’s financial system’s capacity to operate under external shocks, especially extreme climate events. This resilience is primarily reflected in the banking system, capital markets, and insurance markets. Drawing on the approach of Xie et al. [41], this study measures financial development level and stability by the ratio of year-end financial institution loan balances to the regional GDP.
4.2.4 Control variables
To more comprehensively explore the impact of climate risk on urban economic resilience, this study draws on the control variable design from Xu and Zhang [20], Zhang et al. [42], Zhou et al. [43]. Five control variables are established:
4.2.4.1 Urban Economic Density (Den)
Urban economic density reflects the spatial concentration of economic activities. This study represents economic density as the ratio of regional GDP to urban land area.
4.2.4.2 Urban Entrepreneurial Activity (Live)
Urban entrepreneurial activity indicates the level of dynamism among economic entities in the city. This is measured by the ratio of private and individual business employees to the total urban population.
4.2.4.3 Urban Infrastructure Level (Fund)
The level of infrastructure in a city reflects the completeness of its foundational facilities. This study uses per capita road area as a measure of urban infrastructure level.
4.2.4.4 Urban Foreign Capital Dependency (Export)
Foreign capital dependency indicates the extent to which a city’s economy relies on international capital. This is measured by the proportion of actual utilized foreign capital to GDP, reflecting the city’s dependence on foreign investment.
4.2.4.5 Urban Human Capital Level (Hr)
Human capital level is a key indicator of urban workforce quality. This study uses the ratio of enrolled undergraduate and vocational students to the permanent population to represent urban human resource quality.
The data for the indicators are sourced from the China City Statistical Yearbook. The definitions of the variables used in this study are provided in Table 3, and the descriptive statistics for the main variables are shown in Table 4. The descriptive statistics reveal significant heterogeneity among the sample cities with respect to the main variables in the study. Specifically, the mean value of urban economic resilience (CRI) is 0.097, with a standard deviation of 0.0947. The maximum and minimum values are 0.9878 and 0.0118, respectively, reflecting notable disparities in the levels of economic resilience across different cities. The mean value of climate risk (UERI) is 3.3189, with a standard deviation of 0.2408, indicating that most cities experience climate risk within a narrow range, although some cities are more severely impacted by extreme climate events. The resilience sub-dimensions (Rel, Ada, Enpu) exhibit relatively low mean values, suggesting that cities generally show weaknesses in recovery and resistance, adaptive capacity, and transformational innovation. Control variables, such as urban entrepreneurial vitality (Live), infrastructure development level (Fund), and economic density (Den), display considerable variation, indicating significant differences in economic development conditions across cities, which supports the subsequent empirical analysis.
TABLE 3 | Definitions of key variables.
[image: Table detailing variables related to urban resilience and climate risk. It includes categories: Explanatory, Dependent, Mediating, and Control variables with names, abbreviations, descriptions, and data sources. Data sources include the China city statistical yearbook and the National Meteorological Centre of China.]TABLE 4 | Descriptive statistics of main variables.
[image: Table displaying statistical data for various variables. Columns include Variable, N, Mean, Sd, Min, Med, and Max. Rows represent different variables such as CRI, UERI, Rel, and more. Each row shows corresponding values for the number of observations (2,212), mean, standard deviation, minimum, median, and maximum for each variable. For example, the CRI variable has a mean of 0.097, standard deviation of 0.094, minimum value of 0.011, median of 0.070, and maximum of 0.987.]4.3 Econometric model specification
4.3.1 Baseline regression model
To verify the impact of climate risk on urban economic resilience, this study employs a two-way fixed effects model, structured as follows:
[image: A mathematical equation, representing a regression model, is shown: \( CRI_{it} = a_0 + a_1 UER_{it} + a_2 Controls_{it} + \lambda_t + \mu_j + \epsilon_{it} \), labeled as equation (1).]
Where [image: Please upload the image you'd like me to generate alt text for.] represents the city, [image: Please upload the image or provide a URL, and I will generate the alt text for you.] denotes the year, [image: Mathematical expression showing "CRI" with subscript "it", representing a contextual variable or index notation.] indicates the economic resilience of city [image: Please upload the image or provide a URL so I can help generate the alt text for it.] in year and [image: Text displaying the letters "UERI" in a bold, serif font with "it" in subscript.] represents the climate risk level for city [image: Please upload the image you'd like me to describe, and I'll generate the alt text for you.] in year [image: It seems there was an issue with uploading the image. Please try uploading it again, and I will help you generate the alternate text.] The control variables [image: Italicized word "Controls" with a smaller subscript "it" in a serif font.] include entrepreneurial activity ([image: I'm unable to view the image. Please upload the image file directly, and I can help generate the alternate text for it.]), infrastructure development level ([image: Text displaying the word "Fund" in a stylized font.]), economic density ([image: Please provide the image or a URL to the image you want described.]), foreign capital dependency ([image: Text "Export" italicized, often used in documents or software to denote exporting functions or options.]), and human capital level ([image: Please upload the image or provide a URL so I can assist you in generating the alternate text.]) in city [image: It seems there was an error in uploading the image. Please try uploading it again, or provide a URL or description for assistance.] during year [image: Please upload the image you'd like the alternate text for, and I'll be happy to help!] [image: Greek letter lambda with a subscript "i".] is city-specific fixed effects, which account for unobserved factors that vary across cities but remain constant over time. [image: Please upload the image or provide a URL, and I will be happy to help generate the alt text for it.] is time-specific fixed effects, which capture factors that affect all cities in a given year but vary over time. [image: A mathematical symbol representing epsilon with subscripts "i" and "t," often used in equations to denote error terms or residuals in a model.] is the error term, representing unobserved factors that influence the dependent variable but are not included in the model.
4.3.2 Mediation mechanism model
To examine the mechanisms through which climate risk impacts urban economic resilience, this study draws on Jiang and adopts a two-step model specification as follows [44]:
[image: Two regression equations displayed with variables CR and Mes as dependent variables. Each model includes independent variables UERI, a control variable, lambda, and epsilon. Equation numbers appear in parentheses.]
Here, [image: Please upload the image for which you need alternative text.] represents the mediation variables, specifically including urban population size ([image: It seems there was an issue with the image upload. Please try uploading the image again or provide a URL if available. You can also add a brief description or caption for context.]) and financial stability ([image: The image shows the word "Fin" in italicized font, suggesting the end of a story or movie.]). Other variables remain consistent with Model (1). The two-step process is as follows: The first step involves estimating the baseline model (Equation 1), which measures the direct relationship between climate risk and urban economic resilience. In the second step, the mediation model (Equation 2) is used to assess the indirect impact of climate risk on urban economic resilience through mediation variables, such as population size and financial stability. The coefficient of [image: Please upload the image so I can help you generate the alt text.], if significantly negative, would indicate that climate risk reduces urban economic resilience by decreasing both urban population size and financial system stability, thus validating Hypothesis 2.
4.3.3 Spatial durbin model (SDM)
To capture the spatial spillover effects of climate risk on urban economic resilience, this study extends Model (1) by introducing a spatial weight matrix and interaction terms among economic resilience, climate risk, and control variables, resulting in the following spatial Durbin model (Equation 3):
[image: Equation with variables and coefficients detailing a regression model: CRIt is equal to α₀ plus β₁ times W times CRIt plus β₂ times W times UERt plus α₁ times UERt plus β₂ times W times Controlsit plus α₁ times Controlsit plus λ𝑡 plus μ𝑖 plus εit.]
where [image: It seems like there is no image provided. Please upload the image or provide a URL, and I can generate the alternate text for it.] represents the spatial autoregressive coefficient. If [image: Please upload the image or provide a link to it, and I will help you generate the alt text.] is significantly negative, it suggests that climate risk exhibits a spatial spillover effect on urban economic resilience. [image: Please upload the image you would like me to generate alternate text for.] denotes the spatial weight matrix, which includes geographic, adjacency, and economic matrices. [image: Lowercase Greek letter beta with a subscript of two.] and [image: It seems like there was an attempt to include an image or mathematical expression, but it did not come through. Please try uploading the image or providing more context again. If you are referring to a mathematical symbol like beta (β) with a subscript, let me know if you need a description or anything specific about it.] capture the coefficients of the spatial interaction terms for the explanatory and control variables, respectively. Other variables remain consistent with Model (1) and are not further elaborated here.
5 EMPIRICAL ANALYSIS
5.1 Baseline regression analysis
In the empirical analysis section, we first conduct a baseline regression analysis to verify whether climate risk suppresses urban economic resilience. Table 5 presents the regression results of baseline model (1), where Columns (1) to (4) show the estimates from the panel fixed-effects model, controlling for both city and time fixed effects but excluding other control variables.
TABLE 5 | Baseline regression.
[image: A table presents regression results with eight models labeled (1) to (8). Each model examines the effect of various variables on different dependent variables labeled CRI, Rel, Ada, and Enpu. The main independent variable, UERI, shows significant negative coefficients in most models, with standard errors in parentheses. Other variables like Live, Fund, Den, Export, and Hr provide additional data but many cells are blank. Model specifications include city and year fixed effects. The table notes significance levels with asterisks, and includes R-squared, F-statistics, and sample size at the bottom.]Specifically, Column (1) reports the overall impact of climate risk on the urban economic resilience index, while Columns (2) to (4) explore the effects of climate risk on the three sub-indicators within the resilience capacity system: resistance and recovery capacity (Rel), regulation and adaptation capacity (Ada), and transformation and innovation capacity (Enpu). From these regression results, we can identify the varying impacts of climate risk on each resilience capacity.
Column (2) focuses on the resistance and recovery capacity (Rel) sub-indicator, showing a regression coefficient of −0.560, which is not statistically significant. This suggests that climate risk does not significantly affect the resistance and recovery capacity of cities in the sample, indicating that cities’ ability to resist and recover from shocks may be less sensitive to climate risks compared to their adaptive or innovative capacities.
In Columns (5) to (8), we further introduce control variables to examine whether the effects of climate risk on the resilience indicators change significantly after accounting for other influencing factors. Based on regression results of Table 5, we preliminarily verify the significant negative impact of climate risk on urban economic resilience. Specifically, Column (1) reports the baseline regression result without including control variables, where the regression coefficient is −0.601 and significant at the 5% level. This indicates that climate risk indeed has a significant suppressive effect on urban economic resilience. After introducing control variables, the result in Column (5) shows a regression coefficient of −0.575, which remains significant. This finding demonstrates robustness and supports Hypothesis 1: climate risk has a direct negative impact on urban economic resilience.
Further, urban economic resilience is decomposed into Rel, Ada, and Enpu for regression analysis. Column (3) presents the impact of climate risk on urban adaptive and adjustment capacity, with a regression coefficient of −0.455, significant at the 10% level. This suggests that climate risk weakens cities’ ability to adapt and adjust. The result reveals that cities face deficiencies in their adaptive and regulatory mechanisms when responding to climate change, which may hinder long-term economic adjustment and transformation goals.
The results in Column (4) indicate that climate risk also has a significant negative impact on urban innovation and transformation capacity. The regression coefficient is −0.373 and significant at the 5% level. This suggests that climate risk not only weakens cities’ innovative capabilities but also constrains their potential for future economic transformation.
In Columns (5) to (8), we introduce control variables such as urban entrepreneurial activity, infrastructure development level, economic density, foreign capital dependency, and human capital level. The results show that the negative impact of climate risk on urban resilience remains significant, particularly regarding urban innovation and transformation capacity, where the coefficients remain negative and are significant at the 1% level. Overall, climate risk significantly weakens urban economic resilience, with its impact on innovation and transformation being the most pronounced, further supporting the validity of Hypothesis 1.
5.2 Robustness tests
To ensure a more robust evaluation of the weakening effect of climate risk on urban economic resilience and to further investigate its related impacts, this study conducts robustness tests using the methods of replacing the explained variable, high-dimensional fixed effects, lagged explanatory variables, and subsample regressions. The results are shown in Table 6.
TABLE 6 | Robustness test regression results on the impact of climate risk on urban economic resilience.
[image: A table with four columns compares different statistical models: "Modification of dependent variables," "High-dimensional fixed effects," "Lagged explanatory variables," and "Subsample regression (excluding COVID-19)." Each model is labeled “CRI” and lists variables with coefficients and standard errors. Variables include UERI, Live, Fund, Den, Export, Hr, and _cons, each showing varying significance levels. The table includes model fitness indicators like \(R^2\), \(F\), and sample size \(N\), with controls for city and year fixed effects.]5.2.1 Method of Replacing the Explained Variable
In this test, the explained variable “urban economic resilience” is replaced with “high-quality urban economic development” (measured according to [43]), and the regression results are presented in Column (1) of Table 6. The results indicate that even after substituting urban economic resilience with high-quality urban economic development, the regression coefficient of UERI remains significantly negative at the 5% level, demonstrating the robustness of the baseline regression results.
5.2.2 High-Dimensional Fixed Effects Method
To further control for unobservable provincial-level factors that vary over time (such as the impact of macroeconomic changes on urban economic resilience), this study incorporates province-year interaction fixed effects into the baseline regression model. The regression results are shown in Column (2) of Table 6. The results reveal that under the control of high-dimensional fixed effects, the negative impact of climate risk on urban economic resilience remains significant, confirming the robustness of the research conclusions under a higher-dimensional control framework.
5.2.3 Lagged Explanatory Variables Method
Considering the potential continuity and even long-term nature of the impact of climate risk on urban economic resilience, this study lags the climate risk variable by one period to examine the effect of current climate risk on urban economic resilience in the next period. The regression results are presented in Column (3) of Table 6. The findings indicate that after lagging the explanatory variable by one period, the regression coefficient of climate risk remains significantly negative at the 1% level, suggesting that climate risk has a persistent negative effect on urban economic resilience, further confirming its long-term obstructive effect.
5.2.4 Subsample Regression Method:
Given the profound impact of the COVID-19 pandemic on urban economies, particularly in 2020 and thereafter, urban economic resilience during this period may have been affected by the pandemic rather than climate risk. To address this concern, this study excludes samples from 2020 and beyond and reruns the regression analysis. The results are presented in Column (4) of Table 6. The regression results show that even after removing pandemic-affected samples, the negative impact of climate risk on urban economic resilience remains significant, further supporting the robustness of the research conclusions. In summary, a series of robustness tests further validate the significant negative impact of climate risk on urban economic resilience.
5.3 Endogeneity treatment
The study finds that climate risks significantly reduce urban economic resilience. Conversely, regions with lower economic resilience are more susceptible to severe impacts from climate risks or may consume substantial resources in response to such risks, further hindering resilience improvement. Therefore, a two-way causal endogeneity issue exists. To address the endogeneity problem stemming from this two-way causality, this paper employs the Instrumental Variable (IV) method and the Heckman two-stage method.
First, in the IV method, the PM2.5 index is selected as the instrumental variable. On one hand, the PM2.5 index serves as a crucial indicator for measuring urban climate risk. Over the past two decades, increasing concentrations of PM2.5 have been closely linked to the intensification of environmental stressors and climate-related risks. These elevated pollution levels have contributed to the exacerbation of global climate change, leading to more frequent and severe climate events, such as heatwaves, floods, and storms [45]. As such, the PM2.5 index meets the relevance condition of an instrumental variable by having a strong and established relationship with the urban climate risk. On the other hand, PM2.5 does not directly affect urban economic resilience but may indirectly influence it through pathways such as resource misallocation and population scale, meeting the exclusivity condition. For example, persistent air pollution can drive population migration, alter labor force productivity, or disrupt economic activity by reducing quality of life or escalating health-related expenditures. Hence, the annual median of PM2.5 index is a valid instrumental variable because it satisfies both the relevance and exclusivity conditions, making it an appropriate tool for isolating the causal effect of urban climate risk on economic resilience in the analysis.
The IV regression results are presented in Table 7, Columns (1) and (2). The Cragg-Donald Wald F-statistic is 10.610, ruling out the possibility of weak instruments. The Kleibergen-Paap rk LM statistic is 6.623, with a p-value below 0.05, indicating that the instrumental variable does not suffer from identification issues. Overall, selecting PM2.5 as the instrumental variable is reasonable. The results further reveal that an increase in PM2.5 exacerbates climate risks. In the second-stage regression, the negative impact of climate risks on urban economic resilience remains significant.
TABLE 7 | Endogeneity treatment.
[image: Table showing regression results using instrumental variables and Heckman models. Three columns labeled (1) UERI, (2) CRI, and (3) CRI present coefficients for variables such as PM2.5, UERI, IMR, Live, Fund, Den, Export, and Hr, with standard errors in parentheses. City and Year fixed effects are noted as "YES" in all columns. Cragg-Donald Wald F statistic is 10.610 and Kleibergen-Paap rk LM statistic is 6.623[0.011]. R squared is -2.342. F statistic is 2.6305** and N is 1896.]Meanwhile, the degree of climate risk may vary across regions due to geographical differences. For example, desert and plateau areas often face more severe climate issues, which have a greater impact on transportation and infrastructure development, thereby exerting a more significant influence on urban economic resilience. This introduces a sample selection bias issue. To mitigate this bias, this paper employs the Heckman two-stage method. Specifically, variables such as urban entrepreneurial vitality (Live), infrastructure development level (Fund), economic density (Den), dependence on foreign capital (Export), and human capital level (Hr) are selected as the first-stage selection variables to estimate the influencing factors of urban economic resilience in the sample. The inverse Mills ratio (IMR), calculated in the first stage, is then included in the second-stage regression analysis. The regression results are shown in Table 7, Column (3). The coefficient of IMR is significant at the 5% level, indicating the presence of sample selection bias. After addressing this issue, the regression coefficient of climate risk (UERI) remains significantly negative, further supporting the conclusion that climate risks negatively impact urban economic resilience. In conclusion, using both the instrumental variable method and the Heckman two-stage method, this study robustly verifies the significant negative effect of climate risks on urban economic resilience.
5.4 Mechanism analysis
The results above indicate that climate risk significantly suppresses urban economic resilience. What pathways does climate risk use to reduce urban economic resilience? To test the mediating effect of climate risk on urban economic resilience, an empirical analysis of the mediation model was conducted, with results presented in Table 8. Columns (1) and (2) show that climate risk significantly negatively affects population size and financial stability, with statistical significance at the 5% level.
TABLE 8 | Mechanism analysis.
[image: A table displaying regression results with two models: Psize and Fin. The variables included are UERI, Live, Fund, Den, Export, Hr, and _cons with their respective coefficients and standard errors. City fixed effects and year fixed effects are included for both models. The R-squared values are 0.915 for Psize and 0.752 for Fin. F-statistics are 1.562 and 2.215, and sample size N is 2,212 for both models. Significant results are marked with asterisks.]Specifically, climate risk indeed exerts a significant negative impact on urban economic resilience (CRI) by reducing urban population size (Psize) and disrupting urban financial stability (Fin). In detail, the significantly negative influence of climate risk on population size and financial stability further weakens urban economic resilience, thereby validating Hypothesis 2. This finding indicates that climate risk not only directly affects urban economic resilience but also indirectly exacerbates its impact on the urban economic resilience system by influencing population size and financial stability. Therefore, Hypothesis 2 of this paper is supported.
5.5 Analysis of spatial spillover effects
This study adopts the methodology proposed by Elhorst, employing the Lagrange Multiplier (L.M) test, Wald test, SDM model fixed-effects test, Hausman test, and the simplified SDM model test to determine the spatial Durbin model (SDM) with spatial-temporal double fixed effects as the optimal choice for analyzing the spatial spillover effects of climate risk (UERI) on urban economic resilience (CRI). As an extended spatial regression model, the SDM not only estimates the direct effects of climate risk but also captures spatial spillover effects across regions, revealing the transmission pathways of climate risk across different spatial dimensions [46].
From the regression results presented in the Table 9, climate risk demonstrates a significant negative direct impact on urban economic resilience across the dimensions of adjacency, geography, and economic space, with specific coefficients of −0.038, −0.033, and −0.036, all significant at the 1% level. This indicates that climate risk weakens urban economic resilience, regardless of whether the cities are connected through geographic proximity, economic linkages, or spatial adjacency. The spatial correlation coefficient (rho) further reveals the spatial spillover effects of climate risk. In both the adjacency and geographic spatial models, the rho values are negative and significant, indicating a notable negative spatial spillover effect. Notably, in the geographic spatial model, the rho value is −0.690, which suggests that geographically proximate cities are more susceptible to the adverse effects of climate risk.
TABLE 9 | Spatial spillover effect analysis.
[image: A table presenting regression results for three models: Adjacency, Geography, and Economy. Each model's coefficients and standard errors are listed for variables like UERI, Live, Fund, Den, Export, Hr, and constants. Additional statistics include Spatial rho, Variance lgt_theta, sigma2_e, LR_Direct, LR_Indirect, LR_Total, Log-likelihood, and R squared values. Significant levels are indicated with asterisks, with varying significance across different models.]This finding further demonstrates that climate risk weakens urban economic resilience through negative spillover effects in adjacency, geographic, and economic spaces, with the spillover effect being particularly pronounced among geographically proximate cities. Therefore, Hypothesis 3 is supported.
5.6 Heterogeneous effects of climate risk on urban economic resilience
Due to differences in resource endowments, urban scale, and geographical location, there are significant disparities among cities in terms of both climate risks and economic resilience. This paper further explores the variations in the aforementioned effects. By further exploring these disparities, we can gain a more comprehensive understanding of the vulnerabilities and adaptive capacities of different cities in responding to climate change, thereby providing theoretical support for the formulation of more precise policies and the implementation of corresponding climate adaptation strategies.
5.6.1 Geographical Location
Cities are divided into three groups—eastern, central, and western—based on their geographical location. The analysis results are presented in Columns (1), (2), and (3) of Table 10. The study reveals that the negative impact of climate risks on economic resilience is significantly greater in eastern cities compared to those in central and western regions. A possible reason is that eastern cities have higher levels of economic development and greater dependence on external markets, making them more vulnerable to climate risks. Due to their advanced economic structures and open market environments, eastern regions are more susceptible to disruptions caused by climate events, which substantially weaken their recovery and adaptive capacities.
TABLE 10 | Regional heterogeneity-1.
[image: A table showing regression results for five different city categories: Eastern, Central, Western, Core cities, and Non-core cities. Each category lists coefficients for the variables UERI, Live, Fund, Den, Export, Hr, and _cons, along with standard errors in parentheses. City and Year fixed effects (fe) are noted as "YES" across all categories. The table also includes R-squared, F-statistics, and N values for each category, with significance levels indicated by asterisks.]5.6.2 Urban Hierarchy
Cities are categorized into central and non-central cities based on their importance [47]. Central cities typically refer to those with significant economic status at the regional or national level, such as cities located in economic core areas. These cities possess stronger economic agglomeration effects and policy resources. Non-central cities, on the other hand, have relatively fewer economic activities and resources within their regions. The classification is based on the cities’ administrative and functional roles, with central cities playing a more dominant role in regional or national economic development, while non-central cities are more localized in their influence.
The results are shown in Columns (4) and (5) of Table 10. The analysis indicates that the impact coefficient of climate risks on economic resilience in central cities is five times that in non-central cities. Although central cities exhibit stronger recovery capacities, their highly developed economic systems make them more fragile when exposed to climate risks. In contrast, non-central cities, due to their relatively lower levels of economic activity and resource concentration, experience smaller disruptions to their economic resilience systems when facing climate risks.
5.6.3 Administrative Hierarchy of Cities
Cities are classified into provincial capital cities and non-provincial capital cities. The results of the analysis are shown in columns (1) and (2) of Table 11. The negative impact of climate risk is significantly higher for provincial capital cities compared to non-provincial capital cities. Specifically, the climate risk coefficient for provincial capital cities is −1.857, while the coefficient for non-provincial capital cities is −0.728. As regional political, economic, and cultural centers, provincial capital cities experience high resource concentration and dense economic activities, which places them under greater pressure when responding to climate risks. Additionally, these cities bear more responsibilities for policy implementation and infrastructure maintenance, making them more vulnerable to climate shocks. In contrast, non-provincial capital cities have relatively smaller economic scales and fewer policy resources. While they are also affected by climate risks, their resilience systems experience comparatively limited disruption.
TABLE 11 | Regional heterogeneity - 2.
[image: A table presenting regression results with four city categories: Provincial capitals, Non-provincial capitals, Resource cities, and Non-resource cities. Each column shows coefficients and standard errors for variables like UERI, Live, Fund, Den, Export, Hr, and _cons. Significance levels are indicated by asterisks. Rows show whether city and year fixed effects are included, along with R-squared, F-statistics, and sample size (N) for each model.]5.6.4 Resource Endowment Conditions
According to the National Plan for Sustainable Development of Resource-Based Cities (2013–2020), cities are divided into resource-based and non-resource-based cities. The results are shown in columns (3) and (4) of Table 11. The impact of climate risk differs significantly between resource-based and non-resource-based cities. Non-Resource-based cities may face deficiencies in infrastructure related to climate adaptation and disaster resilience, rendering them more vulnerable to climate risks. For example, excessive exploitation of water resources can lead to insufficient water supply during droughts, thereby affecting both production and daily life. The economic activities of resource-based cities are often directly tied to resource extraction, which entails a higher risk of environmental degradation, making the adverse effects of climate risks particularly pronounced. Furthermore, these cities face challenges such as population aging and shortages of healthcare and educational resources, which exacerbate the impact of climate risks on economic activities and social stability, further weakening their economic resilience.
In summary, the impact of climate risk on urban economic resilience varies significantly based on geographical location, urban hierarchy, administrative level, and resource endowment conditions. These findings suggest that when formulating policies to address climate risks, differentiated strategies should be implemented based on city-specific characteristics. Particular attention should be paid to the vulnerabilities of eastern regions, central cities, provincial capital cities, and resource-based cities to enhance inter-city economic resilience and overall risk resistance capacity.
6 DISCUSSION
Previous literature has largely focused on the internal factors of economic systems that affect economic resilience, with limited attention paid to the influence of external factors on urban economic resilience, particularly climate risks. This paper, through data collection (Chinese city panel data from 2009–2022) and the application of appropriate empirical analysis methods, tests the hypotheses presented earlier and confirms the reasonableness of the conclusions drawn in the previous literature. In comparison to other related studies, this paper holds significant practical relevance, as with the continuous increase in human activity, especially the expansion of economic activity, environmental sustainability is under profound pressure, and climate issues have become increasingly prominent [24]. Furthermore, the detrimental effect of climate risk on urban economic resilience has emerged as an important issue in contemporary academic discussions. The study’s findings suggest that climate risk significantly suppresses urban economic resilience, and this conclusion remains robust across various tests.
On the other hand, this paper adopts more advanced empirical analysis methods, making certain improvements in the construction of the economic resilience evaluation system and the comprehensiveness of the analytical methods, providing conclusions that are timely. The study finds that climate risk weakens urban economic resilience through various mechanisms, consistent with Butsch et al. and Tran and Uzmanoglu [29, 33]. The research highlights that climate risk undermines infrastructure, leads to population loss, and causes financial system fragility, thereby impacting urban economic resilience. Additionally, climate risk has a significant negative impact on urban economic resilience across neighboring, geographical, and economic dimensions, suggesting that its effects are not confined to the affected cities but spread to surrounding areas through economic networks and supply chains. This finding is also consistent with Nyarko’s research on supply chain disruptions and resource competition [34]. Given the different factor endowments across regions, the impact of climate risk on urban economic resilience also varies significantly.
7 CONCLUSIONS AND POLICY IMPLICATIONS
7.1 Conclusions
In the context of intensifying global climate risks and growing attention on urban economic resilience, this paper examines the impact of climate risk on the economic resilience of Chinese cities and its underlying mechanisms. Using panel data from Chinese cities between 2009 and 2022, the paper constructs an index system for urban economic resilience and assesses the level of climate risk in each city. Through empirical analysis, the study explores both the direct impact of climate risk on urban economic resilience and its indirect effects mediated by factors such as urban population size and financial stability. In addition, the spatial spillover effects of climate risk are analyzed, revealing the varying impacts across different regions and city types. The results show that climate risk significantly weakens urban economic resilience, a conclusion that remains robust after conducting various robustness checks. Furthermore, climate risk exacerbates this impact by influencing urban population size and financial stability. The effect of climate risk varies by region and city type: compared to the central and western regions, non-central cities, and resource-based cities, the eastern region, central cities, and non-resource-based cities are less affected by climate risk. Finally, the study identifies clear spatial spillover effects, where climate risk impacts do not remain confined to individual cities but spread to surrounding cities or regions through economic connections, supply chains, and market fluctuations.
7.2 Limitations and future research directions
Although this study strives to ensure the reliability of the results, there are still some limitations. First, while multiple control variables, regression models, and spatial Durbin models have been used to mitigate the impact of endogeneity, it is not possible to completely rule out the potential correlation between explanatory variables and error terms. This endogeneity may arise from bidirectional causality, omitted variables, or measurement errors, such as the possibility that urban economic resilience may, in turn, influence its capacity to withstand climate risks. Furthermore, the exclusion of key variables such as government policy, economic crises, natural disasters and public health emergencies may lead to bias in the estimates of climate risk effects, impacting the accuracy of the conclusions. Future research could further alleviate these issues by incorporating instrumental variables or quasi-natural experiments and including the integration of longer time series and social events in the analysis. Second, given that this study primarily focuses on Chinese cities, China’s unique political system may influence the relationship between climate risk and economic resilience. The differences in regional policies may affect resource allocation and implementation strength, thereby impacting the enhancement of urban economic resilience. For example, the eastern region emphasizes high-quality development and ecological protection, while the central and western regions focus on economic growth and infrastructure development. Third, the public opinion to climate risks is an important driving force for governments to take measures to address climate change and economic resilience. In future research, we will further consider the impact of public opinion. Cross-national comparisons, studies on behavior and attitudes, as well as research on social movements and policy change, will help us gain a more comprehensive understanding of and effectively utilize public opinion as an important force to better address the global climate change challenge.
7.3 Policy implications
This study contributes to the theoretical understanding of urban economic resilience by emphasizing the complex and multifaceted impacts of climate risks on cities. Based on the above conclusions and discussions, this paper provides several insights for policymakers:
7.3.1 Increase investment in climate-adaptive infrastructure to enhance the city’s ability to respond to climate risks
To address the challenges posed by climate change, the government should prioritize investments in infrastructure that can mitigate extreme weather events, such as flood control, drought prevention, and drainage systems. In addition, projects like smart transportation and green buildings should be promoted to improve the sustainability of urban infrastructure. For non-central cities and resource-based cities, it is crucial to prioritize the construction of disaster-resistant infrastructure to ensure the cities can recover swiftly when climate-related events occur. Furthermore, the use of clean and renewable energy should be encouraged to reduce dependence on fossil fuels and improve the long-term sustainability of cities.
7.3.2 Promote the diversification of urban economic structures to enhance urban economic resilience
Climate risks have a more pronounced impact on cities with a single economic structure. Policies should encourage cities in the central and western regions, as well as resource-based cities, to adjust their industrial structures and drive technological innovation. The government should support the development of green industries, low-carbon technologies, and renewable energy through tax incentives, financial subsidies, and other measures. Furthermore, innovation by high-tech companies should be encouraged to steer the industrial structure towards low-carbon and environmentally friendly directions. Additionally, it is essential to strengthen urban development in the fields of digital economy and green buildings to improve the overall economic resilience of cities, thereby maintaining competitiveness in the context of climate change.
7.3.3 Establish cross-regional cooperation mechanisms to enhance the synergistic effect of climate risk management
Due to the spatial spillover effect of climate risks, cities should strengthen regional coordination and establish cross-regional climate risk management mechanisms. Developed regions in the east can leverage their economic and technological advantages to assist cities in the central and western regions, as well as non-central cities, in enhancing their climate adaptation capabilities, thereby forming a collaborative regional network for responding to climate change. Additionally, cross-regional climate emergency response and resource-sharing platforms should be established to facilitate the sharing of climate risk information and the collaborative execution of emergency plans.
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The causal impacts between economic policy and listed oil companies have been discussed previously, reporting either positive or negative impacts. However, various channels bridge the impacts flowing between them, resulting in multiple causal impacts rather than only a single causal impact. This work employs a dynamics-based causality method, namely, pattern causality, and aims to reveal multiple causal interactions between economic policy and listed oil companies in China. Using the economics policy uncertainty index and the stock prices of nine popular listed oil companies in China from 2006 to 2025, several interesting findings are discovered. 1) Three kinds of causalities exist between economic policy and listed oil companies: positive, negative, and dark causality. Dark causality suggests more complex interactions, which may drive two variables to evolve with fluctuations; 2) rather than only one kind of causality, three heterogeneous causalities exist simultaneously with different magnitudes; 3) the causal impacts between the economic policy and listed oil companies are asymmetric; 4) by comparing the causal magnitudes, dark causality is shown to play a relatively dominant role between economic policy and listed oil companies. These new findings suggest complex interactions between economic policy and listed oil companies, requiring a reassessment of the underlying risks for market participants. Our approaches also offer an alternative perspective on understanding the complexity of social systems.
Keywords: economic policy, oil listed company, multiple causality, dynamics theory, complex system analysis

1 INTRODUCTION
The global energy landscape is undergoing a profound transformation, shaped by overlapping forces such as climate change mitigation efforts [1, 2], geopolitical realignments [3, 4], and technological innovation [5]. Central to this transformation is the interplay between economic policy uncertainty (EPU) and the strategic behavior of listed oil companies [6, 7]. As governments grapple with decarbonization targets, energy security concerns, and macroeconomic stabilization, the resultant policy volatility creates both risks and opportunities for oil firms [8]. Conversely, the operational decisions of these firms—ranging from capital expenditure allocations to lobbying activities—significantly influence policy trajectories [9, 10]. This paper explores the bidirectional dynamical impacts between EPU and listed oil companies in China, addressing a critical gap in the literature by analyzing the dynamic feedback mechanisms that characterize their interactions.
Economic policy uncertainty, defined as the ambiguity surrounding future policy actions [11], has surged in recent decades due to factors such as trade wars, regulatory reforms, and the transition to net-zero economies [12, 13]. For the oil sector, which is capital-intensive, politically sensitive, and exposed to long-term demand risks, EPU exacerbates operational challenges [14]. For example, the EU’s evolving carbon pricing framework and the US’s vacillating stance on shale oil subsidies have created a climate of uncertainty that disrupts investment planning (BP, 2022). Conversely, oil company responses—such as divesting from fossil fuels or expanding into renewable energy—can alter policymakers’ perceptions of industry viability, thereby shaping subsequent regulatory choices [13].
Existing studies on EPU and oil firm behavior primarily focus on directional impacts [15, 16]. For instance, a large body of research documents how EPU reduces corporate investment [17], increases financing costs [18], and distorts innovation trajectories [19]. In the energy sector, scholars have examined how policy uncertainty affects renewable energy adoption (Aklin & Urpelainen, 2012) and oil price volatility [20, 21]. However, these studies often treat policy as an exogenous shock, neglecting the role of firms in shaping policy outcomes. The findings are mixed regarding the impacts between EPU and oil firms. Some scholars report negative causal impacts between EPU and firm behavior [22]. For example, some scholars suggest that policy uncertainty may increase uncertainty as it leads to increased costs and, therefore, negatively affects investment behavior. Bloom [23] has reported that increased uncertainty raises the “real option value to wait,” which forces companies to delay their investment until the uncertainty is reduced. In contrast, some literature provides evidence of positive causal impacts. Belderbos et al. [24] reported that firms in across-country investments improve the value of growth options, and this often occurs when high market uncertainty exists in host countries. In summary, the impacts between EPU and listed oil companies are debatable and mixed concerning the directional and bidirectional as well as positive and negative impacts, requiring new techniques to clarify the complex connections between EPU and oil firms.
The interplays between EPU and listed oil companies may occur from various channels, as shown in Figure 1 [25–27]. 1) For investment decision-making. Policy uncertainty increases the unpredictability of a company’s future cash flows, leading oil companies to postpone or reduce long-term capital expenditures such as exploration and development and refining capacity expansion [28]. 2) Financing cost channel. The rise in market risk premiums caused by policy fluctuations is transmitted through debt financing costs and equity financing costs [22]. 3) Expectation management [29]. The ambiguity of policy signals leads to deviations in management’s forecasts of future demand. OPEC + member countries adjusted their monthly production quotas repeatedly due to the repeated release policy of the US Strategic Petroleum Reserve. 4) Supply chain reconfiguration. Changes in trade policies (such as the US sanctions on Venezuelan crude oil) force oil companies to adjust their procurement networks, increasing logistics costs [30]. 5) Tax policy. Changes in policies such as windfall profit taxes directly affect corporate profits (for example, the UK’s Energy Profits Levy in 2022 led to a 12% decline in BP’s quarterly net profit.) 6) Technological innovation. The uncertainty of the carbon pricing mechanism affects the R&D investment of oil companies in carbon capture, utilization, and storage (CCUS) technologies [31]. 7) Market access. The tightening of environmental protection policies (such as the EU’s plan to ban the sale of fuel-powered vehicles by 2030) forces oil companies to adjust their business structures. 8) Consumer expectation [32]. The expected fluctuations in energy prices triggered by policy uncertainty affect terminal demand [33]. 9) Political risk channel [21, 34, 35]. Geopolitical conflicts (such as the Russia–Ukraine war) combined with the uncertainty of energy policies led to the revaluation of the assets of oil companies. These channels form a dynamic feedback mechanism. For example, oil companies influence policy-making through political donations, thus forming a two-way interaction between policies and corporate behavior. It is obvious that some channels may pass positive impacts between economic policy and listed oil companies, while negative impacts flow through other channels. These facts suggest not simply a single causal impact between economic policy and listed oil companies. Moreover, the fluctuation trends between variables are often neither the same nor opposite. In addition to the positive and negative impact patterns, more complex patterns may exist between EPU and listed oil companies.
[image: Diagram illustrating the relationship between IEPs and oil-based catalysts, with technological innovation and supply chain at the top. Arrows indicate positive, nonlinear, and negative impacts, including political risk, expectation, tax, financial cost, investment, and market access.]FIGURE 1 | Possible impact patterns and channels between EPU and listed oil companies.
Some scholars aim to detect the interplay and volatility spillover between economic policy and listed oil companies [36, 37]. Another popular approach is causality analysis [38–40]. The Granger causality test is one of the popular causality analysis methods, and it is widely used in economics and finance [41]. Due to the nonlinearity in many real-world systems, the nonlinear Granger causality test was developed to measure nonlinear causal impacts [42]. However, traditional Granger causality methods are based on statistic regression and are reliable for stable series, but they show limitations for unstable series. Moreover, they also show limitations when we must quantify the strength of causal impacts. Transfer entropy is a nonparametric tool that investigates causality by measuring the information flowing between observations. As certified by previous works, transfer entropy is equal to the Granger causality test when the sample datasets are Gaussian distributed [43]. Unlike previous statistical approaches, cross-convergent mapping (CCM) is developed from the dynamics embedded in the state space [44]. It reports that the time series variables are causally linked if they are generated from the same dynamical system and they share a common attractor. The CCM method has a satisfactory ability to detect causality in complex nonlinear systems, which solves the limitation of the Granger causality test.
Although several causal detection techniques are widely used in financial systems, like Granger causality, transfer entropy, and CCM, these methods can only distinguish a single causal impact. For example, only positive or negative causal impacts can be obtained between two observations via traditional methods. This is very limited for practical situations. If there is only a single causal impact (e.g., positive impact) from variable X to variable Y, then the increase (decrease) of X will drive the increase (decrease) of variable Y. In other words, they are more likely to evolve in similar directions. However, these rules are often rare for many real-world observations; their fluctuation associations are complex, neither the same nor opposite directions. The complex causality between them can be partially explained by the aforementioned various channels. Some channels propagate positive impacts, while others flow through negative causal impacts. Thus, we speculate that there may be more than one kind of causal impact between economic policy and listed oil companies and possibly multiple impacts. Thus, more reliable methods are needed to reveal the complex interactions in real-world systems. Stavroglou et al. [45] proposed the pattern causality algorithm (PC) based on the state space reconstruction theory, which can not only detect causality, but it can also quantify causal strength. More importantly, PC can distinguish both positive and negative causal impacts as well as a more complex causal interaction, namely, dark causality.
Thus, this work employs pattern causality methods to examine multiple causality impacts between economic policy and listed oil companies. The study makes three contributions. First, it utilizes a new theoretical framework that captures the complex dynamical causalities between EPU and listed oil firms in China. Second, in addition to the previously reported positive and negative causality, it reveals more complex causal interactions (dark causality) between EPU and the stock prices of listed companies, both positive and negative. Third, it analyzes the dominant causal interactions between economic policy and listed oil companies by quantifying the magnitude of multiple causalities.
The remainder of this paper is organized as follows: Section 2 describes the methods. Section 3 depicts the sample data. In Section 4, we investigate the complex causal impacts between EPU and the stock prices of listed oil companies in China. Section 5 summarizes our main findings.
2 METHODS
According to dynamical systems theory, in a dynamic system, if we can estimate the state of component Y based on the dynamics of component X, we can infer causality from variable Y to variable X [46]; the more accurate the estimation can be, and the stronger the causality is. On the other hand, inaccurate estimation indicates variable Y has no dynamics information left in variable X. We speculate that there is no causal interaction from Y to X. According to [44], it is possible to test estimations by the mappings between reconstructed dynamical structures from time series variables. In particular, we can measure the causality by mapping among neighbor points in the reconstructed dynamical structure. The dynamical structure is reconstructed based on the delay embedding theory. Thus, we can test the dynamical causal interactions between variables based on the accuracy of mutual estimations. As we know, the causal interactions between variables can be positive or negative, even in more complex ways. In addition, the strengths of impacts are different for different samples, thus requiring not only causality inference but also the causal strength and causal type.
A dynamics-based causality method is proposed to solve the above issues, namely, pattern causality, which examines causality from X to Y by quantifying how consistently average patterns in the state space of X correspond to average patterns in the state space of Y in contemporaneous neighborhoods. According to pattern causality, there may exist three heterogeneous causal impacts: positive, negative, and dark causalities. A positive causality (i.e., “mutualism”) drives two variables to evolve in the same direction, while opposite forces exist for negative causality (i.e., “competition”). Dark causality suggests more complex interactions that are neither “mutualism” nor “competition,” and it forces two variables to evolve with fluctuations.
Specifically, the main processes of pattern causality are given by four fundamental steps [40, 45]. First, we must make a state space reconstruction from time series [47]. Based on Takens’ theory, we can reconstruct a multidimensional state space from time series using two faithful parameters, that is, embedding dimension E and lag [image: It seems there's no image uploaded. Please upload the image you want alt text for. If you have any questions or need assistance, feel free to ask!] [48]. Specifically, we reconstruct E-dimensional state space [image: It seems like there was an issue with uploading your image. Please try uploading the image again, and I will be happy to help generate alternate text for it.] from time series [image: Certainly! Please upload the image or provide a URL so I can help generate the alternate text for you.], see Equation 1.
[image: Matrix equation showing \( A_X = \left[ \begin{array}{cccc} X(1) & X(1+\tau) & \cdots & X(1+(E-1)\tau) \\ X(2) & X(2+\tau) & \cdots & X(2+(E-1)\tau) \\ \vdots & \vdots & \ddots & \vdots \\ X(h) & X(h+\tau) & \cdots & X(l) \end{array} \right] \), labeled as equation \((1)\).]
where l is the length and [image: The equation shown is \( h = l - (E - 1)\tau \).]. The row vectors ([image: No image was uploaded. Please upload the image or provide a URL for me to generate the alternate text.]) on [image: Please upload the image or provide a URL so I can generate the alternate text for it.] denote the states evolving with time.
Once we get the reconstructed state space for both variables X and Y, we must then determine the average pattern of each point in the state space. The average pattern shows the fluctuation trend in state space. The average pattern of [image: Sorry, without a visual or more context, I cannot generate alternate text for the image you are referring to. Please upload the image or provide a URL.] is estimated by its nearest neighbors. Specifically, we must find the weighted combination from its E+1 nearest points based on the Euclidean distance, see Equation 2:
[image: Formula for \( w^*_i \) as a softmax function: \( w^*_i \) equals the exponential of negative \( d(x, s(t)) \) divided by the sum of exponentials of negative \( d(x, s(t)) \) for all \( i \).]
where d denotes the Euclidean distance, and [image: Mathematical expression displaying the variable \( x \) with subscript \( i \) in parentheses, denoting an element of a sequence or a function of the index \( i \).] is the nearest neighbor of a given [image: It seems there was an error with your input. Could you please provide the image by uploading it or sharing a valid image URL?].
The average pattern [image: Mathematical expression displaying \( P_{x(t)} \) in italic script.] can be determined by the coarse process; see Equations 3–5.
[image: Mathematical expression depicting a sequence of fractions. The sequence starts with \((X(x_0 + r) - X(x_0)) / X(x_0)\) and ends with \((X(x_0 + (E - 1)r) - X(x_0 + (E - 2)r)) / X(x_0 + (E - 2)r)\). The expression is labeled as equation (3).]
[image: Mathematical equation showing \( H(x) = \sum_{i=1}^{24} w_i H_i^* \), where \( H(x) \) is the main variable, the summation is from \( i = 1 \) to \( 24 \) of \( w_i H_i^* \).]
[image: It looks like there is an issue with the image or file you are trying to describe. Please upload the image again or provide a URL so I can assist you further.]
Nine patterns exist in a 3-dimensional state space: [image: Please upload the image or provide a URL for me to assist you in generating the alternate text.], [image: Please upload the image or provide a URL for it. You can also include a caption if you want to add context.], [image: Vector diagram displaying two vectors emanating from a common point. Each arrow is labeled with coordinates to indicate direction and magnitude, illustrating mathematical concepts of vector addition or transformation.], [image: Arrow symbols in mathematical notation, depicting a function or mapping represented by an arrow pointing from left to right.], [image: Please upload the image or provide a URL for it, and I'll help generate the alternate text.], [image: A pair of curved arrows, one pointing right and the other pointing downwards to the right, often representing a transformation or a mapping in mathematics.], [image: A quirky, minimalistic face with asymmetrical eyes and a playful expression, featuring one eye open wide and the other winking, complemented by a mouth composed of a tilde symbol.], [image: A mathematical illustration showing the transformation of a vector. The vector initially points towards the top left and transitions to pointing towards the bottom right, indicated by an arrow.].
Third, we distinguish three kinds of causality based on the average pattern in the state space [image: It looks like there is an issue as there is no image provided. Please upload an image or provide a URL so I can generate the alternate text for you.] and [image: Please upload the image or provide a URL so I can generate the alternate text for it.]. Positive causality is inferred when [image: To generate alt text, please upload the image or provide a URL. Optionally, you can add a caption for additional context.] has a similar average pattern on [image: Image of a mathematical expression with a capital letter "A" followed by a lowercase "x" subscript.]. Negative causality is determined when opposite patterns are coupled; for example, a [image: Please upload the image or provide a URL so I can generate the alternate text for it.] pattern causes the [image: I'm unable to see the image you're referring to. Please provide the image file, and I'll create the alt text for you.]) pattern. Moreover, a dark causality is inferred when neither similar nor opposite patterns (e.g., pattern [image: Please upload the image you would like me to generate alternate text for.] causes the pattern [image: A facial expression emoticon featuring raised eyebrows, slightly closed eyes, and a small, angled mouth suggesting confusion or disapproval.]).
After identifying the type of causality, we must quantify the causal strength. The causal strength is measured by the accuracy of cross estimation between state spaces. In particular, we estimate the average pattern of [image: It appears there is no image visible. Please upload the image or provide a URL for assistance with alt text generation.] contemporaneously with [image: It seems like you may be referring to a mathematical expression. If you have an image you'd like me to describe, please upload it or provide a URL.] by a mapping that keeps the weights [image: Mathematical notation with a lowercase "w" subscripted by "i" and superscripted by "x".] on [image: Please upload the image or provide a URL for it, and I can help generate the alt text for you.], see Equations 6-9:
[image: Mathematical equation displaying a sequence of variables. It describes \( Y_{i(x)} \) as a vector consisting of multiple \( Y \) terms with decrements, from \( Y_{i(x)}(t) \) down to \( Y_{i(x)}(t - (E - 1)\tau) \), each associated with temporal shifts. The expression \( \widetilde{Y}_{i(x)} \) belongs to \( \mathbb{N}_{i(x)}^{l(x, t)} \). Also indicates equation number (6).]
[image: The equation represents \( \hat{Y} \) as a function involving series of terms. Each term is a fraction, with the numerator being a difference of functions \( Y(x_{t_0} - k \tau) - Y(x_{t_0}) \), where \( k \) varies, and the denominator being \( Y(x_{t_0}) \). The series continues, indicating a pattern based on the variable \( k \), and is enclosed in parentheses. The equation is labeled as number seven.]
[image: Mathematical equation showing \(\hat{H}_{\nu}(t) = \sum_{i=1}^{N} w_{i}^{\nu} \hat{H}_{i}^{\nu}\), followed by equation number (8).]
[image: It looks like you provided a part of an equation or expression:   \[ P_{y0} = \text{Pattern}(H_{x0}) \]  If you have an image you'd like me to describe, please upload it or provide a link. If this text relates to an image, it seems to represent a mathematical or computational concept involving pattern recognition or assignment.]
By examining all state points on [image: Please upload the image or provide a URL for me to generate the alternate text.] and [image: It seems like there is a misunderstanding. Please upload an image or provide a URL for me to generate alternate text.], we obtain all the estimated average patterns of [image: If you provide an image or its URL, I can help generate the alternate text for it. Please upload the image or specify the URL.] based on the dynamics of [image: It seems there might have been an issue with uploading the image. Please try uploading it again or provide additional context.] and the real average patterns of [image: I can help if you provide an image or a URL. You can upload it here, and optionally, include a caption for more context.]. Then, accuracy can be used as a metric of causal strength where the estimated average pattern of [image: A mathematical expression showing the function \(y(t)\), where \(y\) is a function of the variable \(t\).] is equal to the real average pattern. Thus, for each possible pattern [image: Mathematical expression displaying capital P of x and t enclosed in parentheses.], we calculate the percentage of occasions for which the contemporaneously estimated average pattern [image: Mathematical notation showing a hat symbol over the letter P, followed by subscript y and a function of time, t, in parentheses.] equals the true average pattern [image: The mathematical expression depicts the symbol \( P_{y(t)} \), which represents the probability of the variable \( y \) as a function of time \( t \).]. Because there are three kinds of causalities, we can measure the causal strength for positive, negative, and dark causalities (more details can be seen in [40]).
3 DATA
This work aims to detect the impact of economic policy on listed oil companies. Thus, we collect the sample data about economic policy and listed oil companies. For the economic policy, we use a widely used index, namely, the economic policy uncertainty index (EPU), which is a newspaper-based index for policy uncertainty in China (More details are given at https://www.policyuncertainty.com/china_monthly.html). The monthly series from 2010/6/1 to 2025/2/1 are used. The length of the observed series is 177.
We consider the ten most popular listed oil companies: China National Petroleum Corporation, China Petrochemical Corporation, China National Offshore Oil Corporation, China Oilfield Services Limited, COSCO SHIPPING Energy Transportation, China Merchants Group, China Merchants Energy Transportation, Shenergy Company Limited, Guanghui Energy, and Jereh Group. Their monthly stock price series from 2010/6/1 to 2025/2/1 are used as sample. Their corresponding stock codes are given in Table 2. All the datasets are free at https://cn.investing.com/. The datasets are depicted in Figure 2.
[image: Nine line graphs show various stock prices from 2007 to 2025 for codes 601857, 0883, 600028, 601808, 600026, 601872, 600642, 600256, and 002353. The tenth graph displays the EPU index over the same period. All graphs indicate fluctuating trends with some peaks and troughs.]FIGURE 2 | The selected sample data in this work.
From the statistical analysis, the stock price of China National Petroleum Corporation shows relatively higher fluctuations with a standard deviation of 20.3. Meanwhile, the stock price for China National Offshore Oil Corporation remains stable and has the lowest standard deviation. It is obvious the EPU has the highest volatility due to the highest standard deviation (see Table 1). Based on the correlation analysis, many stock prices show positive connections, while negative correlations are discovered between the EPU index and stock prices of other listed oil companies; see Figure 3.
TABLE 1 | Statistical analysis of sample datasets.
[image: Table displaying stock data with columns: Order, Code, Mean, STD, Maximum, Minimum, Skewness, and Kurtosis. Codes include 601857, 0883, and others. Note explains stock source details, including exchanges from Hong Kong and Shenzhen.][image: Heatmap showing a ten-by-ten grid with varying colors from blue to red. A color bar on the right indicates values from negative to positive correlation. Blue signifies lower, red higher correlations. Diagonal from top left to bottom right features red squares, indicating strong correlation. Vertical and horizontal axes labeled from zero to ten.]FIGURE 3 | The Pearson correlation analyses of selected samples.
4 RESULTS
4.1 Parameter selections and dynamics reconstructions
According to our dynamical causal interaction methods, we need to detect dynamical impacts from the reconstructed state space. On this basis, two fundamental parameters must be identified, that is, embedding dimension E and time lag [image: Please upload the image or provide a URL, and I will generate the alternate text for you.]. Parameter E determines the goal dimension of reconstructed space, and time lag [image: If you upload the image, I can help generate alternate text for it. Please make sure to include the image file.] is the basis of the coordinates of reconstructed space. Several classic approaches are proposed to identify these parameters. In this work, we employ a widely used method to find the optimal embedding dimension, that is, the false nearest neighbor [49]. The main idea is to examine how the number of neighbors of a point along a trajectory changes with increasing embedding dimension. For a too-low embedding dimension, many of the neighbors will be false, but in an appropriate embedding dimension or higher, the neighbors are real. With increasing dimensions, the false neighbors will no longer be neighbors. Therefore, it is possible to find a faithful embedding dimension by examining how the number of neighbors changes as a function of dimension. Thus, when we reduce the dimension by one, some points are strongly affected and become false nearest neighbors (FNN). To identify these FNN points, we compared the distances between points in the E-dimensional space with those in the [image: Please upload the image or provide a URL, and I will help generate the alternate text for it.]-dimensional space and calculated their ratio. Economic policy uncertainty (EPU) is the critical factor in our work, and China National Petroleum Corporation is representative of the petroleum and petrochemical industry. Thus, the EPU and stock price series of China National Petroleum Corporation are selected as a sample. We determine [image: It seems you are trying to describe an image, but I need you to upload the image or provide a URL to generate alternate text. You can add a caption for additional context if needed.] in this work; see Figure 4.
[image: Two line graphs are displayed. The left graph shows "Rate" on the y-axis, ranging from 0 to 0.6, and "Dimension" on the x-axis, ranging from 0 to 10, with data points decreasing initially and then stabilizing. The right graph shows "Mutual Information" on the y-axis, ranging from negative 0.1 to 0.4, and "Time Lag" on the x-axis, ranging from 0 to 10, with a U-shaped trend. Both graphs use black dots connected by lines to indicate data points.]FIGURE 4 | The selection of parameters for the reconstructions.
The time lag is another key parameter to guarantee a reliable reconstruction. If the delay time is too short, the two coordinate components of the phase space vector are so close numerically that they are indistinguishable from each other, thus failing to provide two independent coordinate components. If the delay time is too large, the two coordinate components appear to be completely independent, and there is no correlation between the projections of the trajectories of the chaotic attractor in the two directions. Therefore, a suitable method is needed to determine a suitable delay time to strike a balance between independence and correlation. This parameter is identified by mutual information that the first minimum in a plot between time delay and mutual information is a reliable selection [50]. We set [image: Please upload the image or provide a URL to it so I can generate the alternate text for you.] in this work.
Once we identify the embedding dimension and time delay, we can perform phase space reconstruction from each time series. The reconstructed structures are given in Figure 5. In this way, we map each one-dimensional time series into a 3-dimensional state space. The trajectory depicts the dynamical evolutions for each variable. On this basis, it is possible to identify the dynamic interactions between variables.
[image: Nine 3D line graphs arranged in a grid, each depicting complex and erratic paths with different axes ranging from single to triple digits. The bottom graph has axes extending beyond one thousand, indicating larger values.]FIGURE 5 | The reconstructed 3-dimensional state space based on the time series of sample variables. Note: the results are ordered based on Figure 2.
4.2 The positive causal impacts of economic policy on listed oil companies
In this section, we discuss the complex impacts of economic policy on the stock prices of oil companies. Causality analysis is a useful approach to reveal the causal impact between observations. We employ pattern causality to reveal their complex causal interactions. According to pattern causality, three kinds of causal interactions may exist: positive, negative, and dark causality. We first examine the positive causality between economic policy and the stock prices of listed oil companies. For each observation pair, the positive causal interactions are quantified by measuring the consistent patterns between state points on the reconstructed state space (see Figure 6). Table 2 depicts the pair-wise causal interactions for all sample variables. The direction of causality is from row variables to column variables. For example, the value 0.47 in the first row and second column (1,2) represents the causal interaction from variable 1 to variable 2, and the causal strength is 0.47. The results show positive causal interactions between sample variables. The average positive causal interaction equals 0.3. In particular, the average positive causal interaction between the listed oil companies is 0.34, while it is 0.16 between EPU and listed oil companies. These findings suggest that stock prices of listed oil companies are more likely to evolve in the same direction, and EPU also has relatively low positive causal impacts on the stock prices of listed oil companies. However, stock prices of oil companies also generate positive feedback to EPU. Moreover, the positive causal impacts are asymmetric. See Figure 6 and Table 3, which report the difference between received causal impacts and output impacts.
[image: Heatmap showing a ten-by-ten grid with color coding from red to blue, representing values from 0.08 to 0.00. Rows are labeled 3 to 10 and columns 1 to 9. Bright red and blue dominate, indicating higher and lower values, respectively.]FIGURE 6 | The positive causal impact among selected observations.
TABLE 2 | The positive impacts among selected sample variables.
[image: A ten-by-ten numerical matrix with values between zero and one, arranged in rows and columns labeled one to ten. Each cell contains a decimal number representing an observation. An accompanying note indicates that the numbers from one to ten correspond to specific observations as referenced in Table 1.]TABLE 3 | The net positive causal impacts among samples.
[image: A correlation matrix with ten rows and columns is displayed. Each cell contains a correlation value ranging from negative zero point four seven to positive zero point forty six. The diagonal consists of zeros, indicating self-correlation.]4.3 The negative causal impacts of economic policy on listed oil companies
In addition to positive causal impacts, we then examine whether there exist negative impacts between EPU and stock prices of listed oil companies. According to pattern causality, the negative causal interactions can be quantified by measuring the opposite pattern of state points on the reconstructed state space. The results show negative causality between selected samples (Table 4). In total, the average negative causal impacts among all observations and only listed oil companies are 0.21 and 0.18. The average negative causal impact between EPU and listed oil companies is 0.33. These findings suggest that the negative causal impacts between the stock prices of listed oil companies are relatively lower than the impact between economic policy and listed oil companies.
TABLE 4 | The negative impacts among selected sample variables.
[image: A ten-by-ten grid with numerical values ranging from zero to zero point seven one. The first column shows a sequence of numbers from zero to zero point five five. Each cell contains a numerical value with decimal points, possibly representing percentages or probabilities. The grid is labeled 1 to 10 along the top and side.]To further analyze the causal impacts, it is obvious that the received impacts and output impacts are not equal. This indicates asymmetric negative causal interactions between samples (see Figure 7). In addition, we examine the net causal impact from the difference between received and output impacts (see Table 5). The results show that the EPU is more likely to bring net negative impacts on the stock prices of listed oil companies. In general, EPU has higher negative impacts on the stock prices of listed oil companies than negative feedback from oil companies.
[image: Heatmap displaying a ten by ten grid with cell colors ranging from blue to red. Blue represents lower values, while red indicates higher values. A color scale on the right indicates the value range from zero to 0.74.]FIGURE 7 | The negative causal impact among selected observations.
TABLE 5 | The net negative causal impacts among samples.
[image: A numeric table with rows and columns labeled from one to ten. It displays various numerical values, including zero, positive, and negative decimal numbers. The layout has ten rows and ten columns, with data points such as negative zero point one five at row one, column three, and zero point two five at row nine, column one. The purpose or context of the table is not provided.]4.4 The dark causal impacts of economic policy on listed oil companies
At this point, we have revealed positive and negative causal interactions between economic policy and stock prices of listed oil companies. Both positive and negative causality are widely reported by many previous works. However, we further detect whether a more complex causal interaction exists whose causal impact natures are quite different from negative and positive causality, namely, dark causality. According to pattern causality methods, the dark causal interaction can be measured by quantifying the complex patterns (neither consistent nor opposite) of state points in the reconstructed state space. The results report the dark causal impact between economic policy and the stock prices of listed oil companies (see Table 6). The average dark causal impact is 0.31. The average dark causal impact is 0.3 among the stock prices of listed oil companies, and the average dark causal impact approaches 0.45 between EPU and stock prices of listed oil companies. We can find relatively higher dark causal impacts between economic policy and listed oil companies than the impacts within listed oil companies.
TABLE 6 | The dark impacts among selected sample variables.
[image: A table with numerical data arranged in a ten-by-ten grid. Each cell contains a decimal value ranging from zero to approximately zero point seven seven. The columns and rows are numbered one through ten, with values varying across the grid.]Moreover, the dark causal interactions between economic policy and listed oil companies are also asymmetric (see Figure 8). We further calculate the difference between received and output impacts; see Table 7. It is clear that the output dark impacts from economic policy to listed oil companies are higher than the received impacts. This suggests that EPUs are more likely to affect the stock prices of listed oil companies in a complex way.
[image: Heatmap displaying color-coded data values from zero to 0.77, with a gradient from blue (low values) to red (high values). It includes numbers one to ten along both axes.]FIGURE 8 | The dark causal impact among selected observations.
TABLE 7 | The net dark causal impacts among samples.
[image: Correlation matrix with a ten-by-ten grid displaying values ranging from negative zero point four eight to zero point six eight. Columns and rows are labeled one through ten, representing different variables. Values indicate the strength and direction of relationships between each pair of variables, with diagonal elements all being zero, reflecting perfect correlation with themselves.]4.5 The dominant causal impacts of the economic policy on listed oil companies
We have revealed positive, negative, and dark causal impacts between economic policy and listed oil companies. The three different causal impacts show different magnitudes of impacts. Thus, it is interesting to compare their strength and find the dominant causal impacts. To this end, we compare three kinds of causal impacts between each variable pair and select the highest causal interaction. The results are given in Figure 9. Dark causality plays a dominant role in our samples. Within listed oil companies, positive causality occupies a relatively higher proportion, while dark causality occupies dominant roles between economic policy and listed oil companies. These findings suggest that the causal impacts between economic policy and listed oil companies are complex, neither purely positive nor purely negative, as reported by many previous methods.
[image: Heatmap with a grid of colored squares representing data values from zero to one, featuring a gradient from blue to red. Axis labels are numerical on the y-axis and categorical on the x-axis. A color bar on the right indicates the range of values.]FIGURE 9 | The dominant causal impacts in our samples. Note: negative values represent the negative causal impacts. Positive causal impacts are given by the values from [0,1]. The values larger than 1 represent the dark values. To clarify dark and positive causality, we add 1 to the original strength of dark causality.
The simultaneous existence of three different causal types between EPU and listed crude oil companies suggests a complex nonlinear impact relationship between them. Second, the strength of the three causal relationships is asymmetric, with dark causality dominating, indicating that the association between EPU and listed crude oil companies is volatile and complex. These findings help us understand the relationship between them. In addition, this complex influence relationship may make the economic system more risky, which provides the relevant market investors and market regulators with corresponding decision support.
5 CONCLUSION AND DISCUSSION
This work employs the pattern causality method to reveal complex causality between economic policy and listed oil companies. Unlike previous findings that only one kind of causal impact between them, our study suggests that three different kinds of causal impacts simultaneously exist: positive, negative, and dark causality. Our work may have several implications for practical application and theoretical analysis.
	i) Three different kinds of causal impacts between economic policy and listed oil companies suggest more complex impacts between them, which gives new inspiration to understanding complex associations between them.
	ii) The causal impacts of economic policy uncertainty on stock prices of listed oil companies are dominated by dark causality, which suggests neither the same nor opposite fluctuation between them. This may give a new perspective for management. In particular, dark causality denotes more complex connections. The underlying risk may be underestimated, and market participants should reconsider risk.
	iii) Market players should upgrade risk assessment methods to capture “dark causality” risks. Oil firms and investors need more advanced models, as traditional ones overlook hidden risks. Firms should use real-time policy analysis tools and conduct stress tests. Regulators should enforce clear risk disclosures about such uncertainties. To manage these underestimated risks, oil companies should diversify operations geographically and across products. Investors should diversify portfolios, too. Both should create contingency plans for rapid response to policy changes, accounting for the unpredictable nature of dark causality.

As discussed in this work, dark causality may drive two variables to fluctuate in a nonlinear manner, moving in neither perfect unison nor in complete opposition, indicating a more intricate relationship between them. The underlying economic implications of dark causality can be understood from the following aspects:
First, dark causality offers a more realistic explanation for phenomena observed in real-world economic systems. In these systems, the fluctuations between variables rarely exhibit simple, unidirectional patterns. Instead, they often display complex, intertwined trends that deviate from straightforward positive or negative correlations.
Second, it provides novel evidence for the inherent complexity of economic systems. By uncovering these hidden causal relationships, we gain deeper insights into the intricate mechanisms that govern economic behavior, enhancing our understanding of how economic systems operate and evolve.
Third, dark causality reveals an even more convoluted nature of the relationships among economic variables. This complexity gives rise to increased uncertainty, and when dark causality dominates, it may signal elevated risks. As such, dark causality has the potential to be linked to systemic risks within economic systems.
Despite several interesting findings being discovered, there are also some limitations that can be solved in the future. In particular, dark causality is a newly defined interaction, and its underlying explanation needs to be discussed further. In addition, it is also difficult to distinguish impacts from other external factors, such as other related markets.
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Introduction
This study investigates the effect of recently implemented quote limits policy in China’s A-share Main Board market, a mechanism designed to enhance market stability. We examine whether this policy achieves its goals uniformly across distinct large-cap (HS300) and mid-to-small cap (CSI500) market segments.
Methods
Utilizing the Multifractal Detrending Moving Average Cross-Correlation analysis (MF-X-DMA) and the nonlinear Granger causality test, we assess the policy’s potential heterogeneous impact on these two indices.
Results
Our findings reveal that the policy decreases market efficiency and increases cross-market co-movement complexity for HS300, while conversely improving market efficiency and information flow for CSI500.
Discussion
We offer novel empirical evidence on this policy using nonlinear methods. Our findings highlight the potentially divergent and unintended consequences of “one-size-fits-all” financial regulations across varied market segments, providing valuable insights for policymakers.
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1 INTRODUCTION
Global financial markets, while important for capital allocation and economic growth, are often prone to extreme volatility and market anomalies. To mitigate systemic risks and safeguard investor interests, regulators worldwide have actively implemented various market stability mechanisms. For instance, in the United States, key mechanisms include comprehensive circuit breakers, order protection rule, and market-wide trading halts during periods of intense volatility. Similarly, Japan’s equity markets utilize daily price range limits (often called “daily price limits”) for individual stocks and futures contracts, alongside circuit breakers applied to major indices like the Nikkei 225, to ensure orderly price formation. These measures generally aim to curb excessive speculation, prevent “flash crashes,” and ensure orderly trading. As the world’s second-largest economy, China’s financial market regulators have similarly intensified efforts to refine trading mechanisms, particularly in response to its burgeoning stock market and increasing participation.
A significant development in this regard is the recent introduction of the quote limits system (also called “price cage”) in China’s A-share Main Board market. This policy, detailed in revised trading rules issued by the Shanghai Stock Exchange and Shenzhen Stock Exchange on 17 February 2023, became effective on 10 April 2023, coinciding with the listing of the first batch of registration-based main board stocks. Specifically, during the continuous auction phase (9:30-11:30 and 13:00-14:57), buy orders are restricted to a maximum of 102% of the benchmark selling price, while sell orders cannot be below 98% of the benchmark buying price. This “refusal mechanism” for invalid orders is designed to prevent large abnormal quotes, counter manipulative behaviors, and ultimately enhance market stability.
Despite the recent implementation and significant regulatory implications of this policy, empirical research on the A-share Main Board’s quote limits remains limited. While existing literature [1–5] extensively analyzes the impact of broader price limit policies (e.g., daily price limits or circuit breakers) on market quality, few studies have investigated the effects of the more continuously applied quote limits, particularly within the unique context of China’s market and on distinct market segments. This research gap presents an important opportunity to contribute to a deeper understanding of real-world policy outcomes.
To understand whether this policy achieves its intended goals uniformly across diverse market segments, this study specifically focuses on two pivotal and distinct benchmarks of the Chinese equity market: the large-cap HS 300 (HS300) and the mid-to-small cap CSI 500 (CSI500) indices. Given that component stocks of these two indices differ in market capitalization, investor composition, and liquidity profiles, the quote limits policy may exert differential impacts [6–10]. For instance, CSI500 stocks are often more susceptible to manipulative practices, as their relatively smaller market size allows for significant price fluctuations with comparatively less capital. Conversely, extreme price movements in large-cap stocks (HS300) are less likely to be driven purely by manipulation and may, instead, more frequently stem from informed trading activities or the rapid incorporation of significant news. Therefore, we hypothesize that the quote limits policy might differentially impact these two market segments: for the HS300, it could inadvertently restrict the execution of legitimate informed trades, thereby potentially distorting information processing and leading to decreased market efficiency. Conversely, for the mid-to-small cap CSI500, the policy might effectively curb speculative and manipulative behaviors, thus fostering greater market orderliness and enhancing overall efficiency.
Understanding financial market dynamics requires moving beyond traditional linear frameworks, as market returns often exhibit complex, non-Gaussian, and multi-scale characteristics [11–19]. For example, Gu and Huang [20] and Zhou et al. [21] demonstrate that daily stock returns frequently display high kurtosis (indicating “fat tails”) and non-zero skewness, highlighting their significant deviations from normality. Such widely observed features, including leptokurtosis and long-range correlations, are very common in financial time series [17, 22]. Traditional linear models are often insufficient to capture these intricate aspects, such as varying degrees of market efficiency across different scales and complex nonlinear interdependencies [23]. Therefore, advanced non-linear and multifractal analysis tools are essential for comprehensively uncovering the underlying mechanisms and policy impacts [12, 21, 24].
A substantial body of literature, grounded in fractal theory and nonlinear dynamics, provids a suite of powerful tools for such analyses. Based on the fractal theory, some studies propose various multifractal analysis techniques, such as Detrended Fluctuation Analysis (DFA) [25], Multifractal Detrended Fluctuation Analysis (MF-DFA) [26], Detrended Cross-Correlation Analysis (DCCA) [27], Multifractal Detrended Cross-Correlation Analysis (MF-DCCA) [28], and Multifractal Detrending Moving Average Cross-Correlation Analysis (MF-X-DMA) [29]. These methods are also widely used to analyze the structure of financial markets and the cross-correlations among them. For example, Zhou et al. [21] and Acikgoz [16] utilize MF-DCCA to examine multifractal characteristics and long-range cross correlations among individual stocks or financial markets. Among these methods, the MF-X-DMA is known for its enhanced robustness in removing local trends, making it particularly well-suited for analyzing non-stationary financial time series [30]. Following the work of Jiang and Zhou [29], Li et al. [30] apply the MF-X-DMA method to test exchange rate regime reform. Mikhaylov et al. [31] use the MF-X-DMA to examine the factors affecting open innovation. Utilizing MF-X-DMA, Ruan et al. [1] show that relaxing daily price limits increases market multifractality. To complement the analysis of complex market structures, the nonlinear Granger causality test proposed by Baek and Brock [32] has become a widely-used tool for identifying directional influence in nonlinear financial systems [1, 15, 33]. For instance, Zhou et al. [34] use it to assess the effect of options trading. Zhang et al. [24] employ nonlinear Granger causality to map systemic risk networks. Vogl and Kojić [35] also use nonlinear Granger causality to test the interplay between cryptocurrencies and related indices.
Based on the implementation of the quote limits policy in the Chinese A-share Main Board market, we use MF-X-DMA and nonlinear Granger causality test to examine the impact of this policy on the HS300 and CSI500 indices. Our findings, consistent with the aforementioned hypothesized divergence, show that the policy reduces the market efficiency of the HS300 index, but improves the efficiency of the CSI500 index. Furthermore, in the cross-market context, the policy increases the complexity of co-movement and strengthens futures-to-spot causality for the HS300, which suggests potentially less efficient cross-market information transmission. In contrast, for the CSI500, it simplifies co-movement complexity and establishes a more integrated bidirectional nonlinear causality, indicating improved information flow.
This research contributes to the existing literature in several ways. First, this is among the first empirical studies to investigate the effects of the recently implemented and more granular quote limits policy on China’s A-share Main Board. Unlike studies on broader price limits [1, 4, 5, 36], our focus on this precise mechanism and its effects on distinct market segments offers a more targeted understanding of contemporary Chinese market regulation.
Second, by extending the conventional event study framework, we employ a sophisticated combination of advanced methodologies, including MF-X-DMA and nonlinear Granger causality tests. These methods are uniquely suited to uncover the complex, non-linear, multifractal characteristics and causal relationships within financial time series [1, 15, 16, 20–22, 37, 38], which standard linear models might overlook. This rigorous approach provides a more comprehensive assessment of market efficiency and information transmission dynamics under policy interventions.
Third, our findings offer empirical evidence of the heterogeneous impact of a single regulatory policy on different market capitalization segments (large-cap HS300 vs. mid-to-small cap CSI500). This highlights that a “one-size-fits-all” regulatory approach may lead to divergent, and possibly unintended, consequences across varied market ecosystems, offering valuable insights for policymakers designing tailored and effective regulations.
The remainder of this paper is organized as follows. Section 2 introduces the methodologies used in this paper. Section 3 details our data and provides descriptive statistics. Section 4 presents the analysis of the quote limits’ effect on individual market efficiency, followed by Section 5, which examines its impact on spot-futures market cross-correlations and causality. Finally, Section 6 concludes with a summary of findings, policy implications, and future research directions.
2 METHODOLOGY
Given the multifractal and nonlinear nature of financial markets, this paper follows related literature [11, 13–15, 21, 38] and employs a combination of methodologies to investigate the multifaceted impact of China’s Main Board quote limits policy on market efficiency and inter-market linkages. Specifically, we utilize the MF-X-DMA to uncover the multifractal characteristics of individual market returns and their cross-correlations, and the Nonlinear Granger Causality test to identify the directional causal relationships between spot and futures markets. This section provides a brief introduction to these two methods.
2.1 MF-X-DMA
Financial time series often exhibit complex, multi-scale behaviors that linear models cannot fully capture. The MF-X-DMA, originally proposed by Jiang and Zhou [29], is a robust technique well-suited for analyzing such non-stationary and multifractal properties, particularly in cross-correlated series. Its primary advantage lies in effectively removing local trends, thereby providing a more accurate estimation of scaling exponents compared to other methods like MF-DFA. Therefore, we also apply this method to both individual index returns (HS300 and CSI500) and their respective spot-futures cross-correlations. The core steps of the MF-X-DMA procedure are as follows:
	Step 1: Constructing integrated profiles

For two time series, X=xtt=1N and Y=ytt=1N, with length N, we first construct their integrated profiles, which represent the cumulative deviations from their respective means:
Xt=∑i=1txi−x¯,t=1,2,…,N(1)
Yt=∑i=1tyi−y¯,t=1,2,…,N(2)
where x¯ and y¯ denote the average values of the series xt and yt, respectively.
	Step 2: Segmentation of profiles

The integrated profiles Xt and Yt are divided into Ns=intN/s non-overlapping segments, each of length s. To ensure complete coverage and robust analysis, this segmentation process is performed from both ends of the series, resulting in a total of 2Ns segments. The segment size s influences the scale of correlations detected, ranging from short-term (smaller s) to long-term (larger s).
	Step 3: Detrending via moving average filtering

For each segment v (where v = 1,2, … ,2Ns), and for both integrated profiles Xt and Yt, local trends are removed using a moving average filter. The moving average Zj (where Z∈X,Y) within a window of size n is calculated based on a position parameter θ∈0,1 as follows:
Znj=1n∑k=−⌊n−1θ⌋⌊n−11−θ⌋Zj−k(3)
where ⌊g⌋ denotes the largest integer not greater than g. The parameter θ determines the nature of the moving average: θ=0 corresponds to a backward moving average, θ=0.5 to a centered moving average, and θ=1 to a forward moving average. This step effectively detrends the series by subtracting the estimated local trend.
	Step 4: Computing detrended covariance

The detrended covariance for each segment v is then calculated from the residuals after local trend removal as follows:
F2s,v=1s∑j=1sXv−1s+j−X∼vjYv−1s+j−Y∼vj(4)
where, X∼vj and Y∼vj represent the fitting polynomials (of order m) for the integrated profiles Xt and Yt within segment v. For the second set of segments (from the opposite end), a similar formula applies.
	Step 5: Deriving the qth order fluctuation function

The overall qth order fluctuation function Fqs is computed by averaging the detrended covariances across all segments as follows:
For q≠0:
Fqs=12Ns∑v=12NsF2s,vq/21/q(5)
For q=0:
F0s=exp12Ns∑v=12NslnF2s,v(6)
The parameter q allows for differentiation between small and large fluctuations: negative q values emphasize small fluctuations, while positive q values highlight large fluctuations.
	Step 6: Determining the scaling exponent

The relationship between Fqs and s typically follows a power law, i.e.:
Fqs∼sHxyq(7)
where Hxyq is the generalized cross-correlation exponent. If Hxyq varies with q, it indicates multifractality in the cross-correlation between Xt and Yt. A constant Hxyq implies mono-fractal behavior. The persistence of cross-correlation is indicated by Hxyq>0.5, while anti-persistence is suggested by Hxyq<0.5. The series are uncorrelated if Hxyq=0.5.
	Step 7: Characterizing multifractality

To further quantify the multifractality, we derive the multifractal Renyi exponent τxyq, the singularity strength αq, and the multifractal spectrum fα using the Legendre transform as follows:
τxyq=Hxyq−1(8)
αxyq=Hxyq+qHxy′q(9)
fα=qαq−Hxyq+1(10)
where Hxy′q is the derivative of Hxyq with respect to q.
The degree of multifractality is typically measured by (Equation 1) the width of the multifractal spectrum (i.e., ∆α=maxαxy−min⁡αxy), and (Equation 2) the degree of multifractality (i.e., ∆h=Hmaxq−Hminq). For a single time series, a larger ∆α or ∆h signifies a stronger degree of multifractality, implying lower market efficiency. In the context of cross-correlations between two markets, a larger ∆α or ∆h suggests a more complex and potentially riskier linkage.
2.2 Nonlinear granger causality test
While multifractal analysis reveals the complexity of market dynamics, understanding the directional influence between markets also requires a causality framework. Given the acknowledged nonlinear characteristics of financial data, traditional linear Granger causality tests may be insufficient. Therefore, we employ the non-linear Granger causality test, a non-parametric statistical method proposed by Baek and Brock [32], to analyze causal relationships, particularly between spot and futures markets for the HS300 and CSI500 indices. This method is important for uncovering intricate, non-linear predictive power that might be obscured by linear approaches.
The fundamental idea of the non-linear Granger causality test is to assess whether past values of one time series (Y) improve the prediction of another time series (X), beyond what can be predicted by past values of X alone, while considering non-linear dependencies.
Specifically, the nonlinear Granger causality test is conducted as follows:
Let Xt and Yt be two stationary and weakly dependent time series of length N. We define lagged and lead vectors for these series. For instance, an α-length lag vector is Xt−αα=Xt−α,Xt−α+1,…,Xt−1, and an m-length lead vector for X at time t is Xtm=Xt,Xt+1,…,Xt+m−1. Similar definitions apply to Y.
The null hypothesis H0 that Y does not non-linearly Granger cause X is formally expressed by comparing the following conditional probabilities:
PrXtm−Xsm<ε Xt−αα−Xs−αα<ε,Yt−ββ−Ys−ββ<ε =PrXtm−Xsm<ε Xt−αα−Xs−αα<ε(11)
where, Pr (⋅) denotes probability, · is the maximum norm, and ε>0 is a given distance. This equation essentially states that the probability of two m-length lead vectors of X being within ε distance given their respective pasts (both X and Y lags) is the same as given only X lags.
To operationalize this comparison, the conditional probabilities are expressed as ratios of joint probabilities, computed using correlation integral estimators. These estimators count the number of pairs (t,s) for which the specified vectors are within the distance ε. For example, a joint probability Cm+α,β,ε counts pairs where the (m+α)-length lead vector of X and the β-length lag vector of Y are simultaneously within ε distance.
The test statistic is then constructed based on these ratios of correlation integrals, and under the null hypothesis, it follows an asymptotically normal distribution as follows:
NCm+α,β,εCα,β,ε−Cm+α,εCα,ε∼N0,σ2(12)
where σ2 is the asymptotic variance. A statistically significant value of the test statistic leads to the rejection of the null hypothesis, indicating that Y non-linearly Granger causes X. We perform this test symmetrically to also examine if X nonlinearly Granger causes Y. This allows us to comprehensively assess the directionality and strength of information flow between the spot and futures markets of the HS300 and CSI500 indices before and after the implementation of quote limits.
3 DATA, VARIABLES, AND DESCRIPTIVE STATISTICS
3.1 Data and variables
To investigate whether the implementation of quote limits has diverse impacts across different stock market segments, we select two prominent and distinct benchmarks of the Chinese equity market: the large-cap HS 300 Index (HS300) and the small-cap CSI 500 Index (CSI500). Specifically, the HS300 comprises 300 A-share stocks with large market capitalization and good liquidity listed on the Shanghai and Shenzhen stock exchanges, serving as a key indicator for the overall performance of China’s large-cap, blue-chip companies. In contrast, the CSI500 includes 500 A-share stocks with medium and small market capitalization, representing the performance of mid-to-small cap enterprises and offering insights into a broader range of market participants and growth-oriented sectors.
Daily closing prices for both the spot indices (HS300 and CSI500) are sourced from the China Stock Market and Accounting Research (CSMAR) database, a widely used financial database in related literature [39–41]. To ensure stationarity and facilitate subsequent econometric and multifractal analyses, these price series are transformed into daily logarithmic returns, consistent with related literature [42–44]. Specifically, the daily logarithmic return (Rt) for an asset at day t is calculated as the difference between the natural logarithm of the current day’s closing price (Pt) and that of the previous day’s closing price (Pt−1), expressed as follows:
Rt=lnPt- lnPt-1(13)
For a robust comparative analysis of the policy’s effect, we use a specific observation window encompassing 2 years prior to and 2 years following the implementation of the quote limits policy. Specifically, the pre-event period (“Pre”) is defined from 10 April 2021, to 9 April 2023, while the post-event period (“Post”) extends from 10 April 2023, to 9 April 2025.
3.2 Descriptive statistics
Table 1 presents the descriptive statistics for the daily logarithmic returns of both the spot indices across these two distinct periods. As shown, the daily logarithmic returns for both HS300 and CSI500 indices consistently show low means, medians, and standard deviations across both pre- and post-event periods, indicating stable average returns and relatively consistent overall volatility. However, pronounced deviations from normality are clear in the higher-order moments. All series display kurtosis values greater than 3, indicating strong leptokurtosis or “fat tails.” Notably, during the post-event period (“Post”), the kurtosis for HS300 and CSI500 returns dramatically increases, suggesting a heightened probability of extreme price movements. In addition, the skewness values are consistently non-zero, indicating asymmetry.
TABLE 1 | Descriptive Statistics of daily returns for HS300 and CSI500.	Period	Mean	Median	Std	Kurt	Skew
	Panel A: HS300
	Pre	−0.0004	−0.0004	0.0114	4.7300	−0.1061
	Post	−0.0001	−0.0008	0.0116	15.3243	0.5949
	Panel B: CSI500
	Pre	0.0001	0.0009	0.0114	6.6390	−0.9014
	post	−0.0001	−0.0007	0.0150	13.9614	0.7104


Note: This table presents the descriptive statistics for daily logarithmic returns of HS300 and CSI500. “Pre” refers to the sub-period before the implementation of quote limits, and “Post” refers to the sub-period after. “Mean,” “Median,” “Std.,” “Kurt,” and “Skew” are the mean, median, standard deviation, Kurtosis, and Skewness of daily returns.
These non-normal distributions, particularly their heightened leptokurtosis and shifts in asymmetry following the implementation of quote limits, highlight the inherent multifractal nature of these financial time series. Therefore, it is necessary to employ sophisticated tools such as the MF-X-DMA approach to capture complex, scale-dependent correlations.
4 EFFECT OF QUOTE LIMITS ON STOCK MARKET EFFICIENCY
4.1 Analysis of the generalized hurst exponent
We first use the MF-X-DMA method to calculate the generalized Hurst exponent, H(q), for the HS300 and CSI500 index returns across for q ranging from −10 to 10. The results are presented in Table 2. As shown, for the HS300 index, H(q) shows a noticeable decreasing trend with increasing q before the implementation of quote limits. This pattern signals persistence in small fluctuations and a shift towards anti-persistence in large fluctuations. After the event, persistence in small fluctuations strengthens, while the tendency for reversals after large price swings also becomes more pronounced. For instance, H(q) at q = −10 rises sharply from 0.7978 to 0.8664, indicating strengthened persistence of small fluctuations. Conversely, the H(q) value at q = 10 drops dramatically from 0.4029 to 0.1965, suggesting a much stronger tendency for price reversals following large swings.
TABLE 2 | Change in the Hurst exponent behavior of stock index return series.	q	HS300	CSI500
	Pre	Post	Pre	Post
	−10	0.7978	0.8664	0.9013	0.7967
	−9	0.7866	0.8541	0.8893	0.7881
	−8	0.7733	0.8393	0.8745	0.7779
	−7	0.7570	0.8214	0.8561	0.7654
	−6	0.7369	0.7994	0.8331	0.7499
	−5	0.7114	0.7724	0.8041	0.7307
	−4	0.6794	0.7403	0.7689	0.7072
	−3	0.6422	0.7044	0.7287	0.6795
	−2	0.6085	0.6687	0.6869	0.6494
	−1	0.5866	0.6371	0.6464	0.6195
	0	0.5719	0.6083	0.6075	0.5899
	1	0.5567	0.5703	0.5685	0.5528
	2	0.5376	0.5032	0.5273	0.4967
	3	0.5151	0.4174	0.4848	0.4316
	4	0.4920	0.3472	0.4447	0.3775
	5	0.4704	0.2987	0.4099	0.3379
	6	0.4517	0.2652	0.3813	0.3088
	7	0.4359	0.2409	0.3583	0.2868
	8	0.4228	0.2226	0.3397	0.2696
	9	0.4120	0.2082	0.3246	0.2558
	10	0.4029	0.1965	0.3122	0.2445


Note: “Pre” refers to the sub-period before the implementation of quote limits, and “Post” refers to the sub-period after.
In contrast, for the CSI500 index, H(q) also decreases with increasing q before the event, showing persistence across most fluctuation sizes. After the implementation of quote limits, the persistence in small price movements weakens, while the tendency for reversals after large price swings strengthens, similar to the behavior of the HS300. For example, H(q) at q = −10 decreases from 0.9013 to 0.7967, suggesting a weakening of small fluctuation persistence. Meanwhile, H(q) at q = 10 drops from 0.3122 to 0.2445, indicating stronger anti-persistence for large fluctuations.
In sum, while both indices are multifractal and experience a stronger reversal tendency for large price swings post-event, the behavior of small price movements diverges significantly. The HS300 shows increased persistence in small fluctuations, whereas the CSI500 exhibits decreased persistence.
4.2 Change in the degree of multifractality
This section investigates the effect of quote limits on market efficiency by analyzing the change in the degree of multifractality in the HS300 and CSI500 index returns around the quote limits event. Specifically, we first follow related literature [1, 13, 14, 45, 46] and use two measures to proxy market efficiency: 1) the width of the multifractal spectrum (Δα) and 2) the degree of multifractality (Δh). Accordingly, Δα measures the range of scaling exponents present in the data, indicating the heterogeneity of the fractal properties. Δh quantifies the extent to which a time series or dataset exhibits multifractal characteristics, implying that its scaling behavior requires a continuous spectrum of exponents for description, rather than a single fractal dimension. Consequently, larger Δα or Δh indicates stronger multifractality and thus lower market efficiency.
In addition, we follow related literature [47, 48] and use the Market Deficiency Measure (MDM) to inversely measure market efficiency. Specifically, MDM is computed as follows:
MDM=12H−10−0.5+H10−0.5(14)
where H (-10) and H (10) are generalized Hurst exponents when q = −10 and q = 10, respectively; and |⋅| denotes the absolute value function. Similarly, higher MDM suggests stronger multifractality and potentially lower market efficiency due to increased predictability based on scale of fluctuations.
Table 3 reports results of changes in these measures for the HS300 and CSI500 indices. For the HS300 index, all three multifractal indicators (Δα, Δh, and MDM) show a substantial increase after the implementation of the quote limits. This widening of the multifractal spectrum and the higher MDM value suggest a more pronounced multifractal structure and a greater disparity in the scaling behavior of different magnitude price fluctuations. Therefore, the increased multifractality implies that the implementation of quote limits likely led to a decrease in the market efficiency of the HS300 index.
TABLE 3 | Change in multifractal spectra characteristics.	Period	αmin	αmax	△α	△h	MDM
	Panel A: HS300
	Pre	0.3119	0.9094	0.5975	0.3949	0.1975
	Post	0.0801	0.9896	0.9095	0.6699	0.3349
	Panel B: CSI500
	Pre	0.1880	1.0219	0.8339	0.5891	0.2946
	Post	0.1312	0.8824	0.7512	0.5523	0.2761


Note: “Pre” refers to the sub-period before the implementation of quote limits, and “Post” refers to the sub-period after.
In contrast, the CSI500 index exhibits a decrease in all three multifractal indicators (Δα, Δh, and MDM) following the quote limits event. The narrower multifractal spectrum and the lower MDM value indicate a reduction in the strength of multifractality and a more homogeneous scaling behavior across different fluctuation magnitudes. This suggests that the quote limits event is associated with an increase in the market efficiency of the CSI500 index.
Figure 1 illustrates the changes in the multifractal spectrum, f(α), for both indices around the quote limits event. As depicted, the multifractal spectrum for the HS300 index becomes wider after the event, while that for the CSI500 index becomes narrower post-event. This also indicates that quote limits event strengthens multifractality in the HS300 index returns but attenuates multifractality in the CSI500 index returns.
[image: Two panels labeled A and B display graphs comparing pre and post conditions with parabolic curves. Panel A shows green circles for pre and blue triangles for post. Panel B is similar, with slight shifts in data alignment between pre and post conditions. Both graphs plot f(α) against α, ranging from zero to one, indicating variance in the pre-post distribution.]FIGURE 1 | Change in Multifractal spectra. (A): HS300. (B): CSI500.In conclusion, the implementation of quote limits has a divergent impact on the market efficiency of the two indices. It decreases the market efficiency of the HS300 by increasing its multifractal characteristics, while conversely increasing the market efficiency of the CSI500 by reducing its multifractal characteristics.
4.3 Change in multifractal sources
This section investigates the potential impact of the quote limits event on the sources of multifractality in the HS300 and CSI500 index returns. According to Kantelhardt et al. [26], Zhou [12], and Kwapień et al. [49] multifractality in financial time series typically arises from two main sources: 1) a broad, non-Gaussian probability distribution of returns (e.g., fat tails) and 2) temporal correlations, which can be linear or nonlinear. Following established methodologies in related literature [1, 17, 22, 50, 51], we use surrogate analysis to disentangle these sources. Specifically, shuffling the original series destroys temporal correlations while preserving the amplitude distribution. In contrast, creating surrogate series preserves linear correlations but randomizes nonlinear structures. Therefore, significant multifractality remaining in the shuffled series suggests the importance of the amplitude distribution, while a reduction in multifractality in the surrogated series points to the role of nonlinear temporal correlations.
Table 4 reports the multifractal spectra characteristics of the shuffled and surrogated series for both the HS300 and CSI500 indices before and after the event. For both indices, there is a consistent reduction in multifractality of the shuffled and surrogated series both before and after the implementation of quote limits. Specifically, the shuffled series retain a noticeable level of multifractality, indicating that the non-Gaussian amplitude distribution remains a significant contributor. Moreover, the surrogated series exhibit a further decrease in multifractality, suggesting that nonlinear temporal correlations also play a significant role in generating the observed multifractal behavior in both indices across both periods.
TABLE 4 | Change in sources of multifractality for stock index return.	Period	αmin	αmax	△α	△h	MDM
	Panel A: HS300
	Pre	Original	0.3119	0.9094	0.5975	0.3949	0.1975
	Shuffled	0.3493	0.8318	0.4824	0.3026	0.1513
	Surrogated	0.3964	0.7480	0.3516	0.2191	0.1095
	Post	Original	0.0801	0.9896	0.9095	0.6699	0.3349
	Shuffled	0.1383	0.8135	0.6752	0.4631	0.2315
	Surrogated	0.3868	0.7270	0.3410	0.1999	0.0999
	Panel B: CSI500
	Pre	Original	0.1880	1.0219	0.8339	0.5891	0.2946
	Shuffled	0.2609	0.8344	0.5734	0.3759	0.1879
	Surrogated	0.4753	0.7433	0.2679	0.1296	0.1047
	Post	Original	0.1312	0.8824	0.7512	0.5523	0.2761
	Shuffled	0.2222	0.8484	0.6261	0.4389	0.2194
	Surrogated	0.3717	0.7922	0.4205	0.2495	0.1247


Note: “Pre” refers to the sub-period before the implementation of quote limits, and “Post” refers to the sub-period after. “Original”, “Shuffled”, and “Surrogated” denote results for the original, shuffled, and surrogated spot and futures return series.
Overall, the quote limits event does not fundamentally change the primary sources of multifractality in the returns of either the large-cap HS300 or small-cap CSI500 index. For both indices, the multifractal characteristics consistently stem from a combination of a non-trivial amplitude distribution and nonlinear temporal correlations, both before and after the implementation of the quote limits. These results suggest that the policy primarily influences the degree of multifractality rather than introducing or eliminating its fundamental sources.
5 EFFECT OF QUOTE LIMITS ON CROSS-CORRELATION BETWEEN SPOT AND FUTURES MARKET
5.1 Cross-correlation test
Following Kristoufek [52] and Ruan et al. [1], we first employ the DMA coefficient to quantify the linear cross-correlation between two time series at various time scales. Specifically, the DMA coefficient (ρDMA) is computed as follows:
ρDMA=Fxy2sFxx2sFyy2s(15)
Accordingly, ρDMA values range from −1 to 1, with values close to 1 indicating strong positive linear correlation, values near −1 indicating strong negative linear correlation, and values around 0 suggesting weak or no linear correlation.
Table 5 presents the DMA coefficients between spot and futures returns for the HS300 and CSI500 indices before and after the implementation of quote limits. As shown, for the HS300 index, the DMA coefficients between spot and futures returns are consistently close to 1 before the quote limits event across all scales (s = 4–128). After the event, these coefficients remain high, with only minor fluctuations observed. Specifically, there is a slight decrease at shorter time scales (s = 4, 8) and a slight increase at longer time scales (s = 32, 64), with a small decrease at s = 128. Overall, the quote limits event appears to have a minimal impact on the strong positive linear cross-correlation between HS300 spot and futures returns.
TABLE 5 | Change in DMA coefficient.	s	4	8	16	32	64	128
	Panel A: HS300 spot-futures
	Pre	0.9843	0.9903	0.9925	0.9937	0.9940	0.9942
	Post	0.9827	0.9890	0.9923	0.9945	0.9946	0.9930
	Panel B: CSI500 spot-futures
	Pre	0.9814	0.9889	0.9908	0.9911	0.9901	0.9868
	Post	0.9824	0.9896	0.9929	0.9947	0.9953	0.9902


Note: “Pre” refers to the sub-period before the implementation of quote limits, and “Post” refers to the sub-period after.
Similarly, for the CSI500 index, the DMA coefficients between spot and futures returns exhibit strong positive linear correlation across all time scales before the event. Following the implementation of quote limits, the DMA coefficients remain high, showing a slight increase at shorter and intermediate scales (s = 4–64) and a slight increase followed by a decrease at the longest scale (s = 128). The magnitude of these changes is also small, indicating that the fundamental strong positive linear cross-correlation between CSI500 spot and futures returns was largely unaffected by the event.
Overall, the quote limits event does not significantly affect the strong positive linear relationship between the spot and futures returns for both the HS300 and CSI500.
5.2 Effect on the multifractality of spot-futures cross-correlations
Table 6 presents the generalized Hurst exponent H(q), calculated using the MF-X-DMA method, for the cross-correlation between spot and futures returns for q ranging from −10 to 10. As shown, before the implementation of quote limits, the H(q) for both HS300 and CSI500 spot-future cross-correlations vary with q, indicating the presence of multifractal characteristics. Specifically, the decreasing trend of H(q) with increasing q suggests that large cross-correlation fluctuations scale differently from small ones. After the quote limits event, the behavior of H(q) diverges for the two respective spot-futures cross-correlations. For HS300 spot-future cross-correlations, H(q) generally increases for negative q and decreases for large positive q, implying enhanced persistence in small cross-correlation fluctuations and stronger anti-persistence in large ones. Conversely, for CSI500 spot-futures cross-correlations, H(q) generally decreases across the q range, suggesting a weakening of persistence for both small and large cross-correlation fluctuations.
TABLE 6 | Change in the Hurst exponent behavior of spot-futures cross-correlations.	q	HS300 spot-futures	CSI500 spot-futures
	Pre	Post	Pre	Post
	−10	0.7684	0.8845	0.9393	0.8249
	−9	0.7575	0.8704	0.9269	0.8148
	−8	0.7445	0.8533	0.9118	0.8027
	−7	0.7287	0.8325	0.8930	0.7882
	−6	0.7094	0.8071	0.8693	0.7705
	−5	0.6855	0.7768	0.8394	0.7485
	−4	0.6564	0.7427	0.8023	0.7215
	−3	0.6245	0.7074	0.7590	0.6895
	−2	0.5975	0.6739	0.7126	0.6547
	−1	0.5816	0.6434	0.6672	0.6208
	0	0.5720	0.6124	0.6243	0.5880
	1	0.5607	0.5689	0.5818	0.5477
	2	0.5444	0.4955	0.5375	0.4890
	3	0.5239	0.4071	0.4922	0.4238
	4	0.5022	0.3366	0.4499	0.3710
	5	0.4817	0.2881	0.4138	0.3328
	6	0.4636	0.2545	0.3844	0.3047
	7	0.4483	0.2301	0.3609	0.2833
	8	0.4355	0.2117	0.3420	0.2665
	9	0.4248	0.1972	0.3267	0.2529
	10	0.4159	0.1855	0.3141	0.2417


Note: “Pre” refers to the sub-period before the implementation of quote limits, and “Post” refers to the sub-period after.
To assess the impact of quote limits on the multifractality of spot-futures cross-correlation, we compute three indicators as in Table 3, i.e., the width of the multifractal spectrum (Δα), the degree of the generalized Hurst exponent (Δh), and the Market Deficiency Measure (MDM). Accordingly, higher values of these indicators signify stronger multifractality, implying more complex and heterogeneous co-movement across different fluctuation magnitudes.
Table 7 reports the results for HS300 and CSI500 spot-futures cross-correlations before ajnd after the event. As shown, post-event values for Δα, Δh, and MDM for the HS300 spot-futures cross-correlation all exhibit a substantial increase compared to pre-event levels. This increase in all three measures suggests that the quote limits policy leads to a higher degree of multifractality in the relationship between HS300 spot and futures returns, indicating a more complex co-movement across varying fluctuation magnitudes. In contrast, for the CSI500 spot-futures cross-correlation, the post-event values for Δα, Δh, and MDM all show a decrease from their pre-event levels. This consistent decrease in multifractal indicators suggests that the implementation of quote limits results in a reduced degree of multifractality in the co-movement between CSI500 spot and futures returns, potentially indicating a simplification of their relationship. The multifractal spectrum depicted in Figure 2 also shows a similar pattern.
TABLE 7 | Change in multifractal spectra characteristics for spot-futures cross-correlations.	Period	αmin	αmax	△α	△h	MDM
	Panel A: HS300 spot-futures
	Pre	0.3266	0.8774	0.5508	0.3525	0.1762
	Post	0.0685	1.0250	0.9565	0.6990	0.3495
	Panel B: CSI500 spot-futures
	Pre	0.1882	1.0633	0.8751	0.6252	0.3126
	Post	0.1295	0.9264	0.7969	0.5833	0.2916


Note: “Pre” refers to the sub-period before the implementation of quote limits, and “Post” refers to the sub-period after.
[image: Graph A shows two parabolas, one green with circles labeled "Pre" and one blue with triangles labeled "Post", both peaking at approximately 1.05 on the vertical axis. Graph B shows similar parabolas, with the green line ahead of the blue line, both peaking around 1.05. Both graphs plot \(f(\alpha)\) against \(\alpha\).]FIGURE 2 | Change in Multifractal spectra for spot-futures cross-correlations. (A): HS300 spot-futures. (B): CSI500 spot-futures.In sum, the implementation of quote limits has a heterogeneous influence on the dynamics between the derivative and underlying markets for these two key Chinese equity indices. It increases the complexity of the co-movement of HS300 spot-futures returns, indicating less efficient cross-market information transmission. In contrast, it decreases the complexity of the co-movement of CSI500 spot-futures returns, leading to a more efficient cross-market information transmission. These results can also help explain our findings regarding the divergent impact of quote limits on individual market efficiency, i.e., increased complexity for HS300 spot-futures cross-correlation aligns with decreased efficiency of the HS300 index, and vice versa for CSI500.
5.3 Change in multifractal sources of spot-futures cross-correlations
Using the same methodology outlined in Section 4.3, we then examine whether the sources of multifractality in spot-futures cross-correlations are affected by the implementation of quote limits. Table 8 presents the multifractal measures for the original, shuffled, and surrogated series before and after the event.
TABLE 8 | Change in sources of multifractality for spot-futures cross-correlations.	Period	αmin	αmax	△α	△h	MDM
	Panel A: HS300 spot-futures
	Pre	Original	0.3266	0.8774	0.5508	0.3525	0.1762
	Shuffled	0.3385	0.7266	0.3881	0.2275	0.1137
	Surrogated	0.4056	0.6574	0.2518	0.1277	0.0639
	Post	Original	0.0685	1.0250	0.9565	0.6990	0.3495
	Shuffled	0.5347	0.7699	0.2352	0.1175	0.1297
	Surrogated	0.3189	0.8635	0.5446	0.3484	0.1742
	Panel B: CSI500 spot-futures
	Pre	Original	0.1882	1.0633	0.8751	0.6252	0.3126
	Shuffled	0.3628	0.7727	0.4099	0.2581	0.1291
	Surrogated	0.4594	0.8233	0.3640	0.1996	0.1119
	Post	Original	0.1295	0.9264	0.7969	0.5833	0.2916
	Shuffled	0.3005	1.0361	0.7356	0.5168	0.2584
	Surrogated	0.2948	0.7585	0.4638	0.2849	0.1425


Note: “Pre” refers to the sub-period before the implementation of quote limits, and “Post” refers to the sub-period after. “Original”, “Shuffled”, and “Surrogated” denote results for the original, shuffled, and surrogated spot and futures return series.
For the HS300 spot-futures cross-correlation, the multifractal sources exhibit a notable change. Before the event, both the shuffled and surrogated series show reduced multifractality compared to the original, indicating contributions from both the non-Gaussian amplitude distribution and nonlinear temporal dependencies. After the event, while the original series display stronger multifractality, the surrogated series show a substantial increase in multifractality. This suggests that linear temporal correlations become a more significant driver of multifractality in the HS300 spot-future cross-correlation following the implementation of quote limits. The shuffled series, in contrast, show a much lower level of multifractality, implying a diminished role of the amplitude distribution alone.
The multifractal sources for the CSI500 spot-futures cross-correlation exhibit a different pattern. Before the event, similar to the HS300 spot-futures returns, both shuffled and surrogated series showed reduced multifractality. After the event, the shuffled series still exhibited a considerable level of multifractality, suggesting a persistent role of the amplitude distribution. The surrogated series showed a modest increase in multifractality compared to its pre-event level, indicating a potentially slightly enhanced role of linear temporal correlations.
Comparing the two indices, the quote limits event appears to have a distinct impact on the sources of multifractality in their spot-futures cross-correlations. For HS300, the increased multifractality seems to be primarily driven by linear temporal correlations. For CSI500, while there is a slight increase in the contribution from linear temporal correlations, the amplitude distribution remains a relevant source of multifractality.
5.4 Change in nonlinear granger causality
Nonlinear Granger causality tests whether past values of one return series contain unique nonlinear information that improves the prediction of another series’ current values [28, 37, 53, 54]. In financial contexts, this implies that certain past price movements or trading activities in one market (e.g., futures) can provide nonlinear predictive power for another related market (e.g., spot), reflecting potentially asymmetric or complex information transmission and market efficiency dynamics [1, 15, 24, 55].
Table 9 presents results of the Nonlinear Granger causality test. For the HS300 spot and futures return series, significant nonlinear Granger causality runs unidirectionally from futures to spot returns at lag 1 before the implementation of quote limits. After the event, this unidirectional causality persists at lag 1 and becomes significant at lags 2, 3, and 4 (at the 10% level). There is no evidence of nonlinear causality from spot to futures in either period. Consequently, the quote limits event appears to strengthen and broaden the nonlinear influence of HS300 futures returns on spot returns across multiple lags. This may be due to the decreased market efficiency of the HS300 spot market, thereby strengthening the informational leadership of the futures market over the spot market.
TABLE 9 | Change in Non-linear Granger causality between spot and futures returns.			HS300	CSI500
	Lag	Period	Spot ↛ futures	Futures ↛ spot	Spot ↛ futures	Futures ↛ spot
	1	Pre	−0.4686	1.6464**	0.5315	1.6925**
	Post	0.8401	1.9353**	1.7958**	2.0464**
	2	Pre	0.8371	0.7983	0.3669	1.3624*
	Post	0.8650	1.3217*	1.9196**	2.316**
	3	Pre	0.1554	0.2776	0.3728	1.2698
	Post	−0.1009	1.3105*	0.8162	1.9696**
	4	Pre	0.1385	0.9918	0.3141	0.8862
	Post	0.3871	1.5064*	0.6921	1.8172**


Note: “spot ↛ futures” denotes the null hypothesis that spot returns do not nonlinearly Granger cause futures returns, while “futures ↛ spot” denotes the null hypothesis that futures returns do not nonlinearly Granger cause spot returns. “Pre” refers to the sub-period before the implementation of quote limits, and “Post” refers to the sub-period after. “*,” “**,” and “***” suggest rejection of the null hypothesis at the 10%, 5%, and 1% significance levels, respectively.
Regarding the CSI500 index, before the event, there exists significant nonlinear Granger causality from futures to spot returns at lags 1 and 2. Post-event, this unidirectional causality not only remains significant but also strengthens across lags 1 to 4. Notably, a bidirectional nonlinear Granger causality emerges at lags 1 and 2, with significant causality running from spot to futures as well. Therefore, the quote limits event fundamentally altered the nonlinear causal relationship between CSI500 spot and futures returns, establishing a more integrated and sophisticated bidirectional information flow at shorter lags. This finding aligns with the results of increased market efficiency and reduced complexity for the CSI500 spot market, implying a more mature relationship between the derivative and its underlying.
Overall, the quote limits policy also has a distinct impact on their nonlinear causal relationships. Specifically, it primarily enhances the existing unidirectional causality from futures to spot for HS300, whereas it leads to a more significant change by establishing a bidirectional nonlinear causality at shorter lags, alongside the strengthening of the futures-to-spot causality for CSI500.
6 CONCLUSION AND DISCUSSION
This study investigated the impact of the quote limits policy on market efficiency and the complex dynamics between spot and futures markets of the HS300 and CSI500 indices. Using the MF-X-DMA approach and nonlinear Granger causality tests, our findings reveal a significantly different impact on these two key Chinese equity benchmarks.
Specifically, the implementation of quote limits decreases the market efficiency of the large-cap HS300 index, evidenced by a marked increase in multifractal characteristics in HS300 index returns. For the HS300 spot-futures relationship, while linear correlations remain robust, the complexity of co-movement increases, and nonlinear Granger causality from futures to spot is strengthened and broadened, suggesting a more dominant and potentially asymmetric information flow from the derivatives market. Notably, for HS300, the increased multifractality in spot-futures cross-correlations appears to be primarily driven by linear temporal correlations.
In contrast, the policy enhances the market efficiency of the mid-to-small cap CSI500 index, reflected in a reduction in multifractal characteristics in the CSI500 index returns. More importantly, the cross-market analysis shows a simplification of co-movement complexity and the emergence of bidirectional nonlinear Granger causality between spot and futures returns. This indicates the development of a more interactive and bidirectional information flow, where both markets dynamically influence each other. For CSI500, the sources of multifractality in spot-futures cross-correlations show a slight increase in the contribution from linear temporal correlations, though the amplitude distribution remains a relevant source.
From a policy perspective, our findings highlight that a “one-size-fits-all” approach to market regulation may yield unintended consequences. While the quote limits policy achieves its goal of stabilizing certain market segments or curtailing excessive speculation (as seen in CSI500s increased efficiency), it simultaneously introduces new complexities or reduced efficiency in others (as observed in HS300). This underscores the critical need for policymakers to adopt tailored regulatory designs that account for the unique characteristics of different market segments and to continuously assess the actual impact of regulations. For market participants, our results imply the necessity of developing segment-specific trading strategies and adaptive risk management frameworks, given the distinct alterations in market dynamics for the HS300 versus the CSI500.
A possible concern is that changes in multifractal characteristics can be influenced by various complex factors and may not represent the sole or absolute measure of market efficiency. Furthermore, while this study reveals the impact of the quote limits system at the index level, future research could further explore the system’s effects on the multifractal characteristics of individual stocks. This would allow for more granular insights into market dynamics and help prevent the loss of detailed information that can occur through index-level averaging.
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Introduction
Innovative energy startups are expediting the energy transition through the adoption of emerging technologies, including blockchain, fintech, artificial intelligence, and crowdfunding. However, existing research primarily focuses on technological capabilities at the startup level and macro-level national applications to explore the current state of innovative energy adoption. In contrast, limited attention has been paid to analyzing the role attributes of innovative energy startups and their correlations with potential success, which are critical for understanding their development trajectories within the energy market.
Methods
This study develops a temporal investment information network for global energy startups, drawing on data from energy enterprises worldwide between 2005 and 2024. The research examines the role attributes of startups and explores the temporal topological characteristics of the network. We propose a success evaluation model based on the features of successful startups to assess the potential of innovative energy startups.
Results and Discussion
The findings indicate that, despite their relatively small market share, innovative energy startups exert significant influence. Notably, successful startups typically exhibit higher betweenness centrality and lower closeness centrality. Moreover, factors such as network degree, centrality, and government administrative capacity play crucial roles in determining the success of innovative energy startups. In the evaluation model constructed using these factors, network structural characteristics contribute the most, achieving an evaluation accuracy of 0.984. This study provides valuable insights for policymakers evaluating innovative energy development trends and for investors assessing the potential of startups.

Keywords: innovative energy startups, temporal networks, investment information, success relevance, development direction
1 INTRODUCTION
Innovative energy has become a forefront issue on the global economic and environmental agenda due to its ability to ensure economic competitiveness [1, 2], improve energy efficiency [3], reduce environmental pollution, and mitigate climate change [4]. Among them, innovative energy startups serve as a new perspective for studying energy market development by analyzing their market return effects and connectivity [5], risk spillover effects [6], extreme uncertainty connectedness [7], and environmental sustainability and its development [8, 9] in comparison to other types of startups. The individual roles and topological characteristics of startups can reflect system structure and interaction patterns [10], thereby revealing interconnections, dependencies, and interactions among startups. However, existing literature primarily examines innovative energy startups from a national perspective [11] and a technological perspective [12–14], neglecting the individual roles and interrelationships of these startups. Therefore, depicting the roles and positions of innovative energy startups within the business ecosystem is of significant importance.
One of the goals of startup development is business success. Existing research analyzes whether a startup can succeed from two main perspectives. First, from a micro-level perspective focusing on individual startups, studies have identified success factors such as innovative business models and collaborations, while failure factors include strong incumbent industries and unfavorable investor sentiment [15, 16]. Second, from a macro-level systemic perspective, research explores investment information on innovative energy startups [17, 18], characterizes static network capital through the final network structure [19], examines communication patterns among startups [20, 21], and uncovers potential dependencies, such as knowledge linkages [22], to assess the likelihood of future success [23–25]. In the energy market, traditional social network analysis (SNA) is suitable for examining stable structural patterns, such as the relationship between energy and capabilities [26] and the fixed spatial distribution of energy consumption [27]. However, due to the rapid environmental changes and increasing competitive pressures driven by technological innovations [28], the success of innovative energy startups increasingly depends on the ability to capture and analyze the dynamic characteristics of the energy market. Temporal networks have demonstrated advantages in capturing dynamic network changes, whether in studying startup growth [29] or optimizing stock market investment portfolios [30]. Therefore, by depicting the dynamic topological characteristics of innovative energy startups through the network structure of temporal networks and leveraging network features to analyze successful energy startups and their connections with innovative energy startups, it is possible to explore the future development directions of innovative energy startups.
To address the existing gaps in understanding the market dynamics and success mechanisms of energy startups, this study introduces an innovative framework that integrates both static and temporal network perspectives. Drawing on a comprehensive dataset of 26,188 investment records, we construct global static and temporal investment networks encompassing 3,592 energy startups connected through shared investors. This network approach reveals both the market structure of innovative energy startups and their evolving connections with successful startups over time, using key metrics such as betweenness and closeness centrality. Building on structural positioning in the networks, we evaluate the role attributes of startups and examine the correlation between network properties and startup success. Furthermore, we develop a novel correlation analysis model to assess success potential in the energy startup. Finally, we apply this model to explore the future development paths of innovative energy startups, providing new insights into the dynamic evolution of the energy startup landscape.
The research work of this paper is as follows. In Section 2, we briefly review the relevant literature and emphasize the necessity of incorporating dynamic network attributes into the analysis of the success correlation of innovative energy startups. Section 3 presents the data. In Section 4, we outline the construction of the network model and the evaluation model, along with their analytical methods. Section 5 discusses the results. Finally, in Section 6, we provide a summary and propose directions for future research.
2 LITERATURE REVIEW
The role of innovative energy in the global energy market is increasingly recognized [31, 32]. As one of the key subjects in innovative energy research, startups are studied across various dimensions, including technology types [33, 34], real-world applications [35], investment [36], regional distribution [37], and policy design [38]. Among these factors, the role of government in promoting innovative energy startups is crucial. Governments support these startups by implementing proactive regulatory policies, funding private enterprises, offering innovation awards, and relaxing market constraints [39, 40]. This support plays a significant role in fostering their growth [41]. However, despite the supportive role of government in advancing energy technologies, a significant commercialization gap in energy innovation remains [40, [42]]. In practice, the successful deployment and diffusion of energy innovation rely heavily on the implementation capabilities of startups, and the effectiveness of policy measures often varies depending on firm-specific characteristics. Yet, existing research tends to overlook the individual roles and features of innovative energy startups, which are crucial for driving the development of energy innovation.
Investment activities play a pivotal role in the growth trajectory of startups. However, the absence of historical benchmarks, the volatility of entrepreneurial ecosystems, and the rapid movement of capital continue to pose significant challenges to successful investment outcomes [43, 44]. Existing literature primarily focuses on assessing entrepreneurial success through financial and operational indicators [82], with funding capacity often used as a proxy—reflected in outcomes such as initial public offerings [45], financing rounds [46], and acquisitions [47, 48]. From the perspective of founding teams, factors such as prior experience, educational background, skills, and even personality traits have been shown to influence startup performance [49, 50]. From the investor’s standpoint, although startup investment entails high risk, investors often play a central role in critical strategic decisions [51, 52]. However, despite the pivotal role of investment in startup success, existing research has paid relatively limited attention to the mechanisms through which investment-related information functions, particularly in the context of innovative energy startups [53, 54]. The impact of investment information on the developmental trajectories of such startups remains an underexplored area worthy of further investigation.
There are complex interactions among innovative energy startups. Through network analysis based on investment information, we can characterize the role attributes and topological features of innovative energy startups from a macro perspective. Role attributes refer to the relational assets generated by an individual’s interactions within a complex external network [55]. Establishing network connections with external resources plays a crucial role in facilitating information exchange [56], which helps explore the development of individuals within the network [19]. In practice, the network effects generated by role attributes facilitate information transmission between indirectly connected individuals through intermediaries [19]. For example, although Startup A and Startup C may not have a direct connection, technology [57], knowledge [58], and information [22] can be exchanged through an intermediary, Startup B. Increasingly, network-based technology diffusion models have explored how information spreads across different network configurations, highlighting the importance of role attributes in information acquisition [59–62]. The theory of preferential attachment [63] further explains this mechanism by suggesting that firms with stronger role attributes are more likely to attract new connections. As a result, these firms become increasingly central within the network structure. Moreover, some studies explore energy startups through the topological features of networks. For example, [19] constructed a global diffusion network for climate change mitigation technologies using patent data, company relationships, and business scale in their study of energy startups. By calculating network attributes such as degree, closeness centrality, and betweenness centrality, they found significant network effects in link quantity and structural positioning. Similarly, [64] analyzed the Chinese energy industry and energy startup market using network metrics such as degree, closeness centrality, and betweenness centrality, uncovering spillover effects in the stock market and the role of carbon markets in network benefits. However, these studies analyze energy startups solely based on the final static network structure and overlook the impact of market dynamics such as changes in investment information on the network role attributes and topological features of individual startups.
Temporal networks enable the dynamic characterization of network roles by continuously tracking key nodes [65, 66] and their associated nodes over time [67]. Therefore, this study introduces an analytical framework that integrates both static and temporal network perspectives, using investment information to construct a dynamically evolving investment network that captures the individual attributes of innovative energy startups across different time periods. By analyzing the topological features of successful startups, we further identify key structural characteristics that influence the growth of energy startups. This approach not only overcomes the limitations of traditional static analyses by capturing the impact of market dynamics on startup roles, but also provides a novel tool for exploring the developmental trajectories of innovative energy startups.
3 DATA
This study constructs an investment information network for energy startups using global corporate data sourced from the Crunchbase database (https://www.crunchbase.com/), covering the period from January 2005 to July 2024. The dataset includes critical information such as announcement dates, investor names, funding status, organization industries, country-level geographic data, and administrative capacity data of energy startups.
We categorize energy market startups into three types: traditional energy startups, renewable energy startups, and innovative energy startups. Innovative energy startups refer to those that integrate technologies such as blockchain, fintech, artificial intelligence, and crowdfunding into their organizational structures and industrial domains to drive the transformation of the energy sector [68–70]. Renewable energy startups are defined as those whose organizational industries include the renewable energy sector, while all other startups are classified as traditional energy startups by default. Furthermore, we classify energy market startups based on their success status. Unlike previous studies that measure success using economic indicators such as corporate performance [71], we define a successful energy startup as one that has achieved either an initial public offering (IPO) or has been acquired through a merger or acquisition (M&A). This binary classification is widely used in innovation and entrepreneurship literature as a practical proxy for success, due to the clear and observable nature of these outcomes [72]. Ultimately, our dataset comprises 295 innovative energy startups (3.3%), 3,488 renewable energy startups (39.2%), and 5,117 traditional energy startups (57.5%). Among them, only 1,507 startups (16.9%) are classified as successful, highlighting the considerable challenges startups face in achieving success.
Government administrative capacity is measured by government effectiveness and regulatory quality. This variable reflects the government’s ability to regulate the local energy startup market and the ease with which investors can conduct business in the country [19]. Data on national administrative capacity are sourced from the Worldwide Governance Indicators provided by the World Bank (https://www.worldbank.org/). Government effectiveness captures the credibility of the government’s commitment to policies and the quality of their implementation, while regulatory quality reflects the government’s ability to formulate laws and regulations that enable and promote private sector development [73]. We take the average of the estimated governance values for each country from 1996 to 2022 as a measure of its government effectiveness and regulatory quality.
4 METHODS
The methodological framework of this study consists of three components. In Section 4.1, we construct a static network of global energy startup investment information and employ network statistical analysis to examine the overall market characteristics of energy startups. In Section 4.2, we build a temporal network of investment information between startups to analyze the dynamic market characteristics of innovative and successful energy startups. In Section 4.3, we develop an evaluation model based on the network variables from Section 4.2, exploring the relationship between these variables and startup success while assessing the accuracy of the evaluation model.
4.1 Static investment information network analysis
We construct a static investment information network for energy startups, where startups are represented as nodes, and edges indicate the presence of shared investors between startups. In this section, we treat the network as an outcome rather than a process and analyze the global distribution of investment resources in the energy market by characterizing the static features of startups.
We construct static network where startups are represented as nodes, and edges indicate the presence of shared investors between startups. Startups without shared investors are removed, resulting in a final network comprising 3,592 energy startup nodes and 26,188 edges. Among these, there are 138 innovative energy startups, 1,520 renewable energy startups, 1,936 traditional energy startups, and 711 successful startups, as shown in Figure 1. Ranking countries by the number of energy startups, we find that the top six countries account for 70% of the market’s startups, with over 90% of successful startups located in these countries. Detailed information is presented in Table 1.
[image: Flow chart illustrating energy distribution in different categories. Energy flows from a red bar labeled "Energy" on the left to a blue "Success" section and a green "Unsuccess" section. Further division into purple "Innovative Energy," orange "Renewable Energy," and yellow "Traditional Energy" on the right.]FIGURE 1 | Energy startups market distribution.TABLE 1 | Scale of energy startups and distribution of government capacity in the top six countries.	Country	Innovative energy	Renewable energy	Traditional energy	Success	Government effectiveness	Regulatory quality
	USA	56	652	918	343	1.521	1.474
	Canada	11	117	207	147	1.769	1.646
	UK	11	110	139	30	1.601	1.722
	Germany	11	61	65	22	1.553	1.572
	Spain	1	36	102	138	1.175	1.066
	China	1	25	78	14	1.010	1.014


Edges reflect the interactions between startups through investment information. We measure edges using investment data between startups, including in-degree, out-degree, weighted in-degree, and weighted out-degree. Specifically, in-degree represents the number of investments received from investors of other startups, indicating a startup’s attractiveness to investors. Out-degree represents the number of investments made by a startup’s investors in other startups, reflecting the extent of capital spillover. The weight of an edge represents the frequency of investment transactions, capturing the intensity of investment activity. Mathematically, following [74], we define a network GV,E, where V=v1,v2,…,vn denotes the set of nodes, vn representing different startups, and E represents the set of edges, which can be expressed in matrix form, as shown in Equation 1:
E=e11⋯e1n⋮⋱⋮em1⋯emn(1)
where emn is the link from startups vm to vn,which can be defined as shown in Equation 2:
emn=0ifthereisnocommoninvestorbetweenvmandvnwmnifinvestorinvminvestinvn(2)
Furthermore, structural positionalities assess the importance of startups in the network by considering their connections. We measure structural positionalities using betweenness centrality, which captures intermediation capacity, and closeness centrality, which reflects the average distance to other nodes. Specifically, betweenness centrality quantifies the frequency with which a startup appears on the shortest paths between indirectly connected startups, indicating its ability to control information flow within the network. This can be calculated by Equation 3:
Bu=∑j≠i∈Vδijuδij(3)
where V represents the set of nodes, δij denotes the total number of shortest paths between nodes i and j, and δiju signifies the shortest path from node i to node j that passes through node u.
Closeness centrality quantifies a startup’s proximity to all other startups in the network by measuring the average length of the shortest paths from the startup to all other startups. It reflects the relative position of a node within the network, indicating how close the startup is to other startups on average. The closeness centrality measure Cu of startup u is written as Equation 4:
Cu=n−1∑v∈V\udu,v(4)
where V represents the set of nodes, n=V is the total number of nodes, and du,v denotes the shortest path distance between nodes u and v.
4.2 Temporal investment information network analysis
In the static analysis, the dynamic characteristics of the network are ignored, and only the final structure of the network is considered. However, the frequent occurrence of investment activities leads to continuously changing potential connections between startups, and these changes have a significant impact on the startups. Therefore, we construct a temporal investment information network for energy startups, maintaining the same node and edge definitions as in the static network but incorporating time information labels. In this section, we analyze the dynamic process of the network to capture the changes in investment information of startups across different periods. Network topology features are measured based on the volume of connections and structural positions [19]. We consider the relationship between a startup’s access to investment and its connections with other startups as well as its position within the network structure, through temporal betweenness centrality and temporal closeness centrality.
Figure 2 visualizes the global energy startups investment information network, where each node represents a startup, and the connection between nodes represents that two startups have a common investor. When an investor invests in different startups successively, then the network has a directed edge from the former startup to the latter startup.
[image: Diagram showing a network with nodes A, B, C, and D linked by directional arrows labeled with variables. The left image (a) illustrates the complete network. The right four-panel grid (b) represents the network's evolution over four time steps. Each panel displays connections forming or changing: t=1 shows A to B, t=2 adds A to B then B to C, t=3 includes D to B and D to C, and t=4 maintains B to C and D to C connections, with node colors red, green, yellow, and blue for distinction.]FIGURE 2 | Schematic representation of global energy startups investment information network. (a) Static investment information network. (b) Temporal investment information network. Note: ABCD represent different startups, abcd denote different investors, and 1234 represent the time. The connecting edges between two startups suggest that they have a common investor, and the arrow direction represents the sequential order of the investor's investments, with the earlier-invested startup pointing to the later-invested one. The temporal network can depict the dynamics of market changes, such as the static network failing to display the investment changes of investor b due to the absence of its duration, and such changes have an impact on startups ABC.Mathematically, following [75],the temporal network GV,E,T is defined at time T=1,2,...,t, where the edges are represented by E=e1,e2,...,et.At time i, if an investor first invests in startup m and then in startup n, a directed edge emni is created from m to n. The weight of the edge represents the number of investors who meet this condition. For example, if investors a, b, c, and d invest in startups A and B at time i, with A being invested in before B, then the directed edge eABi=4 , specifically expressed as Equations 5, 6:
et=∑i=1t∑m≠n∈Vemni(5)
emni=0ifthereisnoinvestorbetweenvmandvnattimeiwmniifinvestorinvminvestinvnattimei(6)
Both temporal betweenness centrality and temporal closeness centrality require the definition of shortest paths over time. We first identify the shortest paths at each time point and then count the number of shortest paths within a specified time period. The process is described as follows in Equation 7:
δijt=∑i=1tmini⁡distij(7)
Where mini⁡distij represents the shortest path between nodes i and j at time t, and δijt represents the count of the shortest paths from node i to node j at each time point up to time t. Thus, temporal betweenness centrality and temporal closeness centrality can be expressed as Equations 8, 9:
tBu=∑i≠j∈Vδijtuδijt(8)
tCu=1∑v≠u∈Vδuvt(9)
Where δijtu represents the number of shortest paths passing through node u between nodes i and j at time t, and δuvt represents the number of shortest paths between nodes u and v at time t.
4.3 Construction of the success evaluation model
To explore the relationship between the network variables formed by the flow of investment information among startups and the success of energy startups, we introduce Pearson correlation into our study (43) to measure the correlation of the network variables. The matrix of the Pearson correlation coefficient, P, is defined as follows in Equations 10, 11:
P=p11⋯p1n⋮⋱⋮pm1⋯pmn(10)
pmn=∑i=1txim−xm¯yin−yn¯∑i=1txim−xm¯2∑i=1tyin−yn¯2(11)
where m and n are the length of two data series, pmn is the pearson correlation coefficient between m and n, t is the number of spot data for each variable. xm¯ is the average percentage value of m, yn¯ is the average percentage value of n. We then estimate the following Equation 12 based on the relationship between the network variables and startup success:
Yi=αDi+βBi+γXi+ε(12)
Where Yi measures the success potential of startup i. α, β and γ are the weight of different scores, and ε is an adjustment factor. Di represents the linkage volumes of startup i in the network, consisting of in-degree, out-degree, weighted in-degree, and weighted out-degree. Bi denotes the structural position of startup i in the network, including temporal betweenness centrality and temporal closeness centrality. Additionally, Xi represents control variables that may influence startup success, including government effectiveness and regulatory quality.
Finally, we evaluate the performance of the prediction model using the Area Under the Receiver Operating Characteristic Curve (AUC). Specifically, we adopt the roc_auc_score function from the Scikit-learn library [76], which is based on the Wilcoxon-Mann-Whitney statistic. This method measures the model’s ability to distinguish between positive and negative samples by comparing the ranking of predicted scores. We randomly select 80% of the innovative energy startups as the training set and the remaining 20% as the testing set. The model’s predictive accuracy is assessed by evaluating its ability to correctly predict the success of startups in the testing set, as shown in Equation 13:
AUC=1mn∑i∈Positive∑j∈NegativeIpi>pj(13)
Where m is the number of positive samples, n is the number of negative samples, pi and pj are the predicted scores for positive and negative samples respectively, and Ipi>pj=1, 0.5 if pi=pj, and 0 otherwise.
5 RESULTS AND DISCUSSION
5.1 Statistic topology on investment information network
The investment information network of energy startups exhibits complex statistical topological characteristics, with varying positions and influence of different types of startups within the network. Based on static topological analysis methods, we conduct an empirical study of the investment information networks of innovative energy, renewable energy, and traditional energy startups.
Table 2 provides the basic characteristics of energy market startups in the static network. Market share indicates the percentage of the total investment funds accounted for by the startups. Closeness centrality and betweenness centrality are calculated based on the results of the centrality experiments [77].
TABLE 2 | Static network characteristics.	Type	Market occupancy	Average in-degree	Average out-degree	Average weighted in-degree	Average weighted out-degree	Static closeness centrality	Static betweenness centrality
	Innovative Energy	0.9351%	1.715	1.701	5.365	5.350	0.118	3.040
	Renewable Energy	30.855%	1.662	1.664	6.718	6.716	0.130	2.942
	Traditional Energy	68.209%	1.564	1.564	7.576	7.577	0.133	2.564


Note: Bold values indicate the best performance in each column.
Innovative energy startups account for less than 1% of the market, while traditional energy startups, with a market share of over 60%, remain the main force in the energy investment and financing market. However, for the three types of energy startups—innovative energy, renewable energy, and traditional energy—both the in-degree and out-degree have gradually decreased, while the weighted degree has gradually increased. Although innovative energy startups have fewer connections with other startups, the weight of these connections in the network is larger. This indicates that compared to traditional and renewable energy startups, innovative energy startups may be more inclined to select specific and strategically significant partners for in-depth cooperation, such as preferring to collaborate with institutions like venture capital and private equity, which typically provide larger amounts of investment. The betweenness centrality further reflects this, as innovative energy startups in the network are more reflective of the flow trend of investment information, and startups influence the direction and speed of the dissemination of investment information. However, the closeness centrality of innovative energy startups is the lowest among the three types of startups, possibly due to their low market share, which prevents startups from reaching more startups quickly and slows access to market information.
Although innovative energy startups have a small market share, as indicated by centrality, their influence is not insignificant. Startups with high centrality are highly connected nodes in the investment and financing network, and the resulting market influence cannot be solely determined by market share. These innovative energy startups with high centrality have a huge market influence that can have a wide impact on the investment trends of the whole investment and financing and thus dominate the development of the energy industry. In addition, markets are sensitive to volatile information, and technological innovations in the energy industry and uncertainties in economic policies can exacerbate the volatility of investment and financing in the energy market, which may in turn affect investment behavior. Therefore, analyzing the investment and financing patterns of the energy market solely based on market share and the static network is restrictive. It is necessary to conduct a dynamic analysis of the investment and financing network.
5.2 Dynamic roles of innovative energy startups
We observe the development of the energy market in recent years from a dynamic perspective. Innovative energy startups entered the market in 2010. Figure 3 shows the temporal betweenness and closeness centrality values of innovative energy startups in the temporal network from 2010 to 2024. We can observe that the distribution of betweenness centrality values is relatively uniform, with the majority being 0.000356 and 0.000178. While the closeness centrality values are relatively dispersed but concentrated within the range of 0.0006–0.001. Figure 4 separately presents the temporal betweenness and closeness centrality of the three types of startups - innovative energy, renewable energy, and traditional energy - from 2005 to 2024. In Figure 4a, the peak of connectivity in 2010 represents that innovative energy startups received significant attention immediately upon entering the market. Due to political unrest in the Middle East and the shale gas revolution in the United States, the energy market declined continuously until the Paris Climate Agreement in 2015 revitalized the energy market and maintained a relatively stable development in the subsequent years, especially with innovative energy startups becoming a key center for investment. However, both the COVID-19 pandemic in 2019 and the Russia-Ukraine war in 2022 affected the global financial market, and the energy investment and financing market was also impacted due to the interrelationships of investments among startups.
[image: Scatter plots labeled a and b compare temporal centrality values for innovative energy startups from 2010 to 2024. Plot a depicts temporal betweenness centrality, while plot b illustrates temporal closeness centrality. Data points are color-coded by year, as indicated in the legend.]FIGURE 3 | Temporal centrality values of innovative energy startups. (a) Temporal betweenness centrality of innovative energy startups. (b) Temporal closeness centrality of innovative energy startups.[image: Two line graphs depict the temporal centrality mean values from 2005 to 2024 for different energy types. Graph (a) shows temporal betweenness centrality, while graph (b) shows temporal closeness centrality. Both graphs have lines representing innovative energy in red, renewable energy in blue, and traditional energy in green. Patterns of fluctuations are visible in all energy types, with significant changes around 2010 and general declines over time.]FIGURE 4 | Temporal centrality of energy startups divided by industries. (a) Temporal betweenness centrality of startups. (b) Temporal closeness centrality of startups. Note: We depict the changing trends of centrality for startups classified by business type. The vertical axis of (a) represents the average temporal betweenness centrality, and the vertical axis of (b) represents the average temporal closeness centrality. Innovative energy startups are represented by red circles, renewable energy startups by blue crosses, and traditional energy startups by green squares.We found that temporal closeness centrality differs from the traditional closeness centrality observed in static networks. Notably, with the exception of the initial phase when innovative energy startups enter the market, the three categories of startups exhibit near-total synchronization in subsequent years. As illustrated in Figure 4b, innovative energy startups displayed elevated closeness centrality during their market entry phase, a phenomenon that can be attributed to robust governmental and startup support, policy incentives, and significant capital investment. These factors collectively facilitated the rapid advancement of innovative energy technologies, bolstered investor confidence, and reinforced the startups’ prominence within the network. While traditional energy sources continue to dominate global energy supply and renewable energy sectors experience rapid growth, innovative energy startups have secured a distinct strategic position within the energy network, driven by their potential for technological disruption and their capacity to shape future industry developments.
Moreover, our analysis reveals a high degree of consistency in the changes of betweenness centrality between innovative energy startups and renewable energy startups, although innovative energy startups exhibit greater volatility. This consistency can be attributed to the shared focus of both types of startups on sustainability, their commitment to developing environmentally friendly solutions, reducing reliance on traditional energy sources such as fossil fuels, and fostering the green economy. Additionally, both categories benefit from supportive policies enacted by governments and international organizations aimed at advancing the application of and investment in clean energy technologies. However, while both innovative and renewable energy startups must remain agile in response to market dynamics, adjusting business models and technological innovations to satisfy consumer demands, innovative energy startups face heightened demands in terms of technological advancements and real-time market responsiveness. Consequently, they are more sensitive to market fluctuations. This increased sensitivity is further compounded by the fact that innovative energy startups span innovations across both traditional and renewable energy sectors, meaning that shifts in either domain can affect their market positioning. Given that innovative energy startups are still in the development phase, with technologies and markets continuing to evolve, the risks associated with investment returns are more pronounced. These factors collectively contribute to the heightened volatility observed in the betweenness centrality of innovative energy startups.
5.3 Dynamic roles of success energy startups
Through both static and dynamic analyses of the energy market, we have elucidated the characteristics of the overall energy market landscape. To investigate the relationship between successful energy startups and the energy market, we employed a temporal network framework to capture the structural positions of successful energy startups within the network, as illustrated in Figures 5, 6. Figure 5 presents the temporal trends of betweenness and closeness centrality for successful energy startups from 2005 to 2024. Our findings reveal that the distribution patterns of successful startups exhibit a notable consistency with those of innovative energy startups with regard to the distribution of betweenness centrality, which demonstrates a more uniform spread compared to closeness centrality. In the subsequent analysis, we compared the centrality values of successful startups against those of unsuccessful startups, with the results presented in Figure 6.
[image: Two scatter plots comparing success startups against centrality values. Panel a shows "Temporal betweenness centrality value" on the y-axis with diverse data points. Panel b displays "Temporal closeness centrality value" with similar distribution. Both plots use color-coded legend from 2005 to 2024 for data points.]FIGURE 5 | Temporal centrality values of successful startups. (a) Temporal betweenness centrality of successful startups. (b) Temporal closeness centrality of successful startups.[image: Line graphs showing temporal centrality metrics from 2005 to 2024. Graph (a) depicts temporal betweenness centrality; graph (b) shows temporal closeness centrality. Each graph compares "Success" (red), "Un-success" (blue), and "All" (green) categories. In graph (a), "Success" starts high and fluctuates, while others remain lower. In graph (b), initial values decline sharply for all categories and stabilize with small fluctuations.]FIGURE 6 | Temporal centrality of energy startups divided by success. (a) Temporal betweenness centrality. (b) Temporal closeness centrality. Note: The evolving trends in centrality for startups, categorized by success and unsuccess, are presented from 2005 to 2024. The vertical axis of (a) corresponds to the average temporal betweenness centrality of the startups, while the vertical axis of (b) reflects the average temporal closeness centrality. Successful startups are denoted by red circles, unsuccessful startups by blue crosses, and all startups are represented by green squares.Through Figure 6, we find that successful startups generally have higher betweenness centrality than unsuccessful startups, while closeness centrality shows the opposite. Successful startups, as “bridge” nodes, play an important intermediary role in the flow of investment information between different startups, acting as links connecting multiple startups through shared investors. The high betweenness centrality of successful startups indicates their ability to attract a large number of investors and foster strong connections between investors, demonstrating high ‘investment accessibility’. High betweenness centrality also suggests that successful startups occupy a strategic position in the energy network, holding influence and power within the entire investment ecosystem. When a startup is involved in multiple investment paths, it can control the speed of information flow or selectively distribute information and opportunities to other startups. Thus, successful startups can obtain important resources through their investment information networks and may even influence the choice of cooperation partners by investors. Low closeness centrality indicates that successful startups are more distantly connected to other startups in the network, located at relatively peripheral positions, and cannot quickly access investment resources. Although successful startups play an important bridging role in the investment network, they are not located in the core areas. This could mean that successful startups are more involved in decentralized investment fields or maintain connections with specific investment circles that are not at the center of the entire investment network. Their low closeness centrality might reflect their focus on specific fields or markets rather than broad participation in all investors’ views.
Successful startups have strong cross-domain resource integration capabilities. Due to fewer direct connections with other startups, successful startups may rely on other startups to transmit information and resources, potentially affecting the timeliness of information acquisition. However, successful startups have a diverse group of investors who invest in various fields and startups, enabling them to establish extensive indirect connections through investors and access resources and information from different areas. Therefore, successful startups can acquire diverse resources and opportunities, promoting cross-domain collaboration. We find that for energy startups, although the lack of direct connections with other startups reduces the timeliness of information acquisition, increasing competition in specific fields, the diversified investment structure and indirect connections between startups may offer more flexibility and opportunities. Startups should focus on developing diversified investment portfolios to attract a broad range of investors and increase indirect connections with other startups, rather than relying solely on core investors or mainstream investment circles in the market.
5.4 Evaluation on success potential of innovative energy startups
5.4.1 Connection between startups role characteristics and success
Table 3 presents the estimated results of the relationship between startups’ combined characteristics, including their own attributes and network topological features, and startups success. Given that different network indicators conceptually capture different aspects of network role attributes, we introduce them separately into the econometric model. This mitigates issues of over-identification and multicollinearity [78]. Therefore, we estimate six independent econometric regression models, each focusing on a single network variable.
TABLE 3 | Regression results of startups role characteristics.	Characteristic	1	2	3	4	5	6
	Indegree (log)	0.411***
(0.531)					
	Outdegree (log)		0.349**
(0.547)				
	Weight Indegree (log)			0.417* 
(0.733)			
	Weight Outdegree (log)				0.633***
(0.749)		
	Betweenness centrality (log)					0.484**
(0.627)	
	Closeness centrality (log)						0.249**
(0.168)
	Country (log)	0.111
(0.542)	0.204 
(0.385)	0.221 
(1.568)	0.371* 
(0.644)	0.437*** 
(0.436)	0.382**
(0.182)
	Government effectiveness (log)	0.312* 
(1.382)	0.005 
(0.843)	0.381* 
(1.568)	0.213 
(0.919)	0.061 
(2.955)	0.165*
(0.745)
	Regulatory quality (log)	0.752*** 
(1.372)	0.377** 
(0.843)	0.822** 
(1.568)	0.631*** 
(0.919)	0.667***
(2.954)	0.166
(0.745)
	Adjusted R-squared	0.411	0.035	0.417	0.063	0.0085	0.025


Note: Standard errors are in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. We log-transform all variables to produce normally distributed model residuals. Additionally, before the log transformation, we add the mean to variables with zero values to address the issue of zeros in the dataset.
For network variables, both in-degree and weighted out-degree are statistically significantly positively correlated with successful startups at the 10% level. Additionally, out-degree, temporal betweenness centrality, and temporal closeness centrality show significance at the 5% level. These results suggest that network structure characteristics can be used to describe the characteristics of investment information in successful energy startups.
Model 1 and model 4 demonstrate relatively higher adjusted R-squared values (0.411 and 0.417, respectively), suggesting that in-degree and weighted in-degree can explain variations in startup success. This implies that the sheer number and the strength of incoming investment links may reflect external recognition or trust, which is important for startup credibility.
Regulatory quality exhibits a consistent and statistically significant positive association with startup success in five of six models, highlighting the importance of institutional environment. Government effectiveness also shows marginal significance in models, further emphasizing the role of governance in enabling entrepreneurial success.
Although model 5 and model 6 have relatively low adjusted R-squared values, the individual coefficients remain informative, suggesting that betweenness centrality and closeness centrality, while not sufficient alone, may still exert meaningful influence when considered jointly with others.
5.4.2 Accuracy of the success evaluation model
Based on the connections in 5.4.1, we design the success evaluation model, assign weights to the indicators, and evaluate its performance. Since a higher AUC indicates greater evaluation accuracy for successful startups, Table 4 confirms the validity of the proposed model. We adjusted the weights of different subsections, and notably, considering any subsection alone did not provide the best representation of the success evaluation score for successful startups. To maximize the AUC value, we exhaustively search all combinations of the weights α, β, γ, under the constraint that α+β+γ=1, where α,β,γ∈0,1 with a step size of 0.1. A higher weight indicates a greater contribution of the corresponding factor to the AUC, and thus a stronger influence on the evaluation of startup success. A weight of 0 implies that the factor has no impact on the success evaluation, while a weight of 1 indicates that the evaluation is solely determined by that single factor. When considering the network in combination with government control capacity as additional information, the AUC reaches its maximum, and the network structure characteristics contribute the most to the success evaluation of startups (with high β values when maximum AUC is achieved). Therefore, considering each startup’s role and dynamic trends in the network helps achieve a higher and more stable AUC (0.984), indicating better potential to assess future success.
TABLE 4 | Model precision measured by AUC.	α	β	γ	Success AUC
	1	0	0	0.916
	0	1	0	0.967
	0	0	1	0.889
	0.3	0.6	0.1	0.984


Note: α, β, and γ are the coefficients measuring enterprise degree, centrality, and government administrative capacity. Bold values indicate the best performance.
To mitigate the risk of overfitting caused by the relatively small sample size of innovative energy startups, this study incorporated a larger dataset. Specifically, we used data from 8,900 energy startups, including 1,507 successful and 7,393 unsuccessful cases. A stratified random sampling approach was employed, allocating 80% of the data for training and 20%. When the weight parameters satisfied the condition α=0.3,β=0.6,γ=0.1, the model achieved an AUC of 0.875 on the test set, indicating a certain level of robustness.
To validate the robustness of our experiments, we employ a five-fold cross-validation approach. For each parameter combination (α, β, γ), the data is divided into five parts: in each iteration, one part is used for validation and the remaining four for training. We then compute the average AUC and its standard deviation for each combination. The top five AUC results obtained from the experiments are shown in Table 5. The standard deviation for each group is around 0.005, indicating the experiment demonstrates reasonable stability and robustness.
TABLE 5 | Five-fold cross-validation results of AUC.	α	β	γ	mean_AUC	Std
	0.3	0.6	0.1	0.9839	0.0052
	0.4	0.6	0.0	0.9837	0.0051
	0.4	0.5	0.1	0.9829	0.0056
	0.2	0.7	0.1	0.9819	0.0053
	0.2	0.6	0.2	0.9815	0.0060


5.5 Estimation on success potentials of innovative energy startups
We used the success evaluation model to evaluate innovative energy startups, comparing the top 20 innovative energy startups with successful startups, as shown in Figure 7.
[image: Two line graphs depict data on innovative energy and success. Graph a compares relative values against indicators like indegree and regulatory quality, with red and blue lines showing trends. Graph b compares frequency ratios across countries such as the United States and China. Both graphs use red for innovative energy and blue for success.]FIGURE 7 | Comparison of successful energy startups and innovative energy startups. Note: We compared the values of various indicators for successful and innovative startups, as well as their national distribution. (a) shows the relative value (sum equal to 1) of each indicator for the startups. (b) shows the frequency distribution of startups in the top 20 countries where successful startups appear most frequently. Red represents innovative energy startups, and blue represents successful startups.We found that innovative startups have higher in-degree, weighted in-degree, and betweenness centrality than successful startups, with the largest difference being in betweenness centrality. However, innovative startups lag behind successful startups in terms of closeness centrality, government efficiency, and regulatory quality.
The higher in-degree and weighted in-degree of innovative startups indicate they can attract more investment but are less effective in preventing investment outflow. The narrowing gap in weighted in-degree suggests that the strength of connections between startups plays a balancing role. Among the structural positions, betweenness centrality shows the greatest deviation between innovative and successful startups. Innovative startups have high betweenness centrality because they act as intermediaries for investment information, attracting a lot of investment. However, due to the high demands for technological updates and the high volatility of technology, compared to other startups, innovative startups’ risks are greater and cannot stabilize the investment. The lower closeness centrality means innovative startups are relatively distant from others in the network, while they play an important role in connecting different startups, they are not located in the network’s central area and cannot quickly reach other startups, possibly being far from the core decision-making circle of investments. Energy startups can play a controlling role in the flow of information, but their efficiency in actively acquiring and disseminating information is relatively low. They rely more on other startups to obtain investment information, and sending investment information to other parts of the network takes more time. Innovative energy startups play key roles in certain paths or network branches, ensuring the connectivity of different sub-networks or startup groups, but their influence or efficiency is more localized in specific sub-networks and not in the information center of the entire network.
Innovative startups perform worse than successful startups in terms of government efficiency and regulatory quality, indicating that government administrative capacity has a positive impact on promoting startup development. This emphasizes the critical role of high-quality, efficient services and a supportive regulatory environment in driving startup progress [19]. Innovative startups and successful startups show similarities in the countries they are located in, especially in developed countries like the U.S. and the U.K. On the one hand, emerging startups have the advantage of catching up by rapidly adopting innovative technologies in their industrial structure, and developed countries typically have more advanced technologies that startups can learn from to gain advantages [79]. On the other hand, governments in developed economies have been actively implementing policies to accelerate emerging technologies like AI and blockchain, and startups use effective policies to speed up technological innovation and follow or even lead market trends. For example, the Inflation Reduction Act enacted in the United States in 2022 (https://www.govinfo.gov/content/pkg/PLAW-117publ169/html/PLAW-117publ169.htm) provides targeted tax incentives for energy-related enterprises, including renewable energy development, electric vehicle adoption, and energy efficiency improvements. This policy significantly lowers the financing barriers for relevant startups and enhances their survivability and competitiveness during the early stages of development. Therefore, the country and its administrative capacity have a positive impact on energy startups, playing a key role in promoting their investment.
6 CONCLUSION
To achieve the energy development goals, the future development of innovative energy startups has attracted active exploration from global businesses and governments. In this paper, we contribute to this discussion by analyzing the positioning of innovative energy startups in the market through the construction of an investment information network among energy startups and by evaluating the future development directions of these startups based on assessments of their success. We argue that, in addition to the influence of domestic government administrative capabilities and policies, the development of innovative energy startups is also shaped by various forms of role attributes within the investment information network.
Firstly, although innovative energy startups account for only 0.9351% of the global energy market, their high centrality in the network suggests that they serve as highly connected nodes within the investment information network. Thus, market influence does not solely depend on market share; these highly central innovative energy startups, possessing significant market influence, can exert widespread effects on the investment trends in financing, thus shaping the development of the energy industry. From the perspectives of in-degree and weighted in-degree, innovative energy startups are more likely to engage in deep collaborations with specific, strategically important partners, and these deep collaborators typically provide significant amounts of investment.
Secondly, when innovative energy startups first enter the market, they attract substantial attention, aided by policy incentives and significant capital inflows. The connectivity of these startups fluctuates frequently, which can be explained by recent social and extreme economic events. The volatility of innovative energy startups is consistent with that of renewable energy startups during the same period, likely due to their shared focus on sustainability and benefit from green economy policies. However, innovative energy startups are more pronounced than renewable energy startups, being more sensitive to technology and market potential, and tend to react more strongly to market fluctuations.
Thirdly, successful energy startups exhibit high betweenness centrality and low closeness centrality within the network compared to other startups. High betweenness centrality indicates the ability to control the speed of information flow or selectively allocate information or opportunities to other startups, while low closeness centrality suggests that these startups are more inclined to participate in decentralized investment areas or non-network-centered investment circles. Thus, successful startups possess strong cross-domain resource integration capabilities, with a diversified investor base leading to extensive indirect connections between startups. As a result, these startups can access a wide range of resources and opportunities despite having fewer direct links with other startups.
Subsequent quantitative analysis of various indicators of successful startups reveals that network degree, network centrality, and government administrative capacity all have an impact on startup success. To further quantify the contribution of each indicator, we conducted an in-depth analysis using the success evaluation model, which has been proven to be reliable. The results indicate that network structural characteristics contribute the most to the evaluation of successful startups, with the model achieving an AUC of 0.967 when the weight is set to 1. Further optimization of weight allocation shows that when network degree, network centrality, and government administrative capacity are assigned weights of 0.3, 0.6, and 0.1, respectively, the AUC of the model improves to 0.984, demonstrating that this weighting scheme more effectively assesses startup success potential.
Finally, through the analysis of successful startups, we find that innovative energy startups can enhance their competitiveness and attractiveness by improving their market layout, business models, and strategies, gaining more capital favor and improving their potential for success and development opportunities. First, a high in-degree indicates that innovative startups have the ability to attract investment, but it is more important to stabilize existing investments. Secondly, the high betweenness centrality and low closeness centrality of innovative energy startups indicate they have the ability to control the flow of investment information, but their information dissemination efficiency is low. Therefore, startups need to expand their influence beyond localized or specific sub-networks and enhance their ability to actively acquire and disseminate investment information, thereby positioning themselves in the network’s center. Central positioning in capital flows provides startups with opportunities to access diverse resources, capabilities, and markets [80], creating excellent opportunities for knowledge sharing and learning [81], which have strategic value, allowing startups to acquire new technologies before widespread adoption, creating a virtuous cycle in technological innovation. Finally, in addition to developed countries, startups should also consider countries with proactive policies and clear development directions. For example, the Chinese government released the “Energy Production and Consumption Revolution Strategy (2016-2030)” in 2016 (https://www.gov.cn/xinwen/2017-04/25/content_5230568.htm), clearly stating the need to promote the deep integration of the internet with distributed energy technology, advanced grid technology, and energy storage technology, and to vigorously develop smart energy technologies. In 2020, the “Energy Development in the New Era” (http://www.scio.gov.cn/gxzt/dtzt/2020/xsddzgnyfzbps/) further transformed the government’s functions, supporting the development of new technologies, models, and industries, and promoting the deep integration of energy technology with modern information, materials, and advanced manufacturing technologies. China is advancing the energy industry toward intelligence and greening through policy support, market opening, innovative applications, digital transformation, and achieving carbon emission goals.
Therefore, based on the results of this study, governments should support high-potential innovative energy startups, particularly in their early stages, through instruments such as guidance funds and investment subsidies. These measures can help stabilize existing investor relationships and reduce financing uncertainty. In addition, for startups that serve as bridging nodes in the network, governments may consider designating them as key channels for technology diffusion by offering targeted support through technology pilot programs and public service platforms, thereby enhancing the overall efficiency of industry innovation. From the startup perspective, startups should actively improve their capabilities in acquiring and disseminating information. This can be achieved by participating in industry alliances and advancing digital infrastructure to strengthen their learning and communication capacities. Furthermore, they should seek to connect with diverse investor groups to expand their influence within the network. In the context of globalization, startups are also encouraged to explore emerging markets with strong policy orientation and substantial support, such as China, in order to leverage policy incentives and reinforce their central positioning in global capital and innovation networks.
Our study has some limitations. First, we focus on the investment information flow between startups, without considering intra-startup relationships. Future research could integrate the internal dynamics of startups and their impact on development. Second, we use IPO and M&A status as indicators of startup success. While this approach offers clear and observable outcomes, it does not capture other important dimensions of success, such as revenue growth, market influence, or long-term sustainability. We plan to explore alternative success metrics in future work as more comprehensive data become available. Furthermore, the proportion of innovative energy startups in our sample is relatively low. This distribution reflects the actual scarcity of such startups within the broader energy startup ecosystem, but it may also limit the generalizability of our findings regarding innovative energy startups. Future research should incorporate larger and more representative samples of innovative energy startups to further validate the conclusions drawn in this study. Finally, this study finds a significant association between high centrality and startup success, but does not establish a causal relationship. Future research may adopt longitudinal approaches such as panel data models, which track the characteristics of multiple entities over time, to examine the causal mechanisms implied by our findings.
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Understanding systemic risk in financial markets requires tools that capture both structural complexity and dynamic evolution. This study adopts a complex systems perspective to analyze the Chinese stock market through correlation-based state classification. Using multidimensional scaling and K-means clustering on rolling stock return correlations, we identify five distinct market states that reflect varying degrees of systemic co-movement and exhibit strong temporal persistence and local transition patterns. We find that transitions among these states encode meaningful information about market structural shifts and are closely linked to the emergence of crash conditions. Building on this insight, we construct an early warning model using decision trees trained on temporal features derived from market state transitions—including medium-term state distributions, directional change ratios, and short-term evolutionary paths. The model achieves high recall and precision across configurations, and supports real-time adaptability via projection-based state labeling. These results highlight the value of market state dynamics and their transitions as a basis for systemic risk monitoring and crash anticipation in complex financial systems.
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1 INTRODUCTION
Financial markets are widely regarded as complex adaptive systems, in which the interactions among heterogeneous agents give rise to emergent phenomena such as volatility clustering, contagion, and crashes [1–4]. Capturing these dynamics requires moving beyond isolated asset-level indicators to examine the structure and evolution of market-wide interactions. In this context, correlation-based and network-theoretic representations have emerged as powerful tools for modeling systemic behavior. Early studies constructed networks from return correlation matrices to quantify collective dynamics and market fragility [5, 6], while more recent work has introduced higher-order interaction structures, including Granger-causality networks [7], speculative influence networks [8], portfolio overlap networks [9], and Ricci-curvature-based geometric approaches [10, 11]. These approaches collectively highlight the importance of modeling financial markets as evolving structures whose topological and temporal features govern their stability—serving, in effect, as emergent order parameters that summarize the global configuration of the system [12, 13]. In parallel, recent advances in econometric modeling have enriched this structural perspective through dynamic correlation and network connectivity analyses [14], contagion mechanism estimation [15], and cross-sectional uncertainty metrics [16], offering additional insights into the spatiotemporal propagation of systemic stress.
Building on these foundations, a growing body of research has demonstrated that financial markets can be decomposed into a small number of discrete market states, derived from clustering time-dependent correlation matrices [17–19]. These states are understood to reflect varying levels of market-wide coordination, with high-correlation regimes typically aligned with heightened systemic risk. Crucially, transitions between these states are not random but exhibit structured, often persistent patterns—indicative of path-dependent dynamics rooted in collective behavior and feedback effects [20, 21]. This suggests that financial instability is less a sudden shock than a gradual process, emerging from shifts in the system’s internal organization and the evolution of its interaction topology. Such state transitions are also closely related to latent patterns of risk contagion and inter-market connectivity, as highlighted in recent econometric models of dynamic transmission mechanisms and time-zone-adjusted VAR frameworks [15]. Moreover, advances in modeling cross-sectional uncertainty have shown promise in enhancing correlation-based classification methods, offering insights into the predictive structure of latent regimes [16]. These perspectives collectively underscore the need to treat state transitions not merely as clustering artifacts, but as meaningful structural shifts reflecting endogenous risk propagation.
Despite these advances, several important aspects remain underexplored in the existing literature. First, most studies are retrospective in nature—focusing on identifying and interpreting market states ex post—without translating these structural insights into forward-looking monitoring tools. Second, while emerging research suggests that market state transitions encode valuable early signals of systemic stress [22, 23], relatively few studies have formally integrated such temporal patterns into operational early warning systems. This issue is especially relevant in the context of emerging markets such as China, where distinctive market microstructures from developed market and investor behaviors complicate risk assessment. Existing models often lack structural interpretability and real-time adaptability, underscoring the need for monitoring frameworks that reflect the endogenous evolution of systemic fragility [24–26].
To address the aforementioned limitations, this paper proposes a structure-aware early warning framework that explicitly incorporates the temporal dynamics of market state transitions. Using the CSI 300 Index as a representative system, we first identify five distinct market states through a combination of correlation-based similarity measures, multidimensional scaling (MDS), and K-means clustering. These states correspond to different levels of systemic coupling and exhibit empirically stable transition patterns: transitions occur predominantly between adjacent states, while high-correlation regimes are disproportionately associated with historical crash periods.
Leveraging these insights, we develop a decision tree-based early warning model constructed from temporally structured features of market state dynamics. These include medium-term state distributions, directional transition ratios, and recent evolutionary motifs. The model demonstrates high recall and precision under cross-validation and remains robust when extended to new data via an efficient projection-based labeling mechanism. Crucially, unlike traditional indicators based on instantaneous correlation structure—such as the Absorption Ratio (AR) [6] and its extension ARR [27], eigenvalue-based early warning signals [20], or curvature-derived fragility measures [10, 11]—our framework emphasizes the predictive value of how structural regimes evolve over time. This transition-centric approach provides a dynamic lens on market fragility, enhancing the model’s interpretability and its potential for real-time monitoring in complex financial environments.
To the best of our understanding, few studies have systematically leveraged market state transitions—interpreted as emergent order-parameter dynamics within complex systems—to inform supervised early warning models, particularly in the context of emerging markets. This study seeks to bridge complex systems modeling with practical risk monitoring by operationalizing structurally grounded state transitions as interpretable signals for crash forecasting.
The remainder of the paper is organized as follows. Section 2.1 introduces the methodology for identifying correlation-driven market states and modeling their temporal transitions. Section 2.2 details the decision tree-based early warning model, including the design of interpretable state-informed features and projection-based labeling of new data. Section 3.2 presents empirical analysis of 15 years of CSI 300 data, covering market state classification, transition dynamics, and their link to crash periods. Section 4 evaluates the early warning model, focusing on feature configuration tuning, performance assessment, and interpretation of decision paths related to pre-crash signals. Section 5 concludes with key findings and implications for systemic risk monitoring and future research.
2 METHODS
2.1 Market state classification and labeling
We conceptualize the financial market as a complex system, where its internal structure is reflected in the correlation patterns among individual stocks. A market state, in this context, is defined by the collective behavior of these correlations. To distinguish different states over time, we assess how the correlation structure evolves across different time windows, mainly following the approach proposed by Pharasi et al. [17, 19]. Specifically, we measure the similarity of correlation matrices computed over these windows, treating similar correlation patterns as indicators of the same underlying market state. To construct the correlation matrices, we begin with daily post-rights-adjusted prices of all stocks and assemble them into a data matrix. The logarithmic return of each stock i is calculated as
rit=lnPit−lnPit−1,
where t denotes the end time point of the corresponding time window. Using these returns, we derive the correlation matrix ρ(τ) for each time window, with matrix elements given by the Pearson correlation coefficients between stock return pairs.
ρijτ=rirj−rirjri2−ri2rj2−rj2.(1)
The average ⟨…⟩ is evaluated within a fixed-length time window ending at time point τ, spanning M discrete time intervals. The subscripts i,j=1,…,N denote the stocks. To avoid ambiguity, we distinguish between two time-related indices: t refers to the actual trading day, while τ denotes the index of the rolling window, each of which spans a fixed number of trading days (e.g., M=22). Thus, each window τ aggregates market information across the interval [t−M+1,t], enabling the construction of smoothed correlation matrices C(τ) for dynamic structural analysis. Since correlation matrices derived from short time series tend to be highly singular, we adopt the power mapping method to suppress noise in these matrices. This approach improves the stability and discriminative power of the correlation matrix spectra, as discussed in previous works like Guhr and Kälber [28]. The nonlinear exponentiation effectively reduces spurious correlations while preserving genuine structural relationships. In this approach, each Pearson correlation coefficient within a time window is transformed nonlinearly as
Cijτ=signρijτ|ρijτ|1+ϵ,
where ϵ∈(0,1) is a parameter that controls the degree of noise suppression.
By applying this transformation, we obtain a sequence of noise-suppressed correlation matrices C(τ)=[Cij(τ)]N×N that capture the dynamic structure of stock return correlations over time. In our analysis, we use a rolling time window of M=22 trading days (approximately 1 month), with a sliding step of Δ=1 day to ensure high temporal resolution.
We now define a similarity measure (or distance) between two correlation matrices, C(τ1) and C(τ2), evaluated at different ending time points τ1 and τ2, as:
dτ1,τ2≡Cτ1−Cτ2̄,(2)
where the overline denotes the average over all matrix elements. These pairwise distances are then used as input for Multidimensional Scaling (MDS), which projects the matrices into a low-dimensional space while preserving their mutual distances within an acceptable tolerance. MDS aims to map each correlation matrix C(τ) to a point in a lower-dimensional space, such that the pairwise distances between matrices are represented by a distance matrix ζ(τ1,τ2). This matrix is defined as:
ζτ1,τ2=δ1,1δ1,2⋯δ1,Frδ2,1δ2,2⋯δ2,Fr⋮⋮⋱⋮δFr,1δFr,2⋯δFr,Fr,(3)
where each entry δi,j represents the computed distance between matrices C(τi) and C(τj). The goal of MDS is to assign coordinates x1,x2,…,xFr in a low-dimensional Euclidean space such that the Euclidean distance ‖xi−xj‖ approximates the original dissimilarities δi,j, i.e.,
‖xi−xj‖≈δi,j,∀i,j∈1,2,…,Fr,
where ‖⋅‖ denotes the Euclidean norm. In doing so, MDS provides a spatial representation of the Fr correlation matrices in a reduced-dimensional space RD.
In this study, we select D=2 or D=3 to enable effective visualization. The resulting coordinates xi are then used to generate two- or three-dimensional mappings that capture the structural relationships among correlation matrices over time. Structurally similar matrices are projected to nearby points, whereas dissimilar ones appear farther apart. Thus, MDS serves as a powerful tool to visualize and explore the dynamic evolution of market states through the similarity structure encoded in ζ(τ1,τ2).
We then apply K-means clustering to partition the Fr data points obtained from the MDS mapping into K distinct clusters, each defined by a cluster centroid. The algorithm proceeds through the following iterative steps:
Algorithm 1. K-Means Clustering for Market State Classification.	1: Input: Set of Fr data points from MDS, number of clusters K
	2: Output: Cluster assignments and centroids
	3: Randomly initialize K cluster centroids among the Fr data points
	4: repeat
	5: Compute the Euclidean distance from each data point to all centroids
	6: Assign each point to the cluster with the nearest centroid
	7: Update each centroid by averaging the positions of all points in the cluster
	8: until cluster assignments and centroid positions converge


To determine the optimal number of clusters K and the appropriate noise suppression parameter ϵ, we evaluate the clustering quality using the intra-cluster distance dintra. This metric is defined as the average of the mean Euclidean distances from each point to its respective cluster centroid, aggregated across all clusters. For each candidate value of K, we perform the clustering under 1,000 different random initializations and compute the standard deviation of the resulting intra-cluster distances, denoted as stdintra. This procedure enables robust assessment of clustering stability and helps identify a reliable choice for K.
To determine the optimal number of clusters K, we introduce a pseudo-AIC criterion that balances intra-cluster dispersion and model complexity:
AICpseudo=2K+n⁡lnstdintra,
where K is the number of clusters, n is the number of samples, and stdintra is the average intra-cluster standard deviation.
While this formulation resembles the structure of the Akaike Information Criterion (AIC), it is not derived from a traditional likelihood framework. Rather, it draws on a probabilistic interpretation of K-means under isotropic statistical assumptions and inspired by the information-theoretic model selection principle of balancing model complexity and goodness-of-fit [29]. To avoid confusion, we refer to it as a pseudo-AIC, and provide a detailed justification of this formulation in Supplementary Appendix A. The value of pseudo-AIC balances model fit and complexity, penalizing models with a large number of clusters. We select the optimal number of clusters K and the noise suppression parameter ϵ by minimizing the AIC value. This ensures that the selected model achieves both compact and stable intra-cluster structure while avoiding overfitting caused by an excessively large K.
In our analysis, we primarily consider cases where K≥4, as configurations with fewer than four clusters (K≤3) are deemed insufficient to capture the diversity of market states in a realistic manner. Once the optimal values of K and ϵ are determined, we compute the average correlation matrix within each cluster. These clusters are then sorted in ascending order based on their average correlation levels and assigned sequential labels corresponding to market states: S1,S2,S3,… 
2.2 Early warning model for market crash using machine learning methods
The first step in constructing the machine learning-based early warning model is to define the binary classification labels: market crash cases (y=1) and non-crash (normal) cases (y=0). These labels can be generated based on the historical daily closing prices of a representative market index. The labeling algorithm proceeds as follows:
Algorithm 2. Labeling Market Crash Cases from Market Price Data.	1: Input: Daily closing prices Pt of a selected market index
	2: Parameters: Time window length N, drawdown threshold η
	3: Output: Labels yt∈{0,1} for each trading day
	4: for each time window of length N (using sliding or fixed approach) do
	5: for each trading day t in the window do
	6:  Compute drawdown: Drawdown(t)=Ptmax(Pwindow)
	7: end for
	8: if there exists t such that Drawdown(t)<η and t is not the first day then
	9:   Let MaxDate be the date of peak price in the window
	10:  Mark the day before MaxDate as start of drawdown (Starti), assign y=1
	11:  Find the first day t′ after Starti such that Drawdown(t′)≥η
	12:  Mark the day before t′ as end of drawdown (Endi)
	13:  Store drawdown window [Starti,Endi]
	14: end if
	15: end for
	16: Merge all intervals [Starti,Endi] to form disjoint market crash periods
	17: Assign yt=0 for all days t outside of these periods


In this paper, we employ the decision trees to construct the market crash early warning model. This modeling choice is motivated by several considerations. Decision trees are inherently simple yet highly interpretable, offering a clear hierarchical structure of decision rules that makes them particularly well-suited for applications requiring transparent reasoning. Second, they are relatively robust to overfitting, especially when the model complexity (e.g., tree depth) is properly controlled. Third, and most importantly in our context, decision trees are well-suited to scenarios with a limited number of input features. Since our early warning model is constructed based on market state transitions—resulting in a compact, semantically meaningful feature set—the ability of decision trees to perform reliable classification without requiring high-dimensional input is a critical advantage. These properties allow the model to maintain strong generalization performance while ensuring interpretability for financial analysts and policy researchers.
To enhance predictive performance, there are three types of features to be implemented to extract patterns associated with market state transitions in pre-crash dynamics:
	• Proportions of Specific States in the Past L1 Windows: pkL1. Market states are first categorized into K distinct types. Over the most recent L1 time windows, the frequency of each state is recorded and converted into proportions to reflect their relative prevalence. Let ni,k denote the number of times for market state k appears in the i-th window. The proportion of state k across these windows is computed as:

pkL1=∑i=1L1ni,kL1k=1,2,…,K(4)
This process yields K features, represented by the vector (p1,p2,…,pK), which captures the medium-term structural distribution of market states. These features are designed to reflect the prevailing level of market stability within the observed period.
	• Ratio of Upward to Downward State Transitions in the Past L2 Windows: rL2. An upward transition refers to a shift from a state with a lower index to one with a higher index (e.g., from S3 to S5), while a downward transition refers to the reverse (e.g., from S4 to S3). Let mi and ni denote the number of upward and downward transitions observed in the i-th window. The ratio over the most past L2 windows is computed as:

rL2=∑i=1L2mi∑i=1L2ni.(5)
Although the state indices themselves are agnostic to specific economic meanings, empirical observations—both from our subsequent empirical results and related literature—suggest that transitions toward higher-indexed states tend to coincide with increased structural complexity or market disorder. Hence, a high value of rL2 may indicate an ongoing shift in market conditions that precedes a turbulent phase. Conversely, a lower ratio may imply a trend toward greater structural coherence or reduced systemic stress. By capturing the relative directional trend in state transitions, this feature provides the model with a coarse-grained but informative indicator of evolving market stability.
	(3) Evolutionary Path of Market States in the Nearest L3 Windows: πL3. The sequence of market states over the most recent L3 time windows is encoded as a categorical transition pattern. Let Si denote the identified market state in the i-th window. The observed pattern is then represented as an ordered sequence:

πL3=S1→S2→⋯→SL3.(6)
Each unique sequence of L3 consecutive states forms a categorical feature that reflects the short-term evolutionary path of market structure. Some simple examples include π3=(S2→S3→S2), π3=(S3→S4→S5), or π4=(S1→S3→S4→S4). The total number of distinct features generated depends on both L3 and the total number of state categories K, with longer sequences enabling more granular pattern differentiation.
These pattern-based features are particularly useful for capturing local dynamics, including sudden structural shifts, oscillatory behavior, or persistent regime patterns within stable/unstable conditions. By encoding the short-run evolutionary trajectory of market states, this feature set complements other indicators focused on medium- and long-term structural characteristics.
Given the asymmetric costs associated with classification outcomes in this context—where missing a true crash event (false negative) may result in significantly more severe consequences than issuing a false alarm (false positive)—the model selection process is designed to prioritize recall. Among models achieving the highest recall, further selection is made by jointly considering overall classification accuracy and minimizing the false positive rate (FPR), thereby ensuring both sensitivity and precision in practical application.
To address the issue of model adaptability over time, we further consider how to incorporate newly arriving data without compromising model consistency. A key challenge lies in assigning market state labels to new incoming time points. Re-clustering the entire dataset whenever new data becomes available is computationally expensive and introduces instability, particularly near cluster boundaries, where minor perturbations may lead to significant reassignments and undermine the validity of previously extracted features. Moreover, substantial updates in data may necessitate a recalibration of clustering hyper-parameters, including the optimal number of clusters and the noise suppression coefficient. To mitigate these issues, we propose the following procedure: compute the similarity (or distance) between the new data and the historical correlation matrices defined in Section 2.1, apply MDS algorithms to project the new observation into the same low-dimensional space, and subsequently assign its cluster label using a computationally efficient classifier (e.g., SVM) trained on the original MDS-embedded data.
3 THE STATE TRANSITION BEHAVIOR OF THE CHINESE STOCK MARKET
3.1 Data
This study utilizes the daily post-rights-adjusted prices of constituent stocks from the CSI 300 Index. The CSI 300, comprising 300 large-cap and highly liquid stocks from both the Shanghai and Shenzhen stock exchanges, represents approximately 60% of the total market capitalization of China’s A-share market. As such, it serves as a key indicator for tracking the overall performance of the Chinese stock market. Its constituents are typically industry-leading enterprises that are highly responsive to sectoral and macroeconomic developments. Fluctuations in their stock prices tend to promptly reflect market sentiment and investor expectations, making them particularly suitable for investigating market state transitions.
Focusing on CSI 300 constituents allows the study to capture systemic market dynamics using a representative sample set, balancing analytical validity with computational efficiency. For the empirical analysis, there are 285 stocks selected from the CSI 300 Index, covering a 15-year period from January 2010 to December 2024, corresponding to T=3643 trading days. To ensure the temporal consistency and comparability of correlation matrices Cij(τ), we included only those stocks that were part of the CSI 300 on 4 January 2010, and remained continuously listed throughout the entire study period. The data is sourced from the RESSET database. All stock prices are post-rights-adjusted, a standard adjustment method that incorporates the effects of corporate actions including stock splits, cash and stock dividends, and rights offerings. This adjustment ensures that historical price series reflect true economic returns and are free from artificial jumps, thereby allowing for consistent return calculation across the full 15-year sample period.
3.2 Identification of market states
We compute the logarithmic returns of the daily post-adjusted closing prices for each stock and generate a sequence of 3,621 correlation matrices of dimension 285 using a sliding window approach, with the window length set to M=22—approximately one trading month—and the sliding step Δ=1 to ensure sufficient granularity in state identification. To determine the optimal number of market states K, we employ the K-means clustering procedure as introduced in Algorithm 1 of Section 2.1, and apply the Akaike Information Criterion (AIC) to penalize excessive model complexity. Specifically, we examine how the number of clusters K and the noise-suppression parameter ϵ interact under varying initialization conditions, while tracking the stability of the clustering outcomes. The convergence condition is defined as:
	• Convergence threshold: relative change in centroid position <10−5;
	• Maximum iterations: 20 (to avoid oscillation in unstable cases).

Figure 1 presents the landscape of pseudo AIC-adjusted standard deviations across a grid of cluster counts (K=1 to 10) and noise-suppression levels (ϵ=0.0 to 0.95). Color intensity reflects the magnitude of the standard deviation, with darker regions corresponding to more stable clustering outcomes. Each parameter configuration is evaluated over 1,000 independent K-means initializations, and the minimum observed pseudo AIC-adjusted standard deviation is interpreted as identifying the most robust and reliable clustering structure.
[image: Heatmap titled "CSI 300" with rows labeled as numbers of clusters (K) from one to ten, and columns as epsilon values from zero to 0.95. Color gradient from dark blue to light blue indicates values from zero to over two thousand. A color bar on the right ranges from zero to one hundred.]FIGURE 1 | Stability landscape for clustering: Pseudo AIC-Adjusted standard deviation across K and ϵ.As discussed in Section 2.1, although configurations with K<4 sometimes yield lower intra-cluster standard deviations, we restrict our analysis to K≥4 to ensure sufficient interpretability and structural resolution. This choice is supported by prior studies in complex systems and financial market dynamics, which suggest that markets typically evolve through multiple qualitatively distinct regimes which are characterized by different levels of systemic co-movement and risk [11, 30]. Clustering configurations with fewer than four states often fail to capture this heterogeneity, resulting in overly coarse classifications that obscure meaningful structural transitions. For the CSI 300 Index, the configuration yielding the most stable and interpretable clustering outcome is ultimately determined to be K=5 with ϵ=0.0.
Figure 2a presents a two-dimensional projection of the clustering result onto the xz-plane, derived from the optimal three-dimensional embedding obtained via MDS. This projection facilitates intuitive visualization of the cluster separation in reduced dimensions. The full three-dimensional representation of the MDS result, as shown in Figure 2b, provides a more comprehensive view of the geometric structure underlying the correlation matrices. Together, these visualizations demonstrate that the five identified market states are well-separated in the embedded space, suggesting the presence of latent structural patterns in market behavior over time.
[image: Scatter plots comparing data sets S1 to S5. Panel (a) shows a two-dimensional scatter plot with groups in blue, orange, green, red, and purple. Panel (b) displays a three-dimensional scatter plot with the same groupings, offering depth and spatial distribution.]FIGURE 2 | Multidimensional scaling (MDS) visualization of market state clustering.Figure 3 presents example heatmaps of stock return correlation matrices for 285 constituent stocks, each selected from a representative trading day corresponding to one of the five identified market states under the configuration ϵ=0.0. A notable progression is observed across the states: as the market transitions upward (i.e., from lower- to higher-indexed states), the red intensity in the heatmaps increases, reflecting a rising level of average pairwise correlation among stocks. This pattern suggests a shift in market structure—from a relatively fragmented condition with weak inter-stock dependencies to a more cohesive regime marked by stronger co-movement. Such transitions often coincide with phases of elevated systemic dynamics, potentially signaling the emergence of market-wide trends or collective reactions to macro shocks.
[image: Five heatmaps labeled S1 to S5, show data patterns over time on dates from 2017 to 2015. Each matrix displays color gradients from blue to red indicating values from negative one to one, with a consistent pattern across maps trending towards red.]FIGURE 3 | Representative correlation structures across market states.To capture the temporal dynamics of market conditions, we examine the evolution of state occupancy probabilities over time. The color blocks in Figure 4 represent the relative frequency of each market state within semiannual windows. Specifically, the probability of a state in each window reflects the proportion of trading days classified under that state. Blue, orange, and green blocks correspond to lower-indexed market states, while red and purple denote higher-indexed states. Several noteworthy patterns emerge. Periods such as 2014, the second half of 2016 through 2017, and the second half of 2020–2021 are dominated by lower-indexed states, suggesting relatively stable market conditions. In contrast, the window spanning 2015 to early 2016 is characterized by a pronounced transition to high-indexed states, aligning with the 2015 A-share market crash—one of the most severe episodes of turbulence in recent years. This temporal clustering of market states provides intuitive validation for the proposed state classification and its relevance to real-world market events.
[image: Stacked bar chart showing data from 2010 to 2024, divided into half years, with events like the 2015 Chinese Stock Market Crash, COVID-19 Pandemic, and the Ukraine-Russia Conflict marked. The bars represent five categories (S1 to S5) in different colors, illustrating changes over time.]FIGURE 4 | Semiannual market state landscape of Chinese stock market.3.3 Market states transition
To better understand the dynamic evolution of market conditions, we analyze the empirical transition behavior among the identified market states. Figure 5a presents the empirical state transition matrix of the CSI 300 Index, obtained under the optimal clustering setting k=5, ϵ=0.0. The transition matrix exhibits a near-tridiagonal structure, suggesting that state changes tend to occur gradually—either remaining in the same state or shifting to adjacent states. This reflects the market’s inertia and path-dependent nature in its structural evolution. Transitions that leap multiple levels—from lower-indexed states directly to a high-indexed state (e.g., from S1 or S2 to S5)—are virtually nonexistent, highlighting the rarity of abrupt structural shifts without intermediate transitions. Instead, gradual escalations are more common. Notably, we observe a limited number of transitions from S2 to S4 (2 times), from S3 to S4 (62 times), from S3 to S5 (6 times), and from S4 to S5 (19 times), which may be interpreted as structural precursors to periods of elevated market stress.
[image: A two-part image showing a heatmap and a flow diagram. (a) The heatmap titled "CSI 300 (ε = 0.0)" displays transitions between different states across two windows. Darker shades indicate higher values, with significant values like 884 and 801 highlighted. (b) The flow diagram illustrates connections and transition probabilities between states S1 to S5. Arrows point between states with specific probabilities, such as 0.887 from S2 back to itself.]FIGURE 5 | Empirical transition matrix and probabilities among market states.Figure 5b visualizes the corresponding transition probabilities using a directed graph, where edge annotations indicate the estimated transition probabilities. Most of the mass is concentrated along self-loops and adjacent-state arrows, reinforcing the local stability of market states. Furthermore, the long-run stationary distribution derived from the estimated Markov chain closely aligns with the empirical frequency distribution:
PS1,S2,S3,S4,S5=0.20,0.28,0.26,0.18,0.08,
which closely mirrors the empirical frequency of observed states. This consistency reinforces the robustness of the five-state market classification and suggests that the estimated state transitions capture meaningful and persistent structural dynamics in the market.
3.4 Relationship between market states and market crashes
To investigate whether market crashes tend to occur under specific structural states of the market, we examine the relationship between identified market states and empirically observed crash periods. The five market states of the CSI 300 Index are ordered by ascending average pairwise correlation, with the mean correlations given by [ CS1(τ)̄,CS2(τ)̄,CS3(τ)̄,CS4(τ)̄,CS5(τ)̄ ]=[ 0.19,0.30,0.41,0.52,0.61 ], displaying a clear linear progression from weakly to strongly correlated market conditions.
Table 1 summarizes the start and end dates of crash episodes, the number of crash cases detected in each episode, the average correlation level during each crash period, and the corresponding market state assigned. These results are based on the proposed crash cases labeling procedure, i. e., Algorithm 2, with time window length N=10 and a drawdown threshold of η=0.08. To map each crash episode to a market state, we calculated the average correlation within the episode and classified it using the midpoint between adjacent state correlation means, i.e., 12(CSi(τ)̄+CSi+1(τ)̄).
TABLE 1 | Crash period characteristics and corresponding market states.	No. of crash periods	Start	End	No. of crash cases	Average correlation	State	Max drawdown
	1	2010-04-14	2010-05-18	10	0.498	4	20.2%
	2	2010-06-22	2010-07-05	3	0.467	4	9.7%
	3	2010-11-08	2010-11-24	7	0.617	5	12.5%
	4	2011-12-02	2011-12-15	1	0.329	2	8.5%
	5	2013-05-28	2013-07-01	11	0.542	4	18.3%
	6	2015-01-26	2015-02-06	1	0.383	3	8.2%
	7	2015-06-08	2015-07-01	15	0.612	5	31.6%
	8	2015-07-23	2015-08-06	7	0.664	5	10.3%
	9	2015-08-10	2015-09-07	10	0.657	5	25.9%
	10	2015-12-22	2016-02-01	18	0.714	5	26.4%
	11	2018-01-26	2018-02-12	3	0.429	3	12.3%
	12	2018-06-13	2018-06-28	2	0.422	3	9.6%
	13	2018-07-24	2018-08-06	1	0.387	3	8.6%
	14	2018-09-28	2018-10-18	5	0.624	5	11.5%
	15	2019-04-19	2019-05-09	4	0.548	4	12.6%
	16	2020-01-13	2020-02-05	3	0.714	5	12.3%
	17	2020-03-05	2020-03-24	7	0.554	4	16.1%
	18	2021-02-10	2021-03-10	5	0.288	2	14.4%
	19	2022-03-01	2022-03-16	4	0.678	5	13.8%
	20	2022-04-14	2022-04-26	2	0.542	4	9.7%
	21	2022-10-18	2022-10-31	1	0.291	2	8.6%
	22	2024-10-08	2024-10-17	4	0.693	5	11.0%


Based on Table 1, different crash episodes are mapped to different market states, forming an initial distribution of state assignments as (S1,S2,S3,S4,S5)=(0,3,4,6,9). However, some of these episodes are notably brief—lasting fewer than three time windows—and are likely driven by exogenous shocks rather than the result of endogenous market dynamics such as herding behavior or feedback amplification. To focus on more persistent and structurally significant crashes, we exclude these short-lived cases by removing periods with fewer than four cases. The adjusted distribution then becomes (S1,S2,S3,S4,S5)=(0,1,0,4,8), clearly indicating that most sustained crashes occur under higher-indexed states, particularly States 4 and 5. This result reinforces the association between elevated systemic co-movement and the onset of significant market downturns. Figure 6 illustrates the time series of daily closing prices for the CSI 300 Index, with shaded areas indicating crash periods. Each color corresponds to the market state assigned to the crash episode: orange for S2, green for S3, red for S4, and purple for S5. As shown, these periods align well with major modification of the index, further validating the classification.
[image: Line graph showing the CSI 300 index with dates from 2009 to 2025 on the x-axis and index values from 2000 to 5500 on the y-axis. Vertical colored bars indicate signals labeled S2 in yellow, S3 in green, S4 in red, and S5 in purple. A secondary lower graph shows blue bars representing a separate signal.]FIGURE 6 | Crash periods and corresponding market states in the CSI 300 Index, along with the rolling forecasting performance of the early warning model. The top panel displays the CSI 300 Index (black) and the average correlation C(τ)̄ (gray dotted line), with vertical colored bands indicating identified crash periods and their dominant market states (S2–S5). The bottom panel shows real-time warning signals produced by the model under a rolling forecasting framework. Most signals are triggered shortly before or at the onset of crash periods, demonstrating the model’s ability to provide timely early warnings.Overall, the results suggest a strong association between elevated-correlation market states and the occurrence of crashes. In particular, States 4 and 5 appear to signal heightened structural instability. This implies the Markov transition diagram of states in Figure 5b can be served to synchronously monitor the market’s stability status. However, it is important to emphasize that such state classifications should be interpreted as contemporaneous reflections of market conditions, rather than forward-looking predictors. Whether they provide sufficient information for lead time warning is addressed in the following section.
4 EARLY WARNING OF STOCK MARKET CRASHES BASED ON STATE TRANSITION INFORMATION
This section explores the predictive value of market state transitions in generating early warnings for stock market crashes. Building on the classification framework established in previous sections, we aim to determine whether temporal patterns in market state dynamics can be effectively utilized to identify imminent periods of elevated market risk.
Based on the results in Table 1, we identify a total of 124 crash cases. For each of these, we label the trading day immediately preceding the start of the case as y=1, representing a positive (crash-imminent) sample. All other trading days outside the crash periods are labeled as y=0. This procedure yields 124 positive samples and 3,289 negative samples. To mitigate the severe class imbalance in the dataset, the y=1 samples are replicated 26 times, thereby constructing a balanced classification dataset suitable for supervised learning.
4.1 Model tuning and implication
To systematically examine how the temporal structure of state-based inputs affects the performance of crash early warning, we adopt the methodology outlined in Section 2.2, varying the window lengths used to construct the three categories of state-derived variables. Specifically, the candidate window lengths L1 for the proportion of each market state pkL1 and window lengths L2 for the ratio of upward to downward state transitions rL2 are both set to (10,15,20,25,30,35,40). For the third feature type—capturing the recent evolutionary paths of market states—the window size L3 is selected from (3,4,5,6). The smaller values of L3 are chosen deliberately to reduce the combinatorial complexity of the resulting categorical pattern space, thereby enhancing model generalization and mitigating the risk of overfitting. These three temporal window features are designed to capture complementary structural and temporal dimensions of market dynamics. Specifically, L1 encodes the medium-term proportion of time the market resides in each state, which reflects persistent structural tendencies; L2 captures the directional momentum of market transitions—quantifying how frequently the market moves into more fragile or stable states—thus acting as a proxy for regime-level drift; and L3 records short-term transition motifs, designed to detect recent local fluctuations that may precede regime shifts. The design draws inspiration from complex systems thinking, where multiscale memory effects and structural inertia often play a critical role in the lead-up to systemic events.
In total, 196 different (L1,L2,L3) combinations are evaluated using a decision tree classifier with 5-fold cross-validation. Table 2 lists the top 10 configurations first ranked by recall and then ranked by precision. The best-performing configuration is (L1,L2,L3)=(35,40,6), which achieves a highest recall of 96.77%, along with the precision of 96.36%, and a low FPR of 3.59%. This setting is selected as the optimal feature configures for the model, balancing sensitivity to crash signals with robustness to false alarms. All performance metrics reported in this section are obtained via 5-fold cross-validation, where the dataset is randomly partitioned into five subsets. In each round, four subsets are used for training and one for validation, ensuring that every observation is tested exactly once. This repeated re-training procedure provides an estimate of model generalization under moderate sample variability. To further assess the robustness of the selected feature configuration, we conducted an additional evaluation using repeated 5-fold cross-validation. Specifically, we repeated the 5-fold CV procedure 20 times with different random splits to estimate the variability of model performance. Based on these repetitions, we calculated confidence intervals for key performance metrics. The 95% confidence interval for precision is [96.2%,96.5%], for recall is [96.7%,96.8%], for F1-score is [96.5%,96.7%], and for the false positive rate (FPR) is [3.4%,3.7%]. These narrow intervals confirm the model’s stable and reliable predictive capacity under different sample partitions.
TABLE 2 | Top 10 best feature configurations.	Rank no.	L1	L2	L3	Precision	Recall	FPR
	1	35	40	6	0.9636	0.9677	0.0359
	2	35	40	5	0.9633	0.9677	0.0362
	3	40	40	6	0.9630	0.9677	0.0365
	4	35	40	4	0.9621	0.9677	0.0374
	5	35	40	3	0.9615	0.9677	0.0380
	6	40	40	5	0.9603	0.9677	0.0392
	7	40	35	6	0.9587	0.9677	0.0410
	8	40	40	4	0.9582	0.9677	0.0413
	9	40	40	3	0.9574	0.9677	0.0423
	10	40	30	4	0.9533	0.9677	0.0465


We did not construct a separate test set for final model evaluation. Given the rarity and temporal clustering of crash events, a fixed test split may lead to high variance and unreliable evaluation. Instead, our focus is on examining whether temporal features of market state transitions offer informative signals for early crash detection. In future work, more rigorous backtesting approaches—such as Combinatorial Purged Cross-Validation (CPCV) [31]—could be explored to validate model performance in a production-like environment.
To provide a more detailed and intuitive assessment of how different window length combinations contribute to model performance, we visualize the precision, recall, and F1-score across all 196 (L1,L2,L3) configurations in Figure 7. Each panel corresponds to a fixed value of L3∈3,4,5,6, while the horizontal and vertical axes represent values of L1 and L2, respectively. The color shading in each cell reflects the performance level for a specific metric, with darker shades indicating better results.
[image: A grid of contour plots displays performance metrics: Precision, Recall, and F1-score across varying levels of L1, L2, and L3. Each plot uses a color gradient from red to blue indicating performance levels from 0.76 to 0.98. Columns represent different metrics, while rows correspond to L3 values from 3 to 6. L1 and L2 are on the X and Y-axes, respectively.]FIGURE 7 | Heatmaps of precision, recall, and F1-Score with hyper-parameters combinations L1,L2,L3.The heatmaps reveal several consistent patterns. First, larger values of L1 and L2 generally yield stronger performance across all metrics, especially when L3=6, confirming the advantage of incorporating longer historical context for state proportions and transition ratios. Second, the F1-score—balancing precision and recall—tends to peak in the upper-right regions of the grids, where both L1 and L2 lie in the range of 30–40. This aligns well with the previously identified optimal configuration (L1,L2,L3)=(35,40,6), providing visual validation for the selected model parameters. Importantly, the combination (L1,L2,L3)=(35,40,6) integrates features over both short- and medium-term windows, capturing persistent structural shifts as well as abrupt transitions.
Figure 8 illustrates the structure of a representative decision tree trained under the optimal window configuration (L_1,L_2,L_3)=(35,40,6), which displays the first four layers. Interpretation of the decision rules reveals that the most informative paths leading to a crash warning (i.e., terminal nodes classified as y=1) tend to involve long-term patterns in state proportions and transition ratios—particularly p5L1 and rL2—rather than short-term state transition sequences.
[image: Decision tree diagram illustrating a classification model with Gini impurity values at each node. It shows bifurcation based on various conditions like \( p_3^{L1} \leq 0.3 \) and \( p_5^{L1} > 0.21 \), among others. Nodes are color-coded based on class, with numerical values indicating counts for each class and Gini scores labeling node impurity.]FIGURE 8 | Decision tree structure under the optimal window configuration (L1,L2,L3)=(35,40,6). Each node shows the predicted class, Gini coefficient, the number of samples labeled as crash (y=1) and non-crash (y=0), and the total number of samples in parentheses. Warm-colored nodes indicate classification into the crash category (y=1), while cool-colored nodes correspond to non-crash classification (y=0). The notation ↻Si denotes persistent stay in state Si, represented as a sequence such as (Si→Si→Si→Si→Si).Notably, one of the clearest decision paths leading to a crash classification occurs when 0.3<p3L1≤0.84, and rL2>1.83, suggesting that elevated presence of mid-to-high index states combined with a strong net upward transition tendency serves as a robust early warning signal. In contrast, the specific forms of short-term state transition patterns—such as π5=(Si→⋯→Sj)—do not appear to provide significant predictive power on their own. However, when such patterns indicate that the market has not persistently remained in state S5 (i.e., π5≠↻S5), and are combined with medium- to long-term indicators such as pkL1 and rL2, the model still achieves strong early warning performance. Specifically, long-term state occupancy proportions p5L1 act as proxies for structural stress accumulation—indicating prolonged market exposure to vulnerable regimes. The transition ratio rL2 captures directional asymmetries in regime shifts, with high values signaling drift toward higher fragility states. The short-term motif π5 provides further granularity by detecting whether the market remains stable in a specific state (e.g., ↻S5) or experiences disruptive shifts. These layered indicators together help uncover latent warning signals preceding systemic crashes, supporting the interpretability and theoretical consistency of the model.
To further examine the practical utility of the proposed early warning model, we apply the optimized classifier in a rolling forecasting mode. At each time step, the model uses only past information to predict whether a warning signal should be triggered for the next period. This simulates a realistic deployment setting where market operators make real-time decisions based on evolving structural dynamics. The lower panel of Figure 6 visualizes the resulting forecasted warning signals over the full sample period. Most warnings align closely with the start of crash periods identified by our drawdown-based labeling scheme, often appearing several days in advance. These results confirm that the model generalizes well to unseen data and is capable of generating timely early warnings in real-world settings.
To benchmark the performance of our proposed market state transition (MST) framework, we compare it with three representative baseline models of early warning signals that are widely used in the literature: (1) volatility-based indicators, (2) spectrum-based indicators and (3) absorption ratio.
For the volatility model, we construct a VIX-like indicator based on the implied volatility of the China ETF 50 options, often referred to as the “China fear index.” This index serves as a functional proxy for market-perceived risk in the Chinese context. For the spectrum-based category, we follow the methodology of Chakraborti et al. [20] to compute the maximum eigenvalue of the correlation matrix. For the absorption ratio, we use the implementation proposed by Kritzman et al. [6], which quantifies the proportion of variance absorbed by a fixed number of principal components.
To enable a fair comparison, we construct decision-tree-based classifiers for each of these indicators by tuning thresholds to generate binary crash warnings. All models are evaluated using the same labeled crash dataset and assessed under 5-fold cross-validation. Table 3 presents the results. Our MST-based framework consistently outperforms the benchmark models across all metrics, achieving the highest precision (0.964), recall (0.968), and F1-score (0.966), along with the lowest false positive rate (3.7%). These results highlight the advantage of structurally grounded, transition-driven features in anticipating systemic stress.
TABLE 3 | Comparison of early warning models using 5-fold cross-validation.	Model	Precision	Recall	F1-score	FPR
	MST model	0.964	0.968	0.966	0.037
	VIX-like model	0.863	0.755	0.803	0.120
	Spectrum model	0.677	0.904	0.773	0.347
	Absorption ratio	0.783	0.828	0.804	0.229


The maximum value in this column is indicated in bold.
4.2 Adaptability to new data
To evaluate the model’s adaptability in real-time environments, we assess its ability to incorporate newly arriving trading data using the procedure described at the end of Section 2.2. Specifically, new correlation matrices are projected into the original low-dimensional MDS space, and their market state labels are assigned using a Support Vector Machine (SVM) trained on the initial clustering results.
Results from 5-fold cross-validation indicate that the SVM with a radial basis function (RBF) kernel achieves a classification accuracy of 98.20%, demonstrating that new trading days can be accurately labeled with minimal computational cost. This confirms the model’s suitability for real-time deployment and continuous market monitoring under dynamic conditions.
4.3 Sensitivity analysis
To evaluate the robustness of our results with respect to key design choices, we conduct two sets of sensitivity analyses focusing on crash labeling and resampling methods.
First, we examine the impact of changing the drawdown threshold η used in crash event identification. Figure 9 illustrates the distribution of market states associated with crash periods under three threshold settings: η=7%, 8%, and 9%. The patterns remain highly consistent, confirming that the core findings reported in Section 3.4—especially the concentration of crash periods in states S4 and S5—are not sensitive to the exact choice of η.
[image: Bar chart displaying frequency across different market states (S1 to S5). It features three colored bars for each state representing values 0.07 (green), 0.08 (purple), and 0.09 (orange). S5 shows the highest frequencies.]FIGURE 9 | Sensitivity of crash-state distribution to drawdown threshold η. Frequencies of each market state observed during identified crash periods under three thresholds η=7%, 8%, 9% are compared. Results confirm the consistency of crash-state associations.Second, we assess the influence of different resampling techniques used to address class imbalance in model training. In addition to the simple replication method (Simple Rep) used in the main analysis, we consider two widely used alternatives: SMOTE and ADASYN. As shown in Figure 10, the decision tree model maintains stable performance across all three approaches. While SMOTE and ADASYN yield slightly lower precision, recall and F1-score, the overall differences are modest, supporting the validity of our original choice. These results demonstrate that the predictive effectiveness of our framework is not materially dependent on the specific sampling method adopted.
[image: Box plots comparing the performance of three methods: Simple Rep, SMOTE, and ADASYN, across four metrics: Precision, Recall, F1-score, and False Positive Rate (FPR). Simple Rep shows higher Precision and F1-score, while ADASYN scores better in Recall. SMOTE has the highest FPR. The methods are color-coded: Simple Rep in red, SMOTE in blue, and ADASYN in green.]FIGURE 10 | Model performance under different resampling methods. Bars represent precision, recall, F1-score, and false positive rate (FPR) for simple replication, SMOTE, and ADASYN. The results demonstrate that the model’s performance remains stable across various class-balancing strategies.5 CONCLUSION
Grounded in the complex systems perspective, this paper applies correlation-based structural analysis to identify and characterize market states in the Chinese stock market, with the CSI 300 Index as a representative system. Using multidimensional scaling and K-means clustering on rolling correlation matrices, we identify five distinct market states that reflect varying levels of systemic co-movement. Our analysis confirms that these states are not merely statistical artifacts but correspond to meaningful structural configurations of the market.
Empirical results reveal that market state transitions are predominantly local, occurring between adjacent states, while abrupt multi-level jumps are rare. States also exhibit high temporal persistence, underscoring the gradual and inertial nature of structural evolution in financial systems. Notably, high-indexed states—those with elevated average correlations—are strongly associated with historically observed crashes, particularly when the market resides in State 4 or State 5, where systemic co-movement is most pronounced. While these states offer valuable insight into ongoing market fragility, they function primarily as contemporaneous indicators rather than forward-looking predictors. Together, these findings support the use of market state classification as a structurally grounded, real-time measure of systemic risk.
Based on the identified state structure, an early warning model is constructed using decision trees trained on state-derived temporal features. These features capture medium-term structural distributions, directional trends in state transitions, and recent evolutionary patterns. The model demonstrates high recall and precision across multiple validation settings, indicating strong robustness in identifying pre-crash conditions. Furthermore, real-time adaptability is ensured through a projection-based labeling procedure, allowing new data to be efficiently embedded and classified, thus enabling continuous and responsive market surveillance.
Several avenues for future research emerge from this work. One direction is to extend the proposed framework to cross-market or multi-asset systems, such as incorporating global indices, fixed income instruments, or cryptocurrency markets, to examine whether state transitions exhibit comparable structural patterns across different financial domains. Another promising line lies in enriching the modeling of state transitions themselves—e.g., using recurrent neural networks to capture nonlinear memory effects. Furthermore, combining structural state dynamics with behavioral signals, news flows may enhance the predictive power and interpretability of crash warnings. Finally, linking market state trajectories with macro-financial policy variables could offer new insights into the interplay between systemic risk and regulatory interventions.
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Introduction
Under global integration, banking system stability is paramount for financial market stability. While subordinated debt enhances bank capital stability, it poses capital loss risks to creditor banks upon issuer bankruptcy. This paper examines the transmission mechanism of systemic risk arising from banks’ mutual holdings of subordinated debt, specifically from a risk preference perspective.
Methods
We construct a multi-channel risk contagion model that comprehensively incorporates the effects of interbank lending, investment coupling, and mutual holdings of subordinated debt, explicitly integrating bank risk preference. The model’s dynamics and systemic risk implications are analyzed through simulation.
Results
Simulation analysis reveals that bank systemic risk is significantly influenced by savings rates and their volatility, reserve requirements, and investment returns and their volatility. In contrast, the impact of interbank lending rates is found to be relatively small.
Discussion
These findings provide crucial theoretical support for regulatory agencies in identifying key risk contagion pathways and formulating effective preventive strategies. Furthermore, the study outlines important future research directions, including calibrating model parameters with real-world data and introducing more heterogeneous bank behavior assumptions.
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1 INTRODUCTION
As the global economy continues to become more integrated, national financial markets are becoming increasingly interconnected. As the nucleus of the financial system, the banking system’s business activities penetrate deeply at all levels, and once systemic risk occurs, it will not only trigger the crisis of the bank itself, but also quickly transmit it to the entire financial market like dominoes. The Bank for International Settlements defines systemic risk in financial markets as the risk that a substantial part of the financial system will be unable to fulfil its function of providing credit and collapse [1]. This paper defines systemic risk based on the perspective of bank failure risk. Risk contagion is a key issue in the financial system. The theory of risk contagion suggests that the interconnectedness of financial institutions can lead to the rapid spread of distress in one institution to others, thereby triggering systemic risk. Risk contagion in this paper refers to the process by which the risk of one bank is transmitted to other banks through channels such as interbank lending and investment coupling, resulting in other banks also facing risk.
Current research on systemic risk in the banking system primarily focuses on analysis from the perspective of the interbank market. One category of research emphasizes the construction of financial network models to analyze the risk contagion resulting from direct credit relationships between banks [2–7]. For example, Qi et al. [4] used network topology theory to analyze the transmission mechanisms of credit shocks and liquidity shocks, as well as their impact on risk propagation within the banking network. The study found that liquidity shocks have a greater impact than credit shocks; Liu [5] analyzed the interactions between financial institutions and interbank lending, as well as the effects of leverage and market liquidity. The results emphasized the importance of understanding and controlling risk channels for maintaining banking stability; Macchiati [6] constructed an interbank market model using European banks’ balance sheet information to assess systemic liquidity risk; Yanquen and Livan [7] found that credit provided by banks to the real sector exhibits a certain degree of overlap, thereby creating systemic risk. Another category of research focuses on the dynamic evolution of interbank lending activities and their dynamic impact on systemic risk [8–15]. For example, Capponi et al. [8] developed a dynamic model of interbank lending activities to reflect the dynamic changes in systemic risk; Ding et al. [10] used a multi-agent approach to model the interbank lending network, conducting an in-depth study of the risk contagion process among banks; Fan and Sheng [11] constructed a dynamic evolution model for assessing systemic risk in the banking sector under dual risk exposure, with results indicating that the evolution of contagion risk exceeds that of credit risk; Jin et al. [13]conducted stress tests on China’s interbank lending network to study the risk contagion capacity of financial networks; Krause and Giansante [14] established an interbank lending network and found that the initial scale of bank failures is the dominant factor in whether contagion occurs.
The extant studies primarily analyze systemic risk from the interbank lending perspective, and some scholars also consider banks’ common asset holdings [16, 17] and investment-related behaviors [18–21]. Wang and Li [16] found that the redistribution of assets within the two networks, namely, interbank loans and mutual asset holdings, significantly reduced the systemic risk; Zou et al. [19] developed a two-tiered network model of China’s financial system, which included the interbank lending network and the cross-stockholding network. Their findings indicated that the contagion losses within the two-tiered network exceeded the total losses from the independent interbank credit network and the cross-stockholding network. Gao and Fan [20] introduced risk appetite coefficient and systemic shocks to construct a quantitative portfolio strategy model. Nguyen [22] found that subordinated debt mitigates bank risk-taking; Cappeni and Weber [23] studied the portfolio selection problem of banks through the losses caused by the spillover effect of price reductions; Shen and Li [24] found that risk contagion was also significant due to the combined effect of counterparty risk and common asset holding risk when there was no overlap in portfolios. Weber and Weske [25] examined the individual and combined effects of interbank liabilities, bankruptcy costs, markups, and cross-shareholdings on systemic risk; Wang et al. [26] found that the risk of contagion caused by excessive similarity of investment assets is the main cause of systemic risk. Jiang and Fan [27] considered the effects of interbank loans, portfolio overlap, and subordinated debt mutual ownership on bank stability; Yan et al. [28] established a multi-tier banking network structure with three channels: interbank loans, mutual ownership, and common asset holding.
The aforementioned models consider the impact of interbank lending, jointly held assets, or investment-related behaviors on systemic risk in the banking system, but most studies are based on single-channel or dual-channel approaches. Jiang and Fan [27] were the first to propose a multi-channel model that integrates interbank loans, overlapping investment portfolios, and cross-holdings of subordinated debt. However, their method assumes that the interest rates on all subordinated debt issued by banks are fixed, and the allocation process of debt holdings is random. This overlooks two key realities in financial markets: (1) Subordinated debt interest rates are inherently risk-sensitive, reflecting the financial health of the issuer; (2) Banks’ investment choices (including debt holdings) are strategically driven by their risk preferences. To bridge this gap, our model introduces a risk-preference-based dynamic mechanism: (1) Debt issuance rates are differentiated based on the relative equity strength of the issuer; (2) Debt holdings are not random; according to risk premium theory, banks with lower risk preferences (risk-averse) tend to hold lower-yielding (safer) debt, while banks with higher risk preferences (risk-seeking) pursue higher-yielding (riskier) debt.
2 MODEL
2.1 Bank market structure with mutual holding of subordinated debt
In the banking system, bank bankruptcy is frequently due to insufficient liquidity and a bank’s liquidity is closely correlated with its savings, investment, as well as other behaviors [29]. To examine the specific factors affecting bank systemic risk, this paper establishes a multi-channel risk transmission model on the basis of interbank holdings of subordinated debt with risk preferences, as illustrated in Figure 1. This model comprehensively considers the effects of interbank loans, investment in ordinary assets, and mutual holdings of subordinated debt on bank systemic risk. Different from previous studies, this paper further considers the heterogeneity of banks, setting different risk preference parameters for each bank to reflect the bank’s preference for risk. Capital structure theory states that the cost of financing a firm is closely related to its capital structure. A bank’s owner’s equity is an important part of its capital structure, and higher owner’s equity means that the bank’s financial position is more robust and better able to absorb potential losses, thus reducing the cost of its debt financing. Therefore, this paper sets different subordinated debt interest rates based on the ratio of each bank’s owner’s equity to the average owner’s equity of all banks. At the same time, Subordinated debt is selected for holding based on the size of the risk preference parameters; banks with smaller risk preference parameters (i.e., more risk-averse) hold subordinated debt with smaller interest rates, while the opposite holds subordinated debt with larger interest rates.
[image: Diagram illustrating the financial relationships among multiple banks and assets. Banks labeled from Bank 1 to Bank N are connected through red lines for interbank lending, blue lines for mutual holding of subordinated debt, and black lines indicating investment in various assets labeled from Asset 1 to Asset M.]FIGURE 1 | Interbank market structure.In the actual banking system, banks usually hold subordinated debt with each other as a long-term capital replenishment mechanism to meet capital adequacy requirements. Subordinated debt can be traded in the secondary market, while interbank lending is mainly used to meet the short-term funding needs of banks and serves to manage liquidity, and is generally not transferred. In addition, the interrelation of interbank investment assets plays a critical part in the banking system’s stability. Multiple banks may invest in the same asset, and once one bank goes bankrupt and conducts an asset liquidation, the price of the asset will fluctuate, affecting the other banks holding the asset. In addition to causing asset price volatility, the failure of a bank may result in the bank’s inability to meet its loan and subordinated debt obligations, causing losses to the assets of creditor banks. In severe cases, it may even trigger a domino effect of consecutive bank failures. Insufficient liquidity of banks, which is closely correlated with factors such as investment, savings and lending, is the major factor of instability in the banking system. This article will use the model to analyze how these factors affect systemic risks in the banking system.
2.2 Model construction of multi-channel risk transmission among entities holding subordinated debt
In the actual banking system, the relationships between banks are complex and intertwined, involving not only direct relationships arising from interbank lending and holding subordinated debt, but also indirect relationships arising from joint investments in certain assets. In a random banking network, the interbank lending and the issuance and holding of subordinated debt are a process of random allocation. When banks have insufficient liquidity, they can borrow from other banks, with the link matrix represented by J, where Jij takes a value of 0 or 1. Jij=1 indicates a possible lending relationship between bank i and bank j, while Jij=0 indicates no credit relationship between bank i and bank j. S represents the interconnection matrix of banks holding subordinated debt mutually, where when Sij > 0, the quantity of subordinated debt that bank i holds in bank j is Sij, and when Sij < 0, the quantity of subordinated debt that bank j holds in bank i is Sij, thus Sij=−Sij. The connection probability between banks is represented by P, where 0≤Pij≤1.
Under the random banking network scenario, it is assumed that at time t, there exist Nt banks, where Nt is a bounded integer. As the discrete time evolves through t= 1, 2, 3, … ,T, these Nt banks form direct and indirect connections. At time t, bank i's liquidity Lit is given by Equation 1:
Lit=Li¯t−Dit−Iit+∑j=1NtcijtBijt(1)
where Li¯t is the liquid assets of bank i that have not been invested, distributed and dismantled at time t; Dit is the distribution of dividends of bank i at time t; Iit is the investment of bank i at time t; cijt represents the interbank loan association of bank i with bank j at time t. When there is a loan association of bank i with bank j at time t, cij=1, otherwise cij=0; Bijt refers to the loan volume between bank i and bank j. When Bijt>0, bank i borrows money from bank j, and vice versa, bank i lends money to bank j. In stochastic banking networks, borrowing only occurs when banks are illiquid, which is consistent with how banks actually operate.
At each time, the bank will carry out savings, dividends and investment operations, these operations will make the bank’s liquidity to alter, at time t, the bank’s liquidity without investment, dividends and savings Li¯t can be expressed by Equation 2:
Li¯t=Lit−1+Ait−Ait−1−raAit−1+Uit(2)
where ra is the bank deposit interest rate, Ait represents the amount of deposit owned by bank i at time t, and its concrete expression is Ait=1+σAηtA¯, where σA is the standard deviation of the total bank deposits, A¯ is the average value of total bank deposits, ηt∈N0,1. Uit denotes the investment profit earned in bank i at time t, which is closely related to the total investment amount of bank i at time t. Under the condition that bank i has not invested at time t, the total investment amount of bank i is expressed by Equation 3:
Yit=∑j=1MQijt−1gjt(3)
where Qijt−1 is the amount of equity in asset j that bank i holds at time t−1, which is a dynamic value that reflects the realization of past investments and the development of new investments by bank i. gjt is the value of asset j at time t, and its expression is given by Equation 4:
gjt=gjt−11+δjt(4)
where δjt is the yield of asset j at time t, and it is not a fixed value, but a dynamic value influenced by many factors such as macroeconomics and policies. In this paper, δjt obeys a normal distribution with mean τ, i.e., δjt∈Nτ,θ. Where τ is the mean yield of all investments and θ is the asset value volatility.
When the bank’s liquidity is inadequate, it will choose to liquidate some assets to make up for the liquidity. At time t, the quantity of assets realized by bank i is Uit=q×Yit, where q is the ratio of realized investment. The aggregate investment assets owned by bank i after the investment is realized and before continuing the investment are Yi¯t=∑j=1MQij¯tgjt, where Qij¯t is the amount of shares in asset j owned by bank i following the realization of the partial investment. So the bank owner’s equity before dividends and investments can be expressed as Equation 5:
Vi¯t=Li¯t+Yi¯t−Ait−1−rbBit−1(5)
where Bit−1=∑j=1Nt−1Bijt−1 is the aggregate interbank debt owned by bank i at time t−1, rb is the interbank offered rate. 1+rbBit−1 denotes the sum of the interbank borrowing capital and interest that bank i has to repay at time t. When the bank generates investment income, it can pay dividends. The dividend of bank i at time t is determined by Equation 6:
Dit=max0,⁡minUit−raAit−1,Li¯t−βAit,Li¯t+Yi¯t−1+χAit(6)
where β is the deposit reserve ratio and χ is the capital saving ratio. Dividend distribution by banks should be based on three premises: Vi¯t/Ait≥χ, net yield greater than 0, and meeting the requirements of deposit reserve. After paying dividends, the bank needs to reinvest the residual cash to obtain more returns. The investment made by bank i at time t is expressed as Equation 7:
Iit=minmax0,Li¯t−βAit−Dit,ωit(7)
where ωit=ω¯1+σωμ is the investment opportunity of bank i at time t, where ω¯ Is the average of all bank investment opportunities, σω is the standard deviation of all bank investment opportunities, and μ obeys a normal distribution of N0,1. At time t, the amount of asset j invested by bank i is ∆Qijt, which satisfies Iit=∑j=1M∆Qijtgjt. After investment Yit satisfies the formula Yit=∑j=1MQijtgjt, where Qijt=Qij¯t+∆Qijt.
2.3 Multichannel risk contagion model analysis of mutual subordinated debt holdings based on risk appetite
Within the framework of the banking system’s network, if a bank holds liquid funds after completing its dividend distribution and investment activities, it is considered to be a potential lender of funds, capable of providing financing support to other banks. When a bank is illiquid, it will need to incorporate funds from the interbank market to continue operating as usual. In case of the indebted bank, when the funds received from other banks are able to cover the preceding debt, the repayment operation will be carried out, and at the same time, the liquidity of this bank will be reduced to nil. If the bank is unable to raise sufficient funds to repay its debts and interest on deposits, it will have to dispose of its assets until the funds from the sale of assets can cover its debts. If the bank is unable to pay its debts after selling its assets, it will face bankruptcy and start the process of liquidation of assets. The proceeds of the liquidation will be applied first to pay off deposits and the remainder will be repaid to creditor banks on a pro rata basis.
During the process of issuing subordinated debt, the interest rate ri of subordinated debt of bank i is determined by the ratio of bank i's ownership interest to the average ownership interest of all banks. Its pricing follows the risk-return matching principle: banks with low capital adequacy ratios need to pay higher risk premiums to compensate investors. According to the Merton theory model, when equity declines, the risk of default increases exponentially, so the specific expression is as Equation 8:
fri=r¯+e1−ViV¯−11000(8)
where r¯ is the average subordinated interest rate of all banks, Vi is bank i's ownership interest, V¯ is the average ownership interest of all banks. In the actual financial market, the interest rate at which a bank issues subordinated debt is affected by its own financial position. In assessing the credit rating of banks’ subordinated debt, credit rating agencies will take the banks’ financial indicators such as owner’s equity and capital adequacy ratio as important references. Usually, the subordinated debt issued by banks with better financial conditions can obtain a higher credit rating, thus attracting investors with lower interest rates. This is consistent with the model’s assumption that subordinated debt rates are negatively correlated with bank ownership equity. In the allocation process of subordinated debt, Bank i’s risk preference parameter is ρ, reflecting the bank’s level of risk preference. In the actual banking system, a bank’s risk preference is influenced by a variety of factors and cannot be fully captured by simple deterministic rules. Therefore, in this paper, the risk preference parameter is a random number between 0 and 1. The larger the risk preference parameter of banks, the more they like risk, and they tend to hold subordinated debt with higher interest rate; otherwise, they are more risk-averse and tend to hold subordinated debt with lower interest rate.
In the dynamic development of the banking system, selling assets tends to cause asset prices to fall. Since a number of financial intermediaries invest in the same asset at the simultaneous time, financial intermediaries are indirectly connected to each other through the assets in which they invest. Movements in asset prices can influence multiple institutions holding the asset at the same time, and changes in the assets of one financial institution can have an effect on other financial institutions through the assets jointly held. When banks are illiquid and unable to access loans, they sell assets to cover the liquidity gap. Furthermore, when a bank fails, the failing bank will liquidate its portfolio of assets, and the assets sold will decline in value. Banks holding the identical assets will be hit by the devaluation of their assets, leading to a loss of equity, which in turn may lead to insolvency, triggering bank bankruptcy, which can further damage the assets of creditor banks. Through this evolutionary process, the initial shock of the interbank network continues to propagate through the system. When a bank sells an asset due to illiquidity, or a bank goes into liquidation due to bankruptcy, the asset is sold at a depreciated value. Here, a market effect function is modeled through the price impact function in Equation 9:
fxjt=e−αxjt(9)
where xjt is the liquidation portion of asset j at time t. α represents the asset price sensitivity, i.e., the degree of price fluctuation resulting from the sale of the asset. In this paper, we take the value of α as 1.0536 in reference to the study of Caccioli [30], which indicates that when 10% of the assets are sold, the price of the assets will also fall by 10%, which can be approximated as the linear effect of asset sales on asset prices. Thus, the value of asset j at time t is as shown in Equation 10:
gjt=gjtfxjt(10)
3 MODEL ANALYSIS
In the banking system evolutionary process, banks receive various ownership interests, liquid assets, dividends, etc., depending on their business conditions and strategies, and some banks go bankrupt due to poor business strategies. Due to systemic risk, the failure of one or a few banks may trigger a domino effect of more consecutive bank failures. In order to more clearly characterize systemic risk, we define systemic risk as in Equation 11:
Riskt=1TSNe∑i=1Ne∑j=t+1t+TMjiNji(11)
where TS is the degree of time, TS=200 in this paper, Ne is the count of simulation repetitions, Nji is the count of banks that are not insolvent at moment j, Mji is the count of insolvent banks at the i th simulation.
In this paper, the largest simulation time step is 2000, 200 banks are used in the simulation, and the simulation is performed 10 times, which can adequately represent the dynamic features of the banking system. At each time step, the bank can randomly recover 35% of its assets. There are 150 assets in which the bank can invest. The initial equity capital of the owner follows a normal curve with a mean of 200. The deposit interest rate is less than the investment return rate, i.e., ra<δ, which guarantees that the banking system will make a return. The larger the profit rate, the more profit the bank will receive, and the more stable the bank will be.
Figure 2 shows the change in the amount of banks in the banking system and the associated systemic risk, and the parameter is set to ra=0.004, rb=0.008, χ=0.3, β=0.25, A¯=1000, ω¯=500, σa=0.15, σω=0.25, C=0.03, p=0.05, τ=0.008, θ=0.02, r¯=0.008. The trend in the amount of surviving banks over time in Figure 2 shows that in the early stages of the simulation, due to the interdependence of interbank assets and liabilities, the systemic risk was higher, leading to the rapid failure of some banks and a steep decrease in the amount of surviving banks. At the same time, systemic risk simulations decline rapidly at the initial stage, due to the fact that the initial situation of banks in the banking system is different, and the investment strategies developed are also different, and the systemic risk is greatest at this point. As it evolved, the banking system began to adapt and absorb some systemic risks, and gradually stabilized. In the realm of real finance, investment behavior itself contains risks. For banks with small and illiquid net worth, it is easy to fall into bankruptcy due to poor investment strategies. Failed banks may be incapable of repaying interbank loans in full, and overlapping bank portfolios can cause the value of other banks’ assets to shrink, triggering a domino effect of bank failures. For some banks in good initial condition, if the investment has a poor strategy and yield is low, it may eventually lead to a continuous decline in profits and bankruptcy.
[image: Line graph showing the relationship between time \( T \), number of surviving banks (in black), and systemic risk (in red). The x-axis represents time, the left y-axis shows the number of surviving banks starting at 200 and decreasing to 180, and the right y-axis displays systemic risk values from 0 to 0.05. The number of surviving banks declines over time, while systemic risk fluctuates, initially increasing, then stabilizing.]FIGURE 2 | Evolution of the number of banks and systemic risks in the banking system.Figure 3 shows the evolution process of various parameters of a bank based on the risk contagion model constructed in this article. The parameter settings are consistent with Figure 2. As shown in the figure, the parameters of the bank’s ownership equity, investment, dividends and liquidity change with the changes of internal and external factors in the banking system, and are in a state of dynamic change. When the ownership equity of the bank is greater than 0, the bank’s investment and dividends begin to increase, which is consistent with the actual operation of the bank.
[image: Line graph depicting fluctuations in financial metrics over time labeled as T. The y-axis represents the amount of money, ranging from negative two hundred to fourteen hundred. The black line shows investments, peaking above twelve hundred. The orange line represents liquidity, oscillating around four hundred. The blue line indicates owner's equity, climbing from negative two hundred to over four hundred. The red line marks dividends, staying constant near zero.]FIGURE 3 | The evolution of the bank’s internal parameters.This paper will further validate the validity of the model by analyzing the impact of parameters such as savings interest rate, savings volatility, reserve ratio, interbank lending rate, investment yield and volatility on systemic risk.
3.1 The impact of savings-related factors on systemic risk
Savings are essential for banks, not only as they are the main source of funding for banks, but also provide liquidity support to banks and are the basis for banks to make loans and other investment activities. Banks increase the value of their funds by paying interest on their savings to attract deposits, which are then used to make loans. The level of savings interest rate directly affects the bank’s cost of funds, which in turn affects the bank’s profitability and risk management.
Figure 4a illustrates the development of banks’ systemic risk under different savings interest rate conditions. The parameter settings are consistent with Figure 2 except for ra. As the figure shows, the savings interest rate has a significant impact on the systemic risk of banks; the lower the savings interest rate, the more stable the banking system, and the systemic risk of banks increases as the savings interest rate rises. When the savings interest rate is higher, the bank needs to pay more interest, which will raise the bank’s funding cost, decrease the bank’s profit margin, and thus increase the bank’s operational risk. In addition, high interest rates can lead to the loss of deposits, further exacerbating banks’ liquidity risks and ultimately leading to the failure of some banks that are not in good shape.
[image: Two graphs comparing systemic risk over time (T). Graph (a) shows risk levels for different \(r_a\) values: 0.002 (red), 0.004 (blue), 0.006 (black). Graph (b) depicts risk for varying \(\sigma_a\) values: 0.1 (red), 0.15 (blue), 0.2 (black). Risk generally decreases over time in both graphs, with varying initial peaks.]FIGURE 4 | Evolution of systemic risk under different savings-related parameters: (a) Evolution of systemic risk under different savings rates; (b) Evolution of systemic risk under different savings volatility.Figure 4b illustrates the evolution of systemic risk under different savings volatility conditions. The parameter settings are consistent with Figure 2 except for σa. It can be observed that when savings volatility is 0.1 and 0.15, the banking system eventually reaches a steady condition. When the savings volatility is 0.2, systemic risk is always at a high level. In reality, an increase in savings volatility means that banks face less deposit stability, which can lead to maturity matching issues for banks’ balance sheets. When market interest rates fluctuate greatly, depositors are more inclined to transfer funds to other investment products with higher returns, thus affecting the structure of banks’ funding sources. This flow of funds not only affects the liquidity of the bank, but can also result in a mismatch between the maturity of the assets and liabilities, increasing the bank’s liquidity risk and interest rate risk.
3.2 The impact of the reserve requirement ratio on systemic risk
The reserve requirement ratio is the lowest ratio of reserves that the central bank demands to be held by commercial banks and is main tools of monetary policy. In the early days of the statutory reserve system, its main function was risk management. By setting a statutory reserve ratio, the central bank mandates that commercial banks retain a fixed percentage of cash reserves to meet the withdrawal needs of depositors. This system has effectively reduced the incidence of bank runs and preserved the banking system’s stability [31]. Typically, a higher reserve requirement ratio (RRR) can enhance a bank’s resilience to risk, as a higher reserve deposit means that the bank has more funds to deal with possible depositor withdrawals and liquidity pressures, reducing the likelihood of a run on the bank.
Figure 5 shows the evolution of systemic risk in various RRR states. The parameter settings are consistent with Figure 2 except for β. The simulation result shows that either too high or too low a reserve ratio increases the systemic risk of banks. It is clear from the figure that before 500 time-steps, the systemic risk increases as the RRR increases. On the one hand, higher reserve ratios require banks to keep more funds as reserves to cover depositor withdrawals and short-term liquidity needs. This enhances banks’ ability to respond to runs and liquidity crises and reduces liquidity risk. On the other hand, excessively high reserve ratios reduce the funds available to banks for investment and lending, lowering investment income and interest income from loans, which in turn compresses profit margins and weakens banks’ profitability and competitiveness. Under such circumstances, banks may adopt more risky investment strategies to make up for lost profits, increasing their own risk exposure, which may be transmitted to other banks through the financial network, exacerbating systemic risk. After 500 steps, the systemic risk at β=0.15 exceeds the systemic risk at β=0.25, because when the reserve ratio is too small, the bank’s funds for investment increase, and the investment is risky, once the bank suffers a large loss, it is easy to go bankrupt. Therefore, policymakers need to consider when adjusting RRRs, and the need for further research on the specific effects of RRRs on systemic risk in different economic environments, so as to find a balance between enhancing bank stability and promoting economic growth.
[image: Line graph depicting systemic risk over time (T) for three beta values: red line for beta 0.15, blue line for beta 0.25, and black line for beta 0.35. All lines show a peak at the beginning followed by a decrease, stabilizing as time progresses.]FIGURE 5 | Evolution of systemic risk under different reserve ratios.3.3 The impact of interbank lending rates on systemic risk
The lending rate is a major factor influencing the liquidity and stability of banks. In financial markets, banks manage their short-term funding needs through lending markets to ensure they can meet customer withdrawal needs and other short-term obligations. Figure 6 shows the evolution of banks’ systemic risk at different lending rates. The parameter settings are consistent with Figure 2 except for rb. From the figure, it is obvious that with the increase of lending rates, bank systemic risk seems to have little change, that is, lending rate hardly affects the stable operation of the banking system. In June 2013, there was a turning point in China’s financial history, known as the “money shortage”. During this period, there was an extremely tight situation in the market, and all financial entities followed the principle of “cash is king” and refused to lend funds. On June 20, the Shanghai Interbank Offered Rate (SHIBOR) reached 13.44% [32], and the interbank market pledged repo rate (R001) hit a record high of 30%, but in the end, there was no bank bankruptcy, consistent with the simulation results. One reason was that the impact of short-term interbank lending rate shocks could be absorbed through investment returns, and the other was that the central bank injected 360 billion yuan in liquidity to prevent risk contagion. Similar cases include the 2008 financial crisis, when the United States 3-month LIBOR reached 4.82% but no large-scale bank failures occurred, and the 2011 European debt crisis, when the Euribor rose to 5.2% but core economies did not collapse. This indicates that, under an effective policy environment, the direct impact of interbank lending rates on systemic risk can be ignored. However, their sustained high levels may signal underlying pressures that require policy responses. The impact of investment-related parameters on systemic risk.
[image: Line graph showing systemic risk over time (T) with three series: red line for r subscript b equals 0.006, blue line for r subscript b equals 0.008, and black line for r subscript b equals 0.010. Systemic risk decreases over time in all cases.]FIGURE 6 | Evolution of systemic risk under different lending rates.In the real financial market, the rate of return on investment is an important indicator to measure the profitability of a bank’s investment activities. It reflects the ratio between the income that a bank earns through its investment activities and the cost of its investment. A higher yield usually means that the bank’s investment activities are more successful, which can lead to a more stable source of income for the bank, thereby enhancing the bank’s profitability and stability. Conversely, a lower yield means that the bank’s investment activities are subject to higher risk, which may affect the stability of the bank.
Figure 7a shows the evolution of banks’ systemic risk under various average rates of return. The parameter settings are consistent with Figure 2 except for τ. It is evident that the higher the average rate of return, the lower the banks’ systemic risk. Over the entire period, the systemic risk at τ=0.01 decreases the fastest and is consistently lower than the systemic risk values at τ=0.008 and τ=0.006, and the banking system reaches stability at 500 steps, while the systematic risk is always maximum at τ=0.006. This is due to the fact that when the return on investment is large, a large interest rate differential can be generated between investment profits and savings interest, which can improve the bank’s profitability and liquidity, thereby improving the bank’s ability to resist risks and reduce systemic risks.
[image: Two line charts labeled (a) and (b) showing systemic risk over time (T). Chart (a) features three lines: red for tau equals zero point zero zero six, blue for tau equals zero point zero zero eight, and black for tau equals zero point zero one zero. Chart (b) features red for theta equals zero point zero two, blue for theta equals zero point zero four, and black for theta equals zero point zero six. Systemic risk generally decreases over time, with variations between scenarios.]FIGURE 7 | Evolution of systemic risk under different investment-related parameters: (a) Evolution of systemic risk under different average returns; (b) Evolution of systemic risk under different ROI fluctuations.Figure 7b illustrates banks’ systemic risk under different ROI fluctuations. The parameter settings are consistent with Figure 2 except for θ. It is clear that in the initial phase, the systemic risk measures were high for all curves, but over time, these indicators showed a downward trend. Throughout the time period, the systemic risk at ROI of 0.02 and 0.04 decreased rapidly, and the banking system was relatively stable, while the banking system was always exposed to higher systemic risk when the ROI was 0.06. This result shows that lower volatility of return on investment can help reduce the banking system’s systemic risk, because when the volatility of investment is low, the investment income of banks is more stable, and the possibility of excessive losses in investment activities is less, which means that banks can effectively control risks and the banking system is more stable. When the investment volatility is high, the bank is more likely to suffer investment losses, and if the bank is not in a good state at this time, it can easily lead to the bank’s bankruptcy.
3.4 The impact of bank size on systemic risk
In complex financial networks, bank size is not only a measure of the size of a single institution, but also a key hub for the propagation of systemic risk. In this paper, banks are categorized into different types according to their size, where those with an initial ownership interest of less than 100 are small-sized banks, those with an initial ownership interest between 100 and 500 are medium-sized banks, and those with an initial ownership interest greater than 500 are large-sized banks. The number of different types of banks and the percentage of failed banks are given in Table 1. From the table it can be seen that small scale banks have the highest number of failures followed by medium scale banks and large-scale banks have almost no failures. This phenomenon is consistent with the “too big to fail” hypothesis. In fact, large banks are highly systemically important due to their size and influence [33], and are unable to cope with the negative knock-on effects of failure, so they will tide over the difficulties with government support. 2008 financial crisis, Lehman Brothers, due to over-investment in financial derivatives related to subprime bonds in the real estate market bubble, has become a major player in the financial crisis. Subprime debt-related financial derivatives, and suffered huge losses when the real estate market collapsed, and eventually filed for bankruptcy protection on September 15, 2008. Therefore, despite the low rate of large-scale bank failures, cross-asset investments and subprime exposures need to be monitored. On the other hand, the likelihood of a financial crisis depends on the liquidity position of banks in the system [34], so small and medium-sized banks need improved liquidity support to reduce the likelihood of outright bankruptcy.
TABLE 1 | Number of different types of banks and proportion of failed banks.	Type of bank	Number of banks	Percentage of failed banks
	Small-scale bank	74	20.65%
	Medium-scale bank	91	1.69%
	Large-scale bank	35	0.00%


3.5 Impact of falling asset prices on systemic risk
In order to assess the robustness of the banking system to extreme shocks, this study designs an asset price crash scenario with reference to historical financial crisis characteristics. Figure 8 presents the evolutionary results of the banking network suffering a 40% fall in asset prices at step 750, with the same parameter settings as in Figure 2. From the figure, it can be seen that the number of insolvent banks increases rapidly after suffering an asset price fall, and due to the high degree of correlation in the banking system, the asset price fall transmits risk among banks through multiple channels, which leads to a domino effect of a large number of banks failing one after another.
[image: Graph showing the number of surviving banks and systemic risk over time (T). The black line represents the number of banks, starting around 195 and gradually decreasing. The red line indicates systemic risk, initially low, increasing sharply, peaking around time 500, and then decreasing. The left y-axis shows the number of banks, while the right y-axis shows systemic risk levels.]FIGURE 8 | Evolutionary outcomes of bank networks when asset prices fall.The results in Figure 8 show that systemic risk, after a short-term sharp rise, gradually decreases to a steady state, the number of bank failures gradually decreases, and the banking system stabilizes, indicating that the banking network is able to gradually absorb systemic risk.
On the basis of the foregoing analysis, it may be concluded that the banking system’s stability is related to a variety of factors. Table 2 demonstrates the impact of several key parameters on systemic risk, and here we analyze it in the context of the specific economic situation. When the economy is growing steadily, the banking system is generally exposed to low systemic risk. In this environment, investor yields are usually higher and less volatile, helping banks maintain stable profitability and thus enhancing their stability. In times of increased economic uncertainty or economic downturn, banks may be exposed to higher systemic risks, especially when the reserve requirement ratio is high, which may limit banks’ lending capacity and affect their profitability and liquidity. At this juncture, an appropriate reduction in the reserve requirement ratio and the savings interest rate is conducive to replenishing banks’ liquidity and improving their ability to withstand risks. Therefore, banks and policymakers need to pay close attention to changes in these factors and take appropriate risk control measures to preserve the banking system’s stability.
TABLE 2 | The impact of key parameters on systemic risk.	Parameter name	Parameter values	Systemic average	Risk stabilitya
	Savings rates (ra)	0.002	0.0043	1
	0.004	0.0098	1
	0.006	0.0536	0
	Savings volatility (σa)	0.1	0.0069	1
	0.15	0.0090	1
	0.2	0.0830	0
	Reserve ratios (β)	0.15	0.0107	1
	0.25	0.0083	1
	0.35	0.0130	1
	Average returns (τ)	0.006	0.0293	0
	0.008	0.0096	1
	0.01	0.0044	1
	ROI fluctuations (θ)	0.02	0.0103	1
	0.04	0.0117	1
	0.06	0.0661	0


a The system eventually reaches a steady state is denoted by 1, otherwise it is denoted by 0.
4 DISCUSSION
The financial system is a complicated network structure consisting of diversified financial entities and their interactions, which include not only the direct relationship between interbank loans and cross-ownership of subordinated debt, but also the indirect coupling effect caused by the convergence of asset allocation. It is of great significance for regulators and bank policymakers to study the impact of bank savings interest rates and their fluctuations, interbank lending rates, reserve requirement ratios, and investment yields and fluctuations on bank stability. Previous studies have mostly focused on the coupling of interbank lending and investment, and few have taken into account cross-subordinated debt holdings. In addition, it is difficult for the existing model to truly reflect the dynamic development of the banking system because some assumptions in the existing model are not realistic, such as the same interest rate on subordinated bonds issued by each bank, and the risk appetite of the bank is not taken into account. To better reflect the development of the banking system, this paper establishes a multichannel risk contagion model from the risk appetite perspective, which comprehensively considers interbank loans, investment coupling, and the holding of subprime bonds with different interest rates according to different risk appetite levels. Based on multi-dimensional simulation and theoretical deduction, this paper draws the following conclusions.
	(1) The savings interest rate can directly affect the bank’s cost of funds, which in turn affects the profitability and stability of the bank. The higher the savings interest rate of the bank, the higher the fluctuations of savings and the higher the systemic risk. Appropriately lowering the interest rate on savings and reducing the fluctuation of savings is conducive to improving the stability of banks.
	(2) A reserve requirement ratio that is too high or too low will raise the systemic risk of banks. If the reserve requirement ratio is too high, it will reduce the interest rate spread between investment and savings, and concurrently limit the bank’s lending ability, affect the bank’s profitability, and increase systemic risk. The smaller the interest rate on deposits, the more money the bank uses for investment, and the higher the bank’s risk.
	(3) The interbank lending rate is not a significant factor in the systemic risk of banks.
	(4) The higher the average return on investment, the more stable the bank will be. If the bank’s investment return is too low, the bank will not be able to make sufficient profits, which will have the effect of reducing liquidity and weakening the ability of the bank to resist risks. The less volatile the investments, the lower the bank’s systemic risk. A sound investment strategy is also essential to improve the stability of the bank.

Based on the above conclusions, we propose the following policy recommendations: For regulatory authorities, it is necessary to improve the monitoring indicator system for banking system stability, fully considering the impact of factors such as savings interest rates, reserve ratios, investment returns, and volatility on systemic risk, closely monitoring trends in these indicators, and promptly identifying potential risks. When formulating and adjusting reserve requirement ratio policies, the dual impact on systemic risks in the banking system should be carefully balanced. Differentiated reserve requirement ratio policies can be implemented based on the scale and risk characteristics of different types of banks. Additionally, an emergency mechanism for the interbank lending market should be established and improved, with enhanced monitoring of the flow of interbank lending funds. For banks themselves, savings products should be priced reasonably, with savings interest rates determined scientifically and reasonably based on their cost structures, risk preferences, and market competition conditions. Banks should also optimize their asset allocation strategies, focusing on diversification and balancing risk and return, while reasonably controlling the volatility of investment assets. Furthermore, banks should strengthen liquidity risk management, reasonably arrange funding sources and usage, ensure sufficient liquidity to address funding shortages, and enhance communication and coordination with the central bank and other financial institutions.
This study constructs a dynamic evolution model framework, which aims to quantitatively measure and analyze the mechanism of bank systemic risk in the context of macroeconomic cyclical fluctuations, and provides methodological support for regulators to identify risk contagion paths and formulate forward-looking prevention and control strategies. Future research directions can focus on the following aspects: first, calibrating model parameters based on real transaction data to improve the empirical adaptability of risk prediction; Second, more heterogeneous bank behavior assumptions (such as differentiated liquidity management strategies) are introduced to enhance the explanatory power of the model to the complex financial ecology. This will further improve the dynamic monitoring framework for systemic risks and provide a science-based foundation for the precise implementation of macroprudential policies.
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Introduction
In e-commerce supply chains, suppliers generally face funding constraints, and the guaranteed financing provided by logistics providers can effectively improve the capital liquidity of suppliers. Blockchain helps alleviate the information silos in the financing process, strengthen cooperation between enterprises, and enhance the quality of financing. Cooperative and non-cooperative decisions have significant impacts on the formulation of financing strategies, and contract design helps coordinate the interest conflicts between enterprises and optimize financing strategies.
Methods
Addressing the financial constraints for suppliers, this study employs game theory analysis to construct a guarantee financing model under blockchain technology where logistics providers offer guarantees to suppliers. It considers the risk-averse of managers and first analyzes the financing equilibrium strategies before and after blockchain in a non-cooperative game setting. Then, under a cooperative game framework, it explores the financing equilibrium strategies in three modes: cooperation between suppliers and logistics providers, cooperation between logistics providers and e-commerce platforms, and cooperation among all three parties. It also compares and analyzes the influence of blockchain on cooperative and non-cooperative game strategies in terms of financing decisions. To coordinate the interest conflicts among various risk-averse members, the study introduces revenue-sharing and cost-sharing to formulate coordination strategies.
Results and discussion
Through comparative analysis, it is found that information verification costs can impair the financing gains of suppliers but help ensure the financing gains of logistics providers. Supplier defaults are detrimental to the development of supply chain financing (SCF). The financing gains of suppliers and logistics providers will initially decrease and then increase with the adoption of blockchain, which can better optimize financing strategies once they exceed a certain threshold. A higher risk aversion can harm the financing gains of suppliers and logistics providers but benefit the gains of ecommerce platforms and financial institutions. Compared to non-cooperative modes, cooperative models are more effective in enhancing the financing efficiency, and under cooperative modes, blockchain is more conducive to promoting the improvement of corporate financing gains. The Shapley value can effectively allocate the financing gains among supply chain members, and risk-sharing contracts can increase the financing gains of suppliers and logistics providers. This research aims to provide theoretical references for the financing decisions of supply chain enterprises.
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1 INTRODUCTION
In the e-commerce supply chain, the guarantee financing provided by logistics providers can primely relieve the financial trouble of suppliers. Most suppliers are small and medium-sized enterprises (SMEs), and their funding constraints are becoming increasingly prominent. Logistics providers, offering transportation services, have a thorough understanding of logistics, commerce flows, and other aspects based on their transactions with suppliers. They are more willing to provide guarantees to help suppliers obtain working capital in advance, thereby effectively easing their financial constraints. Under the guarantee of logistics providers, suppliers do not need to wait for the sale of goods to recover funds; instead, they can obtain short-term funds to pay for raw material procurement, production operations, and other expenses, significantly shortening the capital turnover cycle [1]. Logistics providers, leveraging their real-time supervision capabilities of goods and credit endorsements, reduce the lending risks for financial institutions, enabling suppliers to access financing at lower costs while assuring the stability of the supply chain’s upstream and downstream segments [2]. Through the guarantee of logistics providers, banks would provide loans to suppliers. This model not only optimizes the cash flow management of suppliers but also activates assets and enhances overall operational efficiency. Through cooperation among various members, it strengthens communication and interest coordination between enterprises, improves the efficiency of the use of funds, and optimizes financing strategies [3].
In the financing decisions, enterprises are increasingly focusing on risk avoidance. Although the financing model provided by logistics providers alleviates the financial pressure on suppliers, its potential risks still require high vigilance. The value of products is easily affected by market price fluctuations, product obsolescence, or damage, which may lead to delayed sales and the inability to timely recover funds, the supplier lacks sufficient funds to repay the loan [4]. Enterprises have a strong tendency towards risk avoidance, and managers should strengthen risk control through multiple means to address these risks. By introducing third-party evaluation agencies to dynamically monitor enterprise value, combining the Internet of Things (IoT) to achieve real-time tracking and data transparency of commerce and capital flows, and establishing dynamic adjustment mechanisms to set flexible financing limits based on market supply and demand and product characteristics to effectively avoid the risks faced by enterprises [5]. Supply chain enterprises are collaborating to build mechanisms for shared benefits and shared risks and using big data analysis to predict industry risks and develop contingency strategies in advance. These measures aim to balance financing efficiency with controllable risks, assuring the steady running of SCF ecosystem [6].
Blockchain technology can optimize financing strategies and coordinate interest conflicts among enterprises. Blockchain technology, through the construction of a trustworthy distributed ledger and smart contract mechanisms, can deeply optimize financing strategies and strengthen collaborative cooperation among supply chain enterprises. In the financing process, blockchain records the status and flow of funds in real time, ensuring information transparency and traceability, reducing trust costs for all parties, and providing precise data support for dynamic adjustments of guaranteed rates, financing limits, and other strategies, improve the availability of information [7]. Smart contracts can automatically execute pre-set rules for shared benefits and shared costs, automatically allocating the profits of logistics providers and suppliers according to predetermined ratios, and triggering risk compensation mechanisms based on market price fluctuations to balance interest conflicts among all parties, it helps to better alleviate the financial constraints of enterprises [8]. This technology-empowered contract coordination strategy not only avoids information games and execution lags in traditional negotiations but also promotes enterprises to actively maintain asset security and supply chain stability through incentive-compatible designs, improve financing and operational efficiency. A blockchain-driven financing ecosystem integrates dispersed participants into a community of shared interests, enhancing financing efficiency while building a new paradigm of supply chain finance characterized by controllable risks and win-win cooperation [9].
Based on this, we construct non-cooperative and cooperative game models, consider the risk-averse behavior of managers, and introduce revenue-sharing and risk-sharing as coordination mechanisms to explore the equilibrium and coordination strategies of guarantee financing provided by logistics providers under blockchain. The main issues addressed are: (1) What are the financing equilibrium strategies before and after the adoption of blockchain? (2) How to coordinate the interest conflicts among various supply chain enterprises? The contributions are mainly reflected as follows: Firstly, applying blockchain to the guarantee financing model provided by logistics providers, it compares and analyzes non-cooperative and cooperative games for the first time, exploring financing equilibrium strategies under different scenarios. Previous studies mostly considered applying blockchain technology to traditional supply chain financing models and were largely based on case studies or qualitative analyses. This study applies blockchain to a specific financing area and uses game models to explore optimal financing equilibrium strategies. Secondly, in the financing decision-making process, it considers the risk-averse behavior of enterprises and analyzes the best finance strategies from the managerial behavior. Previous scholars, when studying financing strategies, would consider the financing risk issues faced by enterprises but rarely approached it from the perspective of managerial behavior, considering the risk-averse behavioral preferences of enterprises. This study incorporates the risk-averse of managers into the financing model to analyze the impact of risk-averse behavior. Finally, it introduces revenue-sharing and risk-sharing to harmonize the conflicts of risk-averse supply chain enterprises under blockchain. Previous research mostly introduced contract coordination strategies in the study of supply chain management, and coordination strategies also have big impacts on the finance decisions. This study introduces revenue-sharing and risk-sharing in the analysis of financing strategies to coordinate interest conflicts among enterprises.
The subsequent structure arrangement is as follows: The second part elaborates on the current research status of existing literature. The third part describes the background of the research problem and proposes relevant hypotheses. The fourth part constructs a non-cooperative game before and after blockchain. The fifth part constructs a cooperative game model after blockchain. The sixth part analyzes the coordination strategies after cooperation. The seventh part investigates the impact of various factors through numerical analysis. The eighth part is the summary and outlook.
2 LITERATURE REVIEW
2.1 Guarantee financing in SCF
Logistics provider guaranteed financing, as a crucial component of SCF, plays a great role in addressing capital constraints.
In terms of influencing factors, the guaranteed financing by logistics providers can effectively alleviate the funding constraints of enterprises. The scale of 3PL significantly affects banks’ willingness to grant credit and the financing decision mechanism. Large-scale 3PLs can enhance the willingness to grant credit to SMEs, whereas small-scale 3PLs lead to higher perceived risks. Data results show that smaller scales induce larger N2, while larger scales trigger larger LPP [10]. Through interviews, the study explores how TPL companies with different strategic orientations leverage market practices to gain competitive advantages. The results indicate that scale-oriented enterprises focus on market expansion and view SCF as the best tool to enhance benefits; scope-oriented enterprises regard SCF as a core business and improve financial performance through SCF empowerment [11]. In a SCF system consisting of manufacturers, retailers, and 3PLs, demand is influenced by logistics service levels and retail prices. Stackelberg games are constructed separately for retailer or manufacturer funding constraints, revealing that when the retailer is constrained, the manufacturer’s price keeps steadfast, while other participants’ strategy and gain rise with higher logistics service sensitivity and decrease with improved cost efficiency. When the manufacturer is constrained, the strategy and gain of all parties similarly increase with higher logistics service susceptibility and decrease with improved cost efficiency. The study recommends that retailers and manufacturers should prioritize 3PL’s service decisions under the 3PL financing model [12]. To investigate financing risks, an order financing risk assessment index system is established, combining letters and expert interviews to establish five dimensions: financing enterprises, downstream core enterprises, logistics enterprises, supply chain running, and environment. The indicators are perfected through questionnaires and statistical analysis and validated with an order finance project jointly undertaken by banks and logistics [13].
In terms of strategy selection, scholars have studied the equilibrium decisions of e-commerce platforms and 3PLs in providing guarantee financing and sales model choices for small and medium-sized suppliers. It was found that under different market risks and service costs, SMEs tend to opt for platform or 3PL guarantee financing, and guarantee financing influences the platform’s choice between resale and market modes [1]. 3PLs provide credit to budget-constrained retailers through a financial integration model, which can strengthen the gain of 3PLs, suppliers, retailers, and the supply chain compared to supplier credit and the no-budget constraint model. When the marginal profit of 3PLs is higher than that of suppliers, this control model is superior to supplier credit, and this model can surpass the no-budget constraint model [14]. For capital-constrained retailers, a bankruptcy guarantee insurance contract is designed, and third-party insurance institutions are introduced to bear bankruptcy losses. Under two financing mechanisms—trade credit and bank credit—the optimal decisions for all parties are provided, and the impact of parameters on decisions and profits is analyzed, offering references for formulating scientific policies and advancing supply chain financing [15].
In terms of model optimization, 3PLs leverage their information advantages to provide guarantees and direct financing for capital-constrained SMEs, but the default risks brought by demand fluctuations affect the choice of financing models. Studies compare the preferences of 3PLs, manufacturers, and retailers under guarantee financing, direct 3PL financing, and trade credit, finding that 3PL financing strategies depend on the manufacturer’s costs and the retailer’s initial funds. Financing equilibrium may damage the interests of all parties due to inconsistent strategies, necessitating coordination mechanisms to enhance the overall profit of the whole chain and provide guidance for 3PLs in selecting financing models under resilience considerations [16]. The study compares three 3PL financing models: bank financing, EPF, and 4PF. It shows that EPF improves commission rates and enhances logistics services, while 4PF is determined by 4PL fees; the three models complement each other, and when capital opportunity costs are homogeneous, platforms and 4PLs tend to self-finance [17]. A dual-channel supply chain game model is constructed to compare the finance models of e-commerce platforms and 3PLs. Increasing ECP interest rates reduces profits but increases total revenues; 3PL financing incurs lower direct operating costs than ECPs engaging in price competition through distribution; ECP financing is superior to 3PL financing; 3PLs need to lower interest rates or differentiate freight charges to compete [18]. Using fsQCA and interview methods, the study explores the cost-reduction effects of SCF and traditional finance combinations. It shows that cost reduction effects are constrained by traditional financing methods, and enterprises using credit guarantee financing are more likely to reduce costs compared to guarantee financing. The study provides references for policymakers and practitioners to simplify applications [19]. Addressing the two financing options for manufacturers, bank credit financing (BCF) and supplier green investment (SGI), this study analyzes the optimal strategy choices and examines the effects of various supply chain coordination contracts. In terms of coordination mechanisms, a revenue-sharing cannot coordinate enterprises, but both cost-sharing and quantity discount can effectively coordinate them when appropriate cost-sharing ratios or quantity discount rates are set [20].
Scholars studying the guarantee financing strategies provided by logistics providers have mainly focused on analyzing influencing factors, strategy selection, and model optimization. There are multiple factors affecting the optimal financing strategy, with risk being the primary influencing factor. Contemporary research mostly considers the influence of external risks on finance strategies. Building on this, this study analyzes the company’s own attitude towards risk avoidance and explores the influence of risk-averse on optimal finance decisions from the perspective of managerial behavior. In terms of strategy selection, scholars point out that different financing strategies should be chosen for different financing scenarios to optimize financing when formulating financing strategies. This study further introduces blockchain technology on this basis, utilizing its technological advantages to optimize financing strategies. It conducts a detailed analysis of the financing equilibrium before and after blockchain, exploring the optimal finance strategy. In terms of mode comparison, scholars compare the financing services provided by logistics providers with those offered by e-commerce platforms and other supply chain financing models, finding that logistics provider financing has better advantages. This study further analyzes the guarantee financing services provided by logistics providers, exploring the financing equilibrium strategies before and after the adoption of blockchain, and introduces a cooperative game model to investigate the influence of collaboration between logistics providers, e-commerce platforms, and other supply chain members on financing strategies. To optimize the financing model, this study introduces revenue-sharing and cost-sharing based on existing research to coordinate the interest conflicts among e-commerce supply chain members.
2.2 SCF under blockchain
Many advantages of blockchain have a good application in supply chain financing, which can effectively optimize the finance strategy.
In terms of operational mechanisms, scholars have proposed blockchain-based SCF models to address issues such as information asymmetry and cybersecurity risks in traditional platforms. The decentralized, transparent, and immutable nature of blockchain helps enhance transaction transparency and trust, protect the rights of SMEs, and optimize the efficiency of cash flow [21]. Blockchain can solve problems related to financing coverage, cost, efficiency, and risk control in SCF. Before implementation, it requires joint platform construction by multiple parties and organizational adjustments, with pilot feedback driving restructuring; to achieve scaled application, it needs to incentivize more participants and improve regulations. Based on the innovation theory, an implementation frame is put to provide guidance for system [22]. A blockchain logistics prototype system based on Hyperledger was designed and tested in real logistics enterprises, building a tracing platform based on logistics service flows to implement supplier responsibilities, improve LSP performance, and promote the development of Logistics 4.0, revealing the transformative benefits of blockchain in logistics services [23]. The supply chain payment process is cumbersome, and information is isolated, making it difficult to associate transportation with payments. A blockchain platform based on Ethereum smart contracts was constructed to achieve automatic authorization and information sharing. Suppliers can reduce the risk of consignment sales, buyers can track in real-time to ensure receipt of goods, and 3PLs can reduce paperwork and tracking costs, improving efficiency; the solution is secure and transparent [24]. E-commerce improves supply chain efficiency but leads to cash shortages for small retailers; existing logistics finance relies heavily on large 3PLs, with high thresholds. A blockchain-driven logistics finance platform is proposed, adopting a cross-layer architecture and smart contracts, combined with multi-agent systems, to achieve dynamic collateral management, and the feasibility is verified through case studies [25]. Integrating blockchain into transportation capacity supply chain financing, analyzing its impact on credit access, limits, and regulation. Through credit transmission decay, credit assessment, and closed-loop supervision, the mechanisms by which blockchain optimizes financing in three scenarios are revealed, indicating that it can enhance the participation of financial institutions and provide better credit to transportation enterprises [26].
In terms of strategy optimization, scholars have proposed a blockchain-based e-commerce logistics financing network physical traceability system, achieved logistics information visualization and shared through digital asset tokenization, promoting logistics financing operations using shared ledgers and smart contracts, and demonstrating system design and application, reducing upfront investment, enhancing flexibility, and supporting supply chain development [27]. Internet + policies have promoted the development of internet finance, with banks serving SMEs through SCF, combining logistics technology and edge computing to achieve real-time, secure data processing. A blockchain-based financing management system is studied, analyzing cash flow and risk control, and optimizing costs and efficiency through shared data and advanced processing, reducing risks [28]. Globalization and deepening production division have led to complex supply chain networks, making traditional models difficult to cope with. A blockchain-empowered SCF risk assessment and behavior prediction algorithm is proposed, constructing a dual-chain management system and architecture, with weighted risk control indicators based on homogeneity of variance testing, testing and comparing the performance of TPR, FPR, etc., for data from five companies, aiming to improve financing efficiency and prevent risks [29]. Small manufacturing enterprises are constrained by large financing needs and low trustworthiness. Traditional supply chain finance only benefits first-tier suppliers, while blockchain-driven innovations establish a trust transmission model through electronic payment vouchers, introducing dynamic weight incentives to expand multi-layer financing, alleviating finance trouble for SMEs, and the model’s rationality is verified through numerical analysis [30]. Case studies explore how blockchain drives the reconstruction of financial platform models. The study finds that blockchain empowers information, funds, logistics, and value flows, with model reconstruction driven by internal (content, governance, transaction structure) and external (industry, region, technology) factors, and enhances value proposition, network expansion, and value creation and distribution [31]. Scholars have also explored the value creation process of blockchain-empowered SCF. Based on service-dominant logic and social exchange theory, the roles, motivations, resources, and practices of participants are analyzed, and through case studies of blockchain platforms, it is verified that it meets needs through key resources and practices, creating value for all parties in the supply chain. It provides empirical evidence and implications [32].
In terms of financing model, a three-tier supply chain model for blockchain platform finance (BPF) is constructed, and through decision-making and parameter sensitivity analysis, the optimal strategy is identified. Compared to independent financing, it is found that when the retailer has insufficient capital and high costs, BPF is superior for manufacturers, distributors, and retailers. Risk sharing can enhance financing efficiency, providing theoretical basis for the selection of three-party financing models [33]. A three-tier supply chain game model is constructed to compare the effect of traditional and blockchain-visualized prepayment financing on risk mitigation and financial decision-making. The results show that blockchain improves visibility and refines financing decisions; consignment financing only achieves win-win for all parties when the second-tier supplier is severely capital-constrained; cross-layer direct financing achieves win-win for all three parties [34]. Based on the credibility of blockchain, SMEs can self-guarantee financing. A four-party model compares PUG with CUG, finding that CUG can bring Pareto improvement, but if the customer’s opportunity cost is bigger than the platform’s, the platform will be disadvantaged. The platform can adopt a high advance payment, low service fee strategy to reduce the risk of low-credit customers, and the advance payment ratio does not affect costs [35].
For blockchain-based supply chain financing, scholars have explored the impact mechanisms and optimization paths of blockchain on financing decisions, analyzing the factors influencing the financing profits of supply chain members. Comparative analyses of traditional financing decisions and blockchain-based financing decisions have found that blockchain helps to reduce financing risks. However, regarding the guarantee financing provided by logistics providers, fewer scholars have integrated the characteristics of the financing model, introducing the guarantee provided by logistics providers to investigate the financing equilibrium strategies before and after the adoption of blockchain. In studying blockchain-driven financing strategies, most existing scholars have adopted case studies or qualitative analyses; this study introduces the Stackelberg game model and considers both non-cooperative and cooperative games to explore the financing equilibrium strategies where logistics providers offer guarantees. Although some research has combined blockchain technology with the risk management of suppliers or financial institutions, and scholars have discussed the role of logistics providers in SCF, including their guarantees and profit distribution, very few papers have incorporated the risk preferences of logistics providers as on-chain guarantors and participants into systematic game analyses. This study, from the perspective of managerial behavior, considers the risk-averse behavior of enterprises and investigates its impact on financing strategies. Current research has paid attention to how blockchain reduces trust costs and improves transparency, but in multi-party cooperation scenarios, contract designs addressing how to fairly distribute the additional value generated on the chain and how to reasonably allocate the costs of blockchain construction and maintenance remain scarce. This paper, for the first time, explores, from the perspectives of game theory and contract design, how to design revenue-sharing and cost-sharing mechanisms under the background where blockchain nodes are jointly maintained by suppliers, logistics providers, e-commerce platforms, and financial institutions, and provides a detailed argumentation of their stability and incentive compatibility. Supply chain coordination strategies are commonly used in supply chain management, but few scholars have introduced revenue-sharing contracts and cost-sharing contracts when studying SCF strategies. Such contracts can effectively coordinate the interest conflicts of financing enterprises, and it is necessary to consider coordination strategies within the research.
3 PROBLEM DESCRIPTION AND RESEARCH HYPOTHESIS
3.1 Problem description
In an e-commerce supply chain composed of suppliers, logistics providers, and e-commerce platforms, suppliers face funding constraints, and traditional bank loans cannot fully meet their financial needs. Most suppliers are SMEs with weak credit foundations, resulting in limited loan amounts when applying to financial institutions. As an important member of the e-commerce supply chain, logistics providers can offer transportation services and financial services. Therefore, suppliers can seek guarantees from logistics providers to borrow from financial institutions, increase their financing amounts, and alleviate their own funding constraints. Considering the hierarchical nature of enterprise decision-making processes in financing and the characteristics of information asymmetry and strategic interdependence among parties, this paper selects the Stackelberg game model to depict the mutual influences among parties in decisions such as guarantee fees, financing interest rates, and product pricing. Using game analysis to build a financing model and explore the optimal financing strategy. There is a clear hierarchical relationship among e-commerce supply chain enterprises: suppliers first determine their financing needs and product wholesale prices; logistics providers then provide guarantees based on the suppliers’ credit and mandates and are responsible for transporting products; e-commerce platforms determine retail prices based on wholesale prices and logistics costs; and banks decide loan interest rates and amounts. The Stackelberg game model can effectively depict the strategic interactions, the leader-follower relationship in the financing scenario, and is highly consistent with the hierarchical setting of the Stackelberg game model.
E-commerce suppliers are focusing on risk aversion. Due to uncertainties in the financing process such as financing interest rates, the value of collateral, and market selling prices, participants need to balance the pursuit of maximum returns with the avoidance of return volatility. This study selects the mean - standard deviation model to express the risk-averse of all participants. The utility of participants depends not only on expected returns but is also affected by return fluctuations. The mean - standard deviation method intuitively depicts the trade-off between pursuing high returns and avoiding volatility risks by combining expected returns with the standard deviation of returns into a weighted utility function. This method is widely adopted in supply chain finance and investment fields and can condense complex risk characteristics into a single indicator, facilitating analysis and solution. Compared with other risk measurement models, the mean - standard deviation can directly use the variance of returns as a risk measure while retaining second-order information, improving the clarity of the model.
Blockchain technology has significant applications in the field of guarantee financing decisions, effectively improving the transparency of financing information and optimizing financing strategies [36]. The consortium blockchain architecture in blockchain technology can sufficiently protect the legitimate interests of all participating entities, safeguard data privacy, and improve transaction efficiency and governance controllability. Based on the consensus mechanism of blockchain, participants can read, write, and verify transaction information only under authorization, achieving controlled participation, data isolation, and high-performance consensus. The consortium blockchain nodes are pre-designated suppliers, logistics providers, e-commerce platforms, and banks. The maintenance costs mainly include hardware, operations, and smart contract development, without the need to purchase external Gas, and with minimal external attack risks. Costs can be quantified as relatively stable enterprise-level budgets, facilitating subsequent analyses of cost sensitivity in the model. Decision-making entities are concentrated at known nodes, and operations such as protocol upgrades, node additions, and deletions can be executed quickly through multi-party consensus, without the lengthy community discussions and voting required by public blockchains and avoiding risks. Since all nodes are core participants, the financing demands, logistics inspections, credit ratings, and other information shared on the chain have inherent credibility and do not require third-party verification, increasing trust among enterprises [37].
Under blockchain, to ensure the accuracy of data on the chain, it is usually necessary for multiple parties to collaboratively build a credible data chain [38]. In production or shipping stages, inventory change data is instantly synchronized to edge servers through integration with traditional ERP/WMS systems. In warehousing and logistics stages, Internet of Things (IoT) sensing devices are used to conduct real-time inventory counts, and collected weight, volume, and timestamp information for entry and exit from warehouses is uploaded to local gateways. Blockchain nodes are jointly maintained by suppliers, logistics providers, and core e-commerce/financial institutions. All nodes run lightweight clients, accept signed data packages sent by edge gateways, verify the digital signatures of producers/warehouse managers, and then package, consensus, and write inventory status to the blockchain. Based on smart contracts and consensus mechanisms, the authenticity and reliability of product transaction information are verified. If physical goods are tampered with, switched, or miscounted, the chain records will be inaccurate, leading to financial risks. Therefore, dual, dynamic cross-verification of product data on-chain and off-chain is needed to reduce financing risks.
Smart contracts automatically execute terms on the blockchain network, but to make them legally binding as contracts, all parties must explicitly agree to the contract terms through electronic signatures. Smart contract code must correspond to the hash of on-chain transactions, and contract terms must be saved either off-chain or on-chain in a human-readable form to meet subsequent judicial review needs. Smart contracts should clearly specify the conditions under which they automatically execute and send on-chain notifications to all parties before and after execution to ensure full awareness. Once deployed, smart contracts are executed automatically; if assets are incorrectly released or frozen due to technical vulnerabilities or hacker attacks, emergency arbitration or manual intervention mechanisms must be reserved. Given that the smart contract code itself is a legal document, any modifications to the code must go through on-chain upgrade proposals. Although blockchain inherently possesses anti-tampering and traceability features, during disputes, original off-chain sensor data or manual signature records should also be synchronously archived as evidence.
The financing and operation processes before and after the blockchain are shown in Figure 1.
[image: Two flowcharts comparing supply chain processes. Chart (a) depicts traditional operations: suppliers obtain loans and produce products, logistics transport goods to e-commerce platforms, and consumers purchase the products. Financial institutions verify information and provide loans. Chart (b) illustrates a blockchain-enhanced process: similar activities with the addition of increased trust and reduced financing risk through blockchain. E-commerce platform transaction information is shared, improving trust and efficiency.]FIGURE 1 | Decision order. (a) N Mode. (b) B Mode.Under the N mode without adopting blockchain, the credit cannot be transmitted. When suppliers apply for loans from internet financial institutions, they need third-party logistics companies to provide guarantees and must pay certain information verification costs. In financing and operation, suppliers produce products at a cost of cs and sell them to downstream enterprises at a price of wsN. Without sufficient funds for production, suppliers apply for a guarantee from logistics companies and pay factoring fees of csDNεN. They apply for loans from internet financial institutions at an interest rate of τ, and τ > εN. To obtain better financing, they need to pay information verification costs of csδDN. Logistics companies are responsible for providing transportation and financing services, receiving transportation income of wdN and incurring transportation costs of cd. They charge guarantee return income of csDNεN for providing guarantees to suppliers. E-commerce platforms purchase products and pay transportation fees, then sell them to consumers at pN. Risk-averse firms receive fund inflows, and suppliers promptly repay the funds. If suppliers default and fail to repay, logistics companies need to pay the unreturned loans to internet financial institutions.
Under the B mode driven by blockchain technology, e-commerce supply chains upload relevant transaction information to the blockchain during operations, and enterprises and financial institutions with permission can access this information. Blockchain’s encryption algorithms, and other features help promote trust transmission among firms. Internet financial institutions can effectively evaluate the credit situation of capital-constrained suppliers based on data on the blockchain and blockchain trustworthiness without charging related information verification costs. In financing and operation, suppliers sell products with a production cost of cs to e-commerce platforms at a sales price of wsB. Suppliers need to bear blockchain costs of bsBDB when introducing blockchain technology. Facing capital constraints, risk-averse suppliers apply for a guarantee from logistics companies and pay guarantee fees of csεBDB. Internet financial institutions use data on the blockchain to assess the credit status of suppliers and logistics companies, provide loans to suppliers at an interest rate of τ. Logistics companies provide transportation services with transportation costs of cd for logistics companies and charge transportation fees of wdN. Logistics companies provide financing guarantees for suppliers and charge factoring fees at a factoring return rate of εB. Logistics companies need to bear blockchain costs of bdBDB when introducing blockchain technology. E-commerce pays the price wsB to suppliers, pays transportation fees of wdB to logistics companies, pays blockchain costs of beBDB, and then sells at pB.
In a chain composed of vendors, logistics companies, and e-commerce, and guarantee financing model is constructed. Capital-constrained suppliers apply for guarantee financing, guaranteed by logistics companies, with internet financial institutions providing loans. The risk-averse behavior of managers is measured using the Conditional Value at Risk (CVaR) method, and a Stackelberg game model is built to analyze the guarantee financing strategies considering risk aversion before and after adopting blockchain. We also compare and analyze the non-cooperative game model where members make separate determination and the cooperative game model where members make centralized determination. To coordinate the conflicts between various members, revenue-sharing and risk-sharing are used to harmonize the firms.
The definitions of symbols are in Table 1.
TABLE 1 | Definition of symbols.	Symbol	Meaning
	D	Market demand function
	ξ	Information collection efforts
	a	Trust of product’s authenticity
	ε	Factoring return rate
	δ	Unit cost of information verification
	p	Retail prices of e-commerce enterprises
	γ	Default probability of suppliers
	η	Risk aversion coefficient
	n	Number of purchasers
	c	Cost of production
	τ	Loan interest rate of internet financial institutions
	b	Blockchain cost
	w	Wholesale price of products
	v	Consumer’s valuation of products
	θ	Cost sharing ratio


3.2 Research hypothesis
The research hypotheses proposed are:
	(1) Reference scholars Tian et al. [39] and Li et al. [40], assume the market random function is D=n∼∫p−aξ1fvdv=n∼1−p+aξ. Here, n∼ is the consumer’s number. v is the product valuation, and fv is a function of v, which follows a distribution over [0,1]. Market orders are equivalent to market demand, and product market demand is directly proportional to a and ξ, and inversely proportional to p. Under the N mode, the trust level satisfies 0<a<1. Under the B mode, the trust level satisfies a=1.
	(2) The firms are all risk averse. Financial institutions are risk-neutral and have ample funds. Reference scholars Choi et al. [41] and Gupta and Ivanov [42], the mean-standard is used to represent risk-averse behavior, with the formula: Ui=Eπi−ηiVARπi. Here, VARπi=Eπi−Eπi2. Eπi is the expected financing return of enterprise i, VARπi represents the variance of the random profit of firm i. ηi is the risk aversion, and the larger it, the higher the risk aversion.

4 NON-COOPERATIVE GAME FINANCING EQUILIBRIUM BEFORE AND AFTER THE ADOPTION OF BLOCKCHAIN
In the non-cooperative game, enterprises tend to avoid risks. Considering the N mode without blockchain and the B mode with blockchain, we explore the financing equilibrium in different scenarios.
4.1 Non-cooperative game in mode N
The goods produced by the supplier are delivered to e-commerce by the logistics company, and the e-commerce purchases and sells them. The vendor faces a capital dilemma and subscribes to financing. The logistics company provides a guarantee and charges the corresponding guaranteed fee. Internet financial institutions provide loans and charge interest fees. During the financing process, it is necessary to verify the transaction information and the credit level of the vendor, and the vendor needs to bear the corresponding information verification costs. If the vendor does not repay the loan on time at the end of the period (with a probability γ), the logistics company needs to pay the unpaid amount. The financing profit function is shown in Equations 1–4:
maxwsNπsN=wsN−csN1+τN+εN+δDN(1)
maxwdN,εNπdN=wdN−cdN+csNεN−γcsN1+τDN(2)
maxpNπeN=pN−wsN−wdNDN(3)
maxτNπbN=csNτNDN(4)
where D¯N=n1−pN+aξ+ϵ, and the mean and standard deviation of the random variable ϵ are 0 and σ, respectively.
Following the approach of Choi et al. [41] and Gupta and Ivanov [42], the mean-standard method is used to represent the risk-averse, and the function is expressed as: UπiN=EπiN−ηivarπiN. Based on the financing profit function of the enterprises, the expected profits are respectively: EπsN=wsN−csN1+τ+εN+δn1−pN+aξ, EπdN=wdN−cdN+csNεN−γcsN1+τn1−pN+aξ, EπeN=pN−wsN−wdNn1−pN+aξ. The variances are respectively: varπsN=wsN−csN1+τ+εN+δ2n2, varπdN=wdN−cdN+csNεN−γcsN1+τ2n2, varπeN=pN−wsN−wdN2n2. Substituting these into the mean - standard deviation function, we can obtain: UπsN=wsN−csN1+τ+εN+δn1−pN+aξ−ησ, UπdN=wdN−cdN+csNεN−γcsN1+τn1−pN+aξ−ησ, UπeN=pN−wsN−wdNn1−pN+aξ−ησ. By solving the second-order partial derivatives of the formula, it is found that the function is concave.
Theorem 1. Using Stackelberg game, the best equilibrium for each variable can be obtained respectively. The supplier’s best wholesale price is wsN*=aξ+ησ−cd−csγτ+1+csδ+2ε+τ+1+12. The logistics provider’s optimal logistics fee is wdN*=aξ−ησ−ws+cd−csε+csγτ+1+12. The optimal guarantee fee is εN*=cd+csγτ+1−aξ+ησ+ws−1cs. The e-commerce platform’s best retail price is peN*=ws+wd+aξ−ησ+12. The financial institution’s best interest rate is τN*=aξ−ησ+1−ws−cd+csε−csγ2csγ.
Substituting the above top solutions into the profit functions, and after rearranging, the top financing profits for the supplier, logistics company, e-commerce and financial institutions can be shown in Equations 5–8:
πsN*=ncs+cd+csδ+csγ−aξ+csτ+ησ+csγτ−1216
πdN*=ncs−2cd−3ws+csδ+3csε−2csγ+2aξ+csτ−2ησ−3csγτ+2232
πeN*=ncd+ws−csε+csγ−aξ+ησ+csγτ−12cs−cd−3ws+2csδ+3csε−csγ+aξ+2csτ−ησ−csγτ+14
πbN*=ncd+ws−csε+csγ−aξ+ησ−1cs−2cd−3ws+csδ+3csε−2csγ+2aξ+csτ−2ησ−3csγτ+216γ
4.2 Non-cooperative games in mode B
After the introduction of blockchain, although the blockchain cost (node deployment and operation and maintenance costs under the alliance chain architecture) is increased, the sharing degree of transaction information is improved and the trust transfer between enterprises is promoted. Based on the technical characteristics of instant consensus and reliable nodes in the alliance chain in the blockchain, each participant does not need to bear the extra cost of information verification under the chain and does not need to worry about the delay of transaction confirmation on the chain. Logistics providers and internet banks are more willing to provide finance services for suppliers. In the financing process, suppliers pay guarantee fees to logistics companies and interest fees to internet financial institutions. All members need to pay blockchain costs, and the finance profit function is shown in Equations 9–12:
maxwsBπsB=wsB−csB1+τB+εB−bDB(9)
maxwdB,εBπdB=wdB−cdB+csBεB−bDB(10)
maxpNπeB=pB−wsB−wdB−bDB(11)
maxτBπbB=csBτBDB(12)
where D¯B=n1−pB+aξ+ϵ.
According to the utility function, the expected profits of the enterprises are respectively: EπsB=wsB−csB1+τ+εB−bn1−pB+aξ, EπdB=wdB−cdB+csεB−bn1−pB+aξ, EπeB=pB−wsB−wdB−bn1−pN+aξ. The variances are respectively: varπsB=wsB−csB1+τ+εB−b2n2, varπdB=wdB−cdB+csεB−b2n2, varπeB=pB−wsB−wdB−b2n2. Substituting these into the mean - standard deviation function UπsB=wsB−csB1+τ+εB−bn1−pB+aξ−ησ, UπdB=wdB−cdB+csεB−bn1−pB+aξ−ησ, UπeB=pB−wsB−wdB−bn1−pB+aξ−ησ. By solving the second-order partial derivatives, it is found that the function is concave and has a top solution.
Theorem 2. According to Stackelberg, the top equilibrium for each variable can be obtained respectively. The supplier’s best wholesale price is wsB*=b+csε+τ+1−wd+aξ−ησ+12. The logistics provider’s optimal logistics fee is wdB*=aξ−ησ−ws−b+1. The optimal guarantee fee is εB*=2b+cd+ws−aξ+ησ−1cs. The e-commerce platform’s best retail price is peB*=b+ws+wd+aξ−ησ+12. The financial institution’s optimal interest rate is τB*=2ws+wd−csε+1−aξ−ησ+12c1.
Substituting the top solutions into the expected profit functions, the best finance profits for enterprises and financial institutions can be obtained in Equations 13–16 respectively:
πsB*=n3b+cs+cd−aξ+csτ+ησ−1216
πdB*=nws−b−cs−csε−csτcd−2b+ws−csε−aξ+ησ−18
πeB*=n2b+cd+ws−csε−aξ+ησ−12cs−cd−3ws+3csε+aξ+2csτ−ησ+12
πbB*=n2b+cd+ws−csε−aξ+ησ−1b+cs−2cd−3ws+3csε+2aξ+csτ−2ησ+216
4.3 Comparative analysis
By analyzing the top equilibrium solutions of various decision variables and the top financing profit functions of various decision-making entities, this paper explores the conditions and constraints for enterprises to introduce blockchain from the financing income. Before and after the blockchain, the changes in the intensity of various decision variables of risk-averse members are compared and analyzed, and the effect of the risk aversion is investigated.
Proposition 1. When the decision variables satisfy certain conditions b>csδ+csγ+csγτ3, supply chain members can obtain more benefits under blockchain than without it. That is, π¯sN*<π¯sB*, π¯bN*<π¯bB*.
Proof: Before blockchain, the top financing profit of the vendor is πsN*=ncs+cd+csδ+csγ−aξ+csτ+ησ+csγτ−1216, and after blockchain, the finance profit is πsB*=n3b+cs+cd−aξ+csτ+ησ−1216. When certain conditions b>csδ+csγ+csγτ3 are met, cs+cd+csδ+csγ−aξ+csτ+ησ+csγτ−12<3b+cs+cd−aξ+csτ+ησ−12, i.e., πsN*<πsB*. Similarly, it can be proven that πbN*<πbB*.
The cost of blockchain technology is a critical factor in whether supply chain members adopt blockchain; both capital-constrained suppliers and well-funded financial institutions focus on maximizing their own interests. When the condition is met b>csδ+csγ+csγτ3, adopting blockchain can create more financing benefits, and considering the impact of returns will further incline towards the adoption of blockchain technology, thereby helping to achieve a win-win situation between e-commerce supply chains and financial institutions. As the effort in information collection decreases, the threshold range will expand further, making enterprises more dependent on blockchain technology, and the benefits blockchain brings to supply chain enterprises will be greater. When the cost of blockchain technology meets the conditions, blockchain not only facilitates information sharing and brings more financing benefits but also helps in the transmission of trust and improvement of operational efficiency, enhancing overall profit levels. The introduction of blockchain can effectively protect the interests of logistics providers; the automatic execution of smart contracts can help prevent supplier defaults, reduce financing risks, and increase financing returns. Immutable records and real-time monitoring lower default risks and reduce expensive risk premiums. Blockchain makes information more transparent, reduces fraud risks, increases the likelihood of repayment, and lowers the probability of supplier defaults. By coordinating incentives through trust enhancement and risk reduction, the adoption of blockchain creates a win-win situation for suppliers and financial institutions. The condition for profitability lies in balancing the cost of blockchain with the actual benefits derived from increased transparency and efficiency.
Proposition 2. When b<wd−cd−csγτ+1+csδ+ε, the optimal sales prices in the e-commerce supply chain satisfy the following relationship between scenarios without and with blockchain technology: wsB*<wsN*, peB*>peN*.
Proof: Based on the optimal solutions of each decision variable, the supplier’s optimal wholesale prices before and after blockchain adoption are wsN*=aξ+ησ−cd−csγτ+1+csδ+2ε+τ+1+12 and wsB*=b+csε+τ+1−wd+aξ−ησ+12 respectively. wsB*−wsN*=b+csε+τ+1−wd+aξ−ησ+12−aξ+ησ−cd−csγτ+1+csδ+2ε+τ+1+12, When b<wd−cd−csγτ+1+csδ+ε, wsB*−wsN*<0, clearly establishing the relationship wsB*<wsN*. The e-commerce platform’s optimal retail prices are peN*=ws+wd+aξ−ησ+12 and peB*=b+ws+wd+aξ−ησ+12 respectively, thus peB*>peN*.
When blockchain technology satisfies condition b<wd−cd−csγτ+1+csδ+ε, and the blockchain benchmark cost is below the threshold, the application of blockchain can significantly optimize the cost structure and risk allocation of the supply chain, thereby changing pricing strategies. Through comparative analysis of the changes in various decision variables of e-commerce supply chain members before and after adopting blockchain, it is found that the adoption of blockchain can raise trust transmission among supply chain members, reduce information verification costs between members, lower the risk premium of suppliers, replace manual reviews with smart contracts, reduce transaction frictions, lower operating costs, and lead to a decrease in sales prices after adopting blockchain. However, the adoption of blockchain will also increase technical investment costs, especially having a significant impact on e-commerce platforms, and under blockchain, the final retail price will be higher. But the adoption of blockchain can provide consumers with more transparent information, enabling consumers to trace product information, reassure them about product quality, attract more consumers to purchase products, and increase market demand for the supply chain. The traceability and anti-counterfeiting capabilities provided by blockchain make consumers more willing to pay a premium for products. Retailers can build a transparent supply chain brand image through blockchain technology, thereby increasing product added value. The initial cost of implementing blockchain can be partially passed on to consumers through higher retail prices, optimizing the cost structure. Blockchain achieves the reconstruction of the balance between supply chain costs and value by optimizing supply chain efficiency and creating additional value, enhancing consumer trust.
Proposition 3. The effect of risk aversion coefficient on guaranteed rates under both non-blockchain and blockchain scenarios is as follows: εN*,εB* is positively correlated with η.
In an environment of uncertain market demand, a company’s risk attitude has a significant influence on finance decisions. The guaranteed interest rate of logistics providers increases with the rise in risk aversion. Under a higher risk aversion attitude, logistics providers, to ensure their own level of returns, will set higher guarantee interest rates. In traditional financing models, the guaranteed interest rate is jointly determined by the value of collateral, liquidity, and market risk. A high-risk aversion coefficient typically manifests as a conservative financial strategy, leading to a rise in the guaranteed interest rate as the risk aversion coefficient rises. After blockchain, blockchain, through the transparency of collateral information, it reduces information asymmetry and decreases information verification costs. Although technology reduces operational risks, logistics providers with high risk aversion still require stringent guarantee terms to enhance trust between enterprises. Blockchain does not eliminate market risks, and the guaranteed interest rate still reflects the risk preference of logistics providers, thus maintaining a positive correlation with the risk aversion. Under the traditional model, the negative correlation between the financing interest rate and the risk aversion means that suppliers with a high-risk aversion tend to adopt conservative operational strategies and pursue stable cash flows. For financial institutions, high-risk-averse suppliers, due to their lower probability of default, are considered better credit customers. Financial institutions reward high-credit customers with lower interest rates to attract low-risk, capital-constrained suppliers and optimize their risk asset portfolios. Under the blockchain model, the positive correlation between the finance interest rate and the risk aversion coefficient indicates that blockchain changes the risk assessment mechanism, and transparent data allows financial institutions to accurately evaluate the true risk status of borrowers. Conservative strategies under risk aversion may reflect business stability, but excessive risk aversion may suppress growth potential. For financial institutions, high-risk-averse suppliers may be interpreted as lacking growth momentum or insufficient risk resistance capabilities. In a blockchain environment, financial institutions prefer suppliers with moderate risk-taking and therefore charge higher interest rates to overly risk-averse suppliers to compensate for potential low growth expectations.
5 COOPERATIVE GAME FINANCING EQUILIBRIUM AFTER THE ADOPTION OF BLOCKCHAIN
When blockchain is low, members can achieve higher financing returns. Blockchain technology enhances trust among vendors, logistics, and e-commerce, forming an alliance through information sharing. When e-commerce supply chain members cooperate, a cooperative game model under blockchain is constructed to compare and analyze the financing equilibrium strategies. Partial cooperation and collective cooperation among members are conducive to improving the overall financing returns. Members write information into blockchain technology can regulate the decision-making behaviors of enterprises, improving transaction quality and financing efficiency. In the cooperative game, different cooperation modes are considered separately, including cooperation between suppliers and logistics, cooperation between logistics and e-commerce, and tripartite cooperation among suppliers, logistics, and platforms, to explore the financing equilibrium decisions of risk-averse firms under different modes.
5.1 Cooperative game of alliance between supplier and logistics company
When the supplier and logistics company form an alliance, the supplier and logistics company are the leaders, and the platforms are the followers. The financing profit of members is shown in Equations 17–19:
maxwdBπsdBC1=wdBC1−csBC11+τBC1−cdBC1−2bBC1DBC1(17)
maxpBπeBC1=pBC1−wdBC1−bBC1DBC1(18)
maxτBCπbBC1=csBC1τBC1DBC1(19)
According to the financing profit, the expected profits are respectively: EπsdBC1=wdBC1−csBC11+τBC1−cdBC1−2bBC1n1− pBC1+aξ, EπeBC1=pBC1−wdBC1−bBC1n1−pBC1+aξ. The variances are respectively: varπsdBC1=wdBC1−csBC11+τBC1−cdBC1−2bBC12n2, varπeBC1=pBC1−wdBC1−bBC12n2. Substituting these into the mean - standard deviation function UπiBC=EπiBC−ηivarπiBC, we can obtain: UπsdBC1=wdBC1−csBC11+τBC1−cdBC1−2bBC1n1−pBC1+aξ−ησ, UπeBC1=pBC1−wdBC1−bBC1n1−pBC1+aξ−ησ. By solving the second-order partial derivatives, it is found that the function is concave.
Theorem 3. According to Stackelberg, the top equilibrium solutions for each variable can be obtained respectively When suppliers and logistics providers cooperate, the optimal product sales price is wsdBC1*=b+cd+csτ+1+aξ−ησ+12, and the best retail price of e-commerce is peBC1*=b+wd+aξ−ησ+12. The best loan interest rate of financial institutions is τBC1*=aξ−ησ+1−3b−cs−cd2cs.
Substituting the top solutions into the financing gain function, the top profits for each entity can be obtained in Equations 20–22 respectively:
πsdBC1*=n3b+cs+cd−aξ+csτ+ησ−128
πeBC1*=n2b+cs+cd−wd+csτb+wd−aξ+ησ−14
πbBC1*=csητaξ−ησ−b−wd+12
5.2 Cooperative game of alliance between logistics company and E-commerce platform
When the logistics company and e-commerce form an alliance, the supplier remains the leader, and the logistics and e-commerce are the followers. The financing function is shown in Equations 23–25:
maxwsBπsBC2=wsBC2−csBC21+τBC2+εBC2−bBC2DBC2(23)
maxpBπdeBC2=pBC2−wsBC2−cdBC2+csεBC2−2bBC2DBC2(24)
maxτBCπbBC2=csBC2τBC2DBC2(25)
Using the mean-standard to rundown the risk attitude, the expected profits and variances are respectively: EπsBC2=wsBC2−csBC21+τBC2+εBC2−bBC2n1−pBC2+aξ, EπdeBC2=pBC2−wsBC2−cdBC2+csεBC2−2bBC2n1−pBC2+aξ, varπsBC2=wsBC2−csBC21+τBC2+εBC2−bBC22n2, varπdeBC2=pBC2−wsBC2 −cdBC2+csεBC2−2bBC22n2. Substituting these into the mean - standard deviation function UπsBC2=wsBC2−csBC21+τBC2+εBC2−bBC2n1−pBC2+aξ−ησ, UπdeBC2=pBC2−wsBC2−cdBC2+csεBC2−2bBC2n1−pBC2+aξ−ησ. By solving the second-order partial derivatives, it is found that the function is concave.
Theorem 4. According to Stackelberg, the top equilibrium solutions for each variable can be obtained respectively. The optimal wholesale price of suppliers is wsBC2*=aξ−ησ+1−cd+b+cs2ε+τ+12. The optimal retail price when logistics providers and e-commerce platforms cooperate is pdeBC2*=2b+cd+ws−csε+aξ−ησ+12. The optimal loan interest of financial institutions is τBC2*=aξ−ησ+1−b−csε+1−2b+cd−csε2cs.
Substituting the top solutions into the financing profit function, and after rearranging, we can obtain in Equations 26–28:
πsBC2*=n3b+cs+cd−aξ+csτ+ησ−128
πdeBC2*=n3b+cs+cd−aξ+csτ+ησ−1216
πbBC2*=csητaξ−3b−cs−cd−csτ−ησ+14
5.3 Cooperative game of alliance among suppliers, logistics company and E-commerce platform
When the vendor, logistics company, and e-commerce form an alliance, the members act, and the top decision is to seek the maximization of overall benefits. According to the Stackelberg game, the financing profit function currently is shown in Equations 29, 30:
maxpBπsdeBC3=pBC3−csBC31+τBC3−cdBC3−3bBC3DBC3(29)
maxτBπbBC3=csBC3τBC3DBC3(30)
The risk-averse expected financing profit and variance are respectively: EπseBC3=pBC3−csBC31+τ−cdBC3−3bBC3n1−pBC3+aξ, varπseBC3=pBC3−csBC31+τ−cdBC3−3bBC32n2. Substituting these into the mean - standard deviation function, we get: UπseBC3=pBC3−csBC31+τ−cdBC3−3bBC3n1−pBC3+aξ−ησ. Taking the second-order derivative of the formula, it is found that the function is concave.
Theorem 5. According to Stackelberg, the top equilibrium solution is: psdeBC3*=3b+cd+csτ+1+aξ−ησ+12, τBC3*=aξ−ησ+1−3b+cs+cd2cs.
Substituting the top solution into the expected financing profit function, we obtain Equations 31, 32:
πsdeBC3*=n3b+cs+cd−aξ+ησ−1216
πbBC3*=n3b+cs+cd−aξ+ησ−128
5.4 Comparative analysis
After solving the model using the Stackelberg game, the top variables and top financing profits are get. A comparative analysis of the relationships between the prices, market demand, and financing profits under different alliances is conducted.
Proposition 4. When certain conditions are met b<wd+csε−cd−ws and ws>wd+2csε−cd+csτ+cs2, under blockchain, the retail prices of different alliances satisfy: peBC1*>pdeBC2*>psdeBC3*.
Proof: The optimal retail prices under different cooperative game modes are peBC1*=b+wd+aξ−ησ+12, pdeBC2*=2b+cd+ws−csε+aξ−ησ+12, psdeBC3*=3b+cd+csτ+1+aξ−ησ+12, respectively. When b<wd+csε−cd−ws, that is peBC1*−pdeBC2*=b+wd+aξ−ησ+12−2b+cd+ws−csε+aξ−ησ+12=−b+wd−cd−ws+csε2>0. peBC1*>pdeBC2*, pdeBC2*−psdeBC3*=2b+cd+ws−csε+aξ−ησ+12−3b+cd+csτ+1+aξ−ησ+12=ws−csε−b−csτ−cs2, because b<wd+csε−cd−ws, so pdeBC2*−psdeBC3*>2ws−2csε−csτ−cs−wd+cd2. Because ws>wd+2csε−cd+csτ+cs2, therefore 2ws−2csε−csτ−cs−wd+cd2>0, that is pdeBC2*>psdeBC3*, to sum up peBC1*>pdeBC2*>psdeBC3*.
When the cost of blockchain and the supplier’s selling price meet certain conditions, from the perspective of cost-profit, the more companies join the supply chain alliance, the more effectively they can reduce the intermediate operating costs through cooperation between enterprises. When pursuing profit maximization, e-commerce platforms, due to the reduction of intermediate costs between enterprises, are prompted to lower the price at which they sell to market consumers. Lower selling prices will attract more consumers to buy, leading to a rise in market demand. Greater market demand helps the e-commerce supply chain quickly recover funds, alleviating the supplier’s financial constraints. The number of members and role divisions in different alliance structures directly affect the profit distribution model, which in turn shapes the retail pricing strategy. When suppliers and logistics providers form an alliance, the profit distribution is relatively concentrated. Suppliers transfer part of the costs by raising wholesale prices, while logistics providers reduce operating costs by optimizing logistics efficiency. With fewer members, the coordination costs within the alliance are low, and both parties may opt for value-based pricing, i.e., using blockchain technology to improve product quality or service reliability, resulting in higher retail prices. When logistics providers and e-commerce platforms form an alliance, the platform faces market competition pressure, forcing it to lower retail prices to attract consumers. E-commerce platforms rely on traffic and user scale to generate revenue and tend to lower per-transaction prices through subscription models or cost-plus pricing to expand market share. When all three parties form an alliance, there are the most members, and the profit distribution chain is the longest. Although blockchain technology improves overall efficiency, the cost-sharing mechanism leads to intensified competition for profits among the parties. E-commerce platforms may further compress retail prices. Additionally, suppliers and logistics providers, needing to share data and technical benefits with e-commerce platforms, may be forced to accept lower wholesale prices, indirectly lowering retail prices. Blockchain technology, by reducing information asymmetry and improving supply chain efficiency, reshapes the pricing logic of different alliances. When the cost of blockchain is below the threshold, the application of the technology is economically feasible. If the cost of blockchain is too high, the alliance may abandon the technology investment, causing retail prices to revert to traditional models. Higher wholesale prices reflect the dominant position of suppliers in the alliance. Blockchain technology may enhance suppliers’ control over prices through dynamic pricing models. The effectiveness of blockchain technology applications is profoundly influenced by the alliance structure. The more members there are, the more complex the profit distribution becomes, and the marginal diminishing effect of technical benefits becomes more significant, ultimately leading to a decrease in retail prices as the alliance size expands.
Proposition 5. When b>aξ−ησ−2wd+1+cs+cd+csτ, the total income of financial institutions under the two-party cooperation is satisfied: πbBC1*<πbBC2*.
Proof: Under cooperation, the financial institution’s financing profits are πbBC1*=csητaξ−ησ−b−wd+12 and πbBC2*=csητaξ−3b−cs−cd−csτ−ησ+14 respectively. πbBC1*−πbBC2*=csητaξ−ησ−b−wd+12−csητaξ−3b−cs−cd−csτ−ησ+14=csητ2aξ−ησ−b−wd+1−aξ−3b−cs−cd−csτ−ησ+14. Since b>aξ−ησ−2wd+1+cs+cd+csτ and aξ−ησ+b−2wd+1+cs+cd+csτ<0, then πbBC1*−πbBC2*<0, i.e., πbBC1*<πbBC2*.
Comparative analysis of the overall gains of financial institutions under different alliances reveals that when the blockchain cost satisfies b>aξ−ησ−2wd+1+cs+cd+csτ, the financing returns of financial institutions under different alliances will vary. When the blockchain cost is within a certain threshold range, under the cooperation mode between logistics providers and e-commerce platforms, financial institutions will obtain higher financing returns through optimized resource allocation and risk sharing. Under the cooperation mode between suppliers and logistics providers, blockchain optimizes inventory management and reduces storage losses. Smart contracts execute automatically, lowering the cost of manual reviews. However, under this model, services are only provided to suppliers and logistics providers, lacking direct channels to consumers, making it difficult to leverage consumer trust premiums. Under the logistics provider-e-commerce platform cooperation model, the large user base of e-commerce platforms can significantly spread the blockchain costs. Integration of blockchain with e-commerce data enables precise demand forecasting and inventory optimization. The traceability of blockchain enhances product added value, allowing e-commerce platforms to charge premiums. The diversified businesses of e-commerce platforms can smooth out market demand fluctuations, and smart contracts reduce redundant operations by logistics providers, lowering the risk premium of financial institutions. Financial institutions can obtain real-time sales data from e-commerce platforms and inventory information from logistics providers through blockchain, accurately assess enterprise credit, and reduce default risks. Blockchain smart contracts can automatically trigger financing disbursements and repayment processes, reducing the manual intervention costs of financial institutions.
Proposition 6. Under cooperative game, peBC1*,pdeBC2*,psdeBC3* decreases as η increases, and τBC1*,τBC2*,τBC3* is also negatively correlated with η.
E-commerce supply chain enterprises, under risk-averse conditions, tend to adopt conservative strategies. To better maintain their profit levels, e-commerce platforms are inclined to set lower product selling prices to attract more customers, obtain larger cash flows, and enhance their ability to cope with uncertain risks. Under the cooperation model between suppliers and logistics providers, suppliers may transfer the conservative pricing pressure of retailers by lowering wholesale prices, ultimately leading to a decrease in retail prices. In the alliance model between logistics providers and e-commerce platforms, the economies of scale of e-commerce platforms enable them to quickly respond to risk-averse behaviors through dynamic pricing models, thereby lowering retail prices. In the model of a three-party alliance, the reduced intermediate costs between e-commerce supply chain enterprises lead to lower sales prices. Highly risk-averse retailers may use blockchain technology to enhance the credibility of product quality, but consumers’ willingness to pay for “safety premiums” is limited, and the final retail prices still tend to decline. The adoption of blockchain will increase the transparency of information, providing financial institutions with a clearer understanding of the market. Under risk-averse conditions, enterprises will set lower interest rates to better alleviate financing risks. Financial institutions attract suppliers with higher credit ratings by lowering interest rates, reducing the probability of bad loans. Conservative financial institutions focus more on short-term liquidity and tend to provide short-term, low-interest loans. The high risk-averse behavior of suppliers and logistics providers may force financial institutions to lower financing interest rates to maintain cooperation, but this also compresses the profit margins of financial institutions. The data transparency of e-commerce platforms reduces information asymmetry, allowing financial institutions to offer lower interest rates based on transaction data recorded on the blockchain. During periods of high economic uncertainty, financial institutions may stabilize market confidence through interest rate cuts, further reinforcing the negative correlation between interest rates and the risk aversion coefficient.
6 FINANCING COORDINATION STRATEGY UNDER THE COOPERATIVE GAME AFTER ADOPTING BLOCKCHAIN
Through the above analysis, in the non-cooperative game without participating in the alliance, each member aims at maximizing their own interests, which will damage all gain levels. Some members will get higher profits, but the profit level of other members will be damaged. Through the alliance, we can integrate resources, lower the overall price and increase sales, thus increasing all gain level. Therefore, in the decision-making process, it is necessary to join a coordination mechanism to encourage members to cooperate and make joint decisions to achieve Pareto to pity. To promote e-commerce supply chain members to achieve top decision-making, it is the key to setting up reasonable coordination strategies.
6.1 Revenue sharing contract
The Shapley value, introduced by scholar Shapley in 1953, is employed to coordinate financing benefits. In cooperative game theory, the Shapley value method enables equitable profit distribution according to each member’s contribution, thereby achieving supply chain coordination. Following Shapley [43], the Shapley value is calculated in Equation 33:
xi=∑i∈S,S∈NwSvS−vS\i(33)
Where, i represents individual participants (suppliers, logistics providers, e-commerce platforms), S denotes the number of participants in coalition S, wS is the weighting factor, vS represents the coalition’s profit with participant i, vS\i indicates the coalition’s profit without participant i, vS−vS\i measures the marginal contribution.
Under the cooperative game, the income function satisfies the convex assumption, which can effectively ensure the stability of income distribution. S Satisfy ∑i∈SNi≥vS and ∑i=13Ni=v1,2,3 for any subset. Shapley value can ensure that each member’s income in the alliance is not lower than that when he acts independently. That is, it satisfies super additivity, vS∪T≥vS+vT. Due to the convexity of Shapley value, the income distribution falls within the core, and there is no subset that can get higher income through self-association, thus preventing members from defecting. Shapley value ensures the complete distribution of the total income of the alliance and avoids the distribution dispute caused by the residual income. By calculating the average marginal contribution of members in all possible sub-alliances, Shapley value ensures the fairness principle that the greater the contribution, the higher the income, and reduces the possibility of defection caused by unfairness.
Based on the calculation formula, the Shapley for the vendor can be calculated in Table 2.
TABLE 2 | Shapley value of suppliers.	S	s	s,d	s,e	s,d,e
	vS	π¯sB*	π¯sdB*	0	π¯seB*
	vS\s	0	π¯dB*	π¯eB*	π¯deB*
	vS−vS\s	π¯sB*	π¯sdB*−π¯dB*	−π¯eB*	π¯seB*−π¯deB*
	S	1	2	2	3
	wS	1/3	1/6	1/6	1/3
	wSvS−vS\s	13π¯sB*	16π¯sdB*−π¯dB*	−16π¯eB*	13π¯seB*−π¯deB*


Substituting the calculation formula, the Shapley value method yields the allocation coefficients for the supplier, logistics company, and e-commerce regarding all gain as (0.385, 0.448, 0.167). We varied each coalition’s value within ±20% around the baseline values while maintaining core properties such as super additivity and efficiency. For each set of adjusted payoffs, we recalculated the Shapley values using the standard formula, ensuring that the sensitivity analysis aligns with the theoretical framework of cooperative game theory. We conducted 100 Monte Carlo simulations, perturbing the payoffs with random noise to assess the distribution of Shapley values. The results show that the allocation (0.386, 0.458, 0.156) falls within the 95% confidence interval of the simulated values. The sensitivity analysis demonstrates that the Shapley allocation is not arbitrary but robust to reasonable fluctuations in the coalition’s payoffs. This aligns with the economic principle that stable allocations require minimal deviations from baseline assumptions. The calculated Shapley values satisfy individual rationality and collective efficiency.
6.2 Cost sharing contract
To coordinate the relationships between e-commerce supply chain enterprises, referring to research of scholars such as Chu et al. [44], Ghosh et al. [45] and He et al. [46], a cost-sharing contract has been introduced. To promote cooperation among e-commerce supply chain enterprises, logistics providers propose corresponding financing solutions. Logistics providers are willing to share the financing costs of suppliers to attract them to choose themselves as their long-term partners responsible for transporting the products produced by the suppliers. The proportion of financing costs that the logistics provider bears for the supplier is θ.
At this point, the financing profit functions for the supplier, the logistics provider, e-commerce and banks are shown in Equations 34–37:
maxwsBπsBS=wsBS−csBS−1−θcsBSτBS−bBSDBS(34)
maxwdB,θπdBS=wdBS−cdBS+θcsBSτBS−bBSDBS(35)
maxpNπeBS=peBS−wdBS−wsBS−bBSDBS(36)
maxτBSπbBS=csBSτBSDBS(37)
where D¯B=n1−pB+aξ+ϵ.
According to the financing profit function, the expected profits and variances are respectively: EπsBS=wsBS−csBS−1−θcsBSτBS−bBSn1−pBS+aξ, EπdBS=wdBS−cdBS+θcsBSτBS−bBSn1−pBS+aξ, EπeBS=peBS−wdBS−wsBS−bBSn1−pBS+aξ, varπsB=wsBS−csBS−1−θcsBSτBS−bBS2, varπdBS=wdBS−cdBS+θcsBSτBS−bBS2, varπeBS=peBS−wdBS−wsBS−bBS2. Substituting these into the mean - standard deviation function, we can obtain: UπsBS=wsBS−csBS−1−θcsBSτBS−bBSn1−pBS+aξ−ϵσ, UπdBS=wdBS−cdBS+θcsBSτBS−bBSn1−pBS+aξ−ϵσ, UπeBS=peBS−wdBS−wsBS−bBSn1−pBS+aξ−ϵσ.
Proposition 7. According to Stackelberg, the best wholesale price of suppliers is wsBS*=csτ+1−b−cd+csθτ+aξ−ησ+12. The best logistics fee of logistics providers is wdBS*=cd−csθτ−ws+aξ−ησ+12, and the best cost sharing ratio is θBS*=csητ4b+cd+ws+cd2cs2ητ2. The best retail price of e-commerce platform is peBS*=b+ws+wd+aξ−ησ+12. The best financing interest rate of financial institutions is τBS*=b+cd−aξ−ησ+12csθ.
The top financing profits for each member are shown in Equations 38–41 respectively:
πsBS*=nb+cs−ws+csτ+csθτ2b+cd−θ+ws+3bθ+csθ+cdθ−aξ+ησ−csθ2τ−aξθ−csθτ+σθτ−116θ
πdBS*=csηθτb+cs−ws+csτ8
πeBS*=n2b+cd+ws−aξ+ησ−csθτ−12cs−cd−3ws+aξ+2csτ−ησ+csθτ+12
πbBS*=nb+cs−ws+csτ+csθτ2b+cd+ws−aξ+ησ−116θ
7 NUMERICAL ANALYSIS
The introduction of blockchain technology provides significant convenience for financing. For the guarantee financing model, blockchain can achieve the transmission of credit and information sharing, thereby improving financing efficiency. We explore the influencing factors of financing decisions, referring to the research of scholars such as Wu et al. [47], An et al. [48] and Qin et al. [49], setting n=2000,τ=0.03,ξ=10,csN=0.3,cdN=0.1,ceN=0.5,csB=0.4,cdB=0.1,ceB=0.6.
7.1 Influence of information verification
To explore the influence of information verification cost on the financing equilibrium strategy, sensitivity analysis is carried out, and the results are shown in Figure 2.
[image: Graph set illustrating relationships between information verification cost and various economic metrics: (a) Shows wholesale prices and supplier profits decreasing and increasing respectively; (b) Guaranteed interest rate and logistics provider profits increasing and decreasing respectively; (c) Retail prices decreasing and e-commerce profits stable; (d) Bank financing interest rates and profits decreasing.]FIGURE 2 | Influence of information verification. (a) Influence on suppliers. (b) Influence on logistics providers. (c) Influence on e-commerce enterprise. (d) Influence on bank.For suppliers, financing returns decrease with the rise in information verification costs, but the wholesale price raises with the rise in information verification costs. Higher information verification costs are detrimental to the improvement of suppliers’ financing returns because they increase the intermediate costs of suppliers, leading to a reduction in financing returns. With higher information verification costs, suppliers will also set higher wholesale prices, making the price at which they sell to downstream enterprises relatively higher. Managers should appropriately reduce information verification costs during operations, as lower information verification costs are more beneficial to the development of suppliers.
For logistics providers, information verification costs indirectly contribute to the increase in their financing returns but have little impact on the guaranteed interest rate. With higher information verification costs, transaction information and logistics information become more transparent, and logistics providers are more willing to provide guarantees for suppliers, thereby increasing their own financing returns. However, the guaranteed interest rate of logistics providers is not affected by the cost of information verification efforts; as information verification costs increase, the guaranteed interest rate remains unchanged. Managers should reasonably formulate financing decisions in practice.
For e-commerce platforms, financing returns decrease with the increase in information verification effort costs, but retail prices are not affected by information verification costs. Higher information verification efforts increase the intermediate costs of e-commerce platforms, thereby affecting the improvement of profit levels. However, retail prices are not influenced by the information verification effort costs incurred by suppliers during the financing process. Managers should focus on actively leveraging technological advantages to reduce information verification effort costs.
For financial institutions, financing returns decrease with the increase in information verification effort costs, but the financing interest rate is not affected by the information verification effort costs. Higher information verification effort costs lead to increased costs for enterprises during the finance process, weakening the enthusiasm for financing and resulting in reduced financing amounts, which bring limited financing returns to financial institutions. The financing interest rate is influenced by various market factors and is less affected by the degree of enterprise information verification efforts; it does not change with the increase in information verification costs.
7.2 Influence of default probability
The default probability of suppliers has significant implications for e-commerce supply chain financing decisions. A sensitivity analysis was conducted on this factor, and the results are shown in Figure 3.
[image: Four graphs labeled (a) to (d) show relationships between probability of default and various financial metrics. Graph (a) displays wholesale prices and supplier profits. Graph (b) shows interest rates and profits for logistics providers. Graph (c) relates retail prices and profits for e-commerce enterprises. Graph (d) covers financing interest rates and bank profits. Each graph has a distinct pattern indicating how these financial metrics change with default probability.]FIGURE 3 | Influence of default probability. (a) Influence on suppliers. (b) Influence on logistics providers. (c) Influence on e-commerce enterprise. (d) Influence on bank.For suppliers, financing returns decreases with the raise in the supplier’s default probability, and a higher default probability also leads to a decrease in the supplier’s wholesale price. A higher default probability is detrimental to the improvement of suppliers’ financing returns and affects their reputation, leading to logistics providers being unwilling to provide guarantees for them, and thus failing to better alleviate their financial constraints. The wholesale price of suppliers also decreases with the raise in the default probability. Under a higher default probability, the cooperation between suppliers and e-commerce platforms is impaired, and suppliers can only adopt a price-cutting strategy to achieve better sales volumes and quickly recover funds.
For logistics providers, financing returns decrease with the rise in the default probability, but the guaranteed interest rate rises with the rise in the default probability. Under a higher default probability of suppliers, the financing returns of logistics providers are impaired. If logistics providers provide guarantees for suppliers and the suppliers fail to pay the principal and interest on time, the logistics providers need to cover the remaining payments. Under a higher default probability, the risks faced by logistics providers intensify, and the guaranteed interest rate will further increase to better protect their legitimate rights and interests.
For e-commerce platforms, financing returns paradoxically raise with the increase in the default probability, but retail prices are not affected by the default probability. Under higher default probability, suppliers set relatively lower wholesale prices, thereby reducing the procurement costs of e-commerce platforms and prompting an increase in returns. Regardless of the default probability, the sales prices of e-commerce platforms are not affected. Lower procurement costs will drive up the profit levels of e-commerce platforms.
For financial institutions, financing returns paradoxically raise with the rise in the default probability, but the finance interest rate decreases with the rise in the default probability. Under a higher default probability, after logistics providers provide guarantees for capital-constrained suppliers, they substitute in repaying the amounts not paid by suppliers, effectively safeguarding the rights and profit levels of financial institutions. To protect the interests of e-commerce supply chain enterprises, financial institutions also set relatively lower financing interest rates.
7.3 Influence of Blockchain’s adoption
The cost of blockchain technology refers to the node deployment and maintenance costs under the consortium blockchain architecture. To study the influence of adopting blockchain on the finance returns of e-commerce supply chains, a sensitivity analysis is conducted. The effects of adopting blockchain are shown in Figure 4.
[image: Four line graphs labeled (a), (b), (c), and (d), display various economic metrics against blockchain adoption. Graph (a) shows the wholesale prices and profits of suppliers. Graph (b) depicts the guaranteed interest rate and profits of logistics providers. Graph (c) illustrates the retail price and profits of e-commerce enterprises. Graph (d) presents the financing interest rate and profits of banks. Each graph features two lines, indicating a correlation between blockchain adoption and the respective economic metrics, with steady increases in most metrics.]FIGURE 4 | Influence of blockchain. (a) Influence on suppliers. (b) Influence on logistics providers. (c) Influence on e-commerce enterprise. (d) Influence on bank.For suppliers, the adoption of blockchain increases their own costs, leading to higher wholesale prices. A lower cost of adopting blockchain technology helps improve the finance returns of suppliers. However, as the cost of blockchain increases, the profit of suppliers shows a trend of first decreasing and then increasing. At a higher level of blockchain adoption, blockchain effectively improves information transparency, increases trust among enterprises, simplifies the financing process, reduces intermediary costs, and enhances financing returns. When the blockchain cost is within a certain threshold range, the cost burden effect is significant, and returns gradually decrease. When the cost exceeds a certain threshold, the trust premium effect dominates, and the increase in trust effectively boosts financing returns.
For logistics providers, the introduction of blockchain technology prompts them to increase guarantee fees. Under blockchain, logistics providers incur more costs when providing guarantees to suppliers, leading to higher guarantee fees. However, the financing returns of logistics providers increase with the degree of blockchain adoption, and the higher the degree of blockchain adoption, the greater the impact on the financing returns of logistics providers. Managers should actively introduce blockchain and raise the degree of adoption.
For e-commerce enterprises, the adoption of blockchain increases operating costs. Risk-averse e-commerce platforms typically consider adopting conservative operating strategies and therefore raising retail prices appropriately when costs increase, leading to higher retail prices for consumers. Blockchain promotes trust transmission and sharing along the supply chain, helping to attract more consumers and thus increase overall returns. Returns increase with the increased degree of blockchain technology adoption. Managers should actively adopt blockchain technology, increase technological investment, and gain more returns.
For financial institutions, the finance interest rate does not change with the degree of blockchain adoption; the rate remains constant. However, overall returns rise with the increased degree of blockchain adoption because, under the influence of blockchain, the market demand of suppliers increases correspondingly, the demand for funds gradually grows, loan demand intensifies, and thus the financing returns of financial institutions increase. Financial institutions should actively introduce blockchain technology and use technological advantages to boost returns.
7.4 Influence of risk aversion coefficient
To investigate how risk aversion before the adoption of blockchain affects financing decisions, a sensitivity analysis was conducted, and the results are shown in Figure 5.
[image: Four line graphs labeled (a), (b), (c), and (d) show the impact of risk aversion coefficients on optimal prices and profits before implementing blockchain. Graph (a) displays wholesale prices and supplier profits. Graph (b) shows guaranteed interest rates and logistics provider profits. Graph (c) illustrates retail prices and e-commerce enterprise profits. Graph (d) presents financing interest rates and bank profits. Each graph depicts a marked intersection of lines, revealing how changes in risk aversion affect different sectors.]FIGURE 5 | Influence of the risk aversion coefficient before blockchain adoption. (a) Influence on suppliers. (b) Influence on logistics providers. (c) Influence on e-commerce enterprise. (d) Influence on bank.For suppliers, before the adoption of blockchain, financing returns decrease with the rise in the risk aversion coefficient, while the wholesale price rises with the rise in the risk aversion coefficient. Under a higher risk aversion coefficient, suppliers, to protect their own interests, will set relatively higher wholesale prices to better cope with uncertain risks. However, higher sales prices will also weaken consumers’ purchasing enthusiasm, leading to a decrease in market demand, which in turn reduces the overall financing returns of suppliers.
For logistics providers, financing returns decrease with the rise in the risk aversion before the blockchain, while the guaranteed interest rate rises with the rise in the risk aversion coefficient. When logistics providers exhibit risk-averse behavior, they will set relatively higher guarantee interest rates to better avoid the default risk of suppliers and protect their own legitimate rights and interests. However, higher financing guarantee rates also lead to a reduction in the guaranteed amount requested by suppliers; risk-averse suppliers are unwilling to apply for more loans, resulting in a decrease in the overall financing returns of logistics providers.
For e-commerce platforms, returns raise with the rise in the risk aversion before blockchain adoption, while retail prices decrease with the rise in the risk aversion. When enterprises are risk-averse, they will appropriately lower sales prices to attract more buyers, which helps them to quickly recover funds. At the same time, this brings more revenue to e-commerce.
For financial institutions, financing returns rise with the rise in the risk aversion before blockchain adoption, while the finance interest rate decreases with the rise in the risk aversion coefficient. Under a higher risk aversion coefficient of enterprises and financial institutions, to better alleviate the financial constraints of suppliers, will moderately lower the finance interest rates, but the reduction is small because the financing interest rate is influenced by various factors. Meanwhile, suppliers are more willing to apply for financing, increase loan amounts, and financial institutions will obtain higher financing returns.
To analyze the influence of risk aversion, a analysis is conducted on the impact of risk aversion on the finance returns after blockchain. The results are shown in Figure 6.
[image: Four graphs illustrating the impact of risk aversion coefficients after blockchain implementation. Chart (a) shows the relationship between wholesale prices and profits of suppliers. Chart (b) depicts guaranteed interest rates and profits of logistics providers. Chart (c) compares retail prices and profits of e-commerce enterprises. Chart (d) illustrates financing interest rates and profits of banks. Each graph displays data across varying risk aversion coefficients, highlighting trends in pricing and profitability.]FIGURE 6 | Influence of risk aversion. (a) Influence on suppliers. (b) Influence on logistics providers. (c) Influence on e-commerce enterprise. (d) Influence on bank.For suppliers, when the degree of risk aversion is high, they tend to adopt more conservative sales strategies and appropriately lower wholesale prices to attract more consumers and maintain a certain sales volume. Blockchain enhances supply chain visibility and data sharing, thereby improving the accuracy of demand forecasting and prompting companies to adopt low-price sales strategies to quickly recover funds. A higher risk aversion does not necessarily help improve suppliers’ finance returns; financing returns decrease with the rise in risk aversion. The higher the degree of risk aversion, the higher the guaranteed interest rates are set by logistics providers. Suppliers, to quickly recover funds, adopt low-price sales strategies, lower sales prices to attract more consumers, and expedite fund recovery, but this can, to some extent, impair the suppliers’ returns. In practice, managers should moderately control the tendency towards risk aversion.
For logistics providers, when the degree of risk aversion is high, they will set higher guarantee interest rates to better protect their own legitimate rights and interests. However, higher guarantee interest rates can impair the enthusiasm of capital-constrained suppliers to apply for guarantees from logistics providers, reduce the number of guarantees applied for, and thus lead to a decrease in the financing returns of logistics providers. More risk aversion harms the returns of logistics providers; managers should strive to reduce their own risk aversion and set relatively lower acceptable guarantee interest rates to attract suppliers to apply for financing. Smart contracts can trigger automatic adjustments to production or procurement plans based on real-time demand signals. This reduces the possibility of excess inventory or stockouts, stabilizes product demand patterns, and better meets the company’s risk aversion. The tamper-proof nature of blockchain establishes trust between supply chain partners. When companies trust the accuracy of shared data, they are more likely to adopt collaborative forecasting methods, better predict market demand, and further reduce risks.
For e-commerce platforms, the higher the risk aversion, the more inclined they are to set lower sales prices. By recording all transactions, logistics events, and inventory movements on an immutable ledger, blockchain achieves real-time visibility across the entire supply chain. This enables companies to access more granular historical and current data for more accurate demand forecasting. Under a higher risk aversion, suppliers’ wholesale prices will be relatively lower, reducing the purchase costs for e-commerce platforms, and consequently, the retail prices sold to consumers will also decrease. Lower sales prices can attract more consumers to buy products, leading to higher financing returns for e-commerce platforms. While maintaining risk aversion in daily operations, managers can set lower sales prices to attract more consumers and increase market demand.
For financial institutions, under a higher degree of risk aversion of enterprises, financial institutions will set relatively higher interest financing rates, but the variation in interest rates is not significant. When the risk aversion of enterprises is high, suppliers and logistics providers will adopt relatively conservative strategies, leading to lower financing returns and reduced cash flow. To maintain their own returns and reduce the risks faced, financial institutions will increase guarantee interest rates. Under higher loan interest rates, the returns of financial institutions will also be higher. Traditional supply chains suffer from fragmented data, leading to biased or incomplete predictions. The decentralized ledger of blockchain ensures that all stakeholders share consistent data access, thereby reducing prediction variance, increasing transparency, and making financial institutions more willing to provide funds to suppliers.
7.5 Influence of blockchain and risk aversion under cooperative game
Under cooperative game theory, cooperation among suppliers, logistics providers, and e-commerce platforms is more helpful in increasing the profit.
First, we analyze the influence of blockchain on members under cooperative game theory. The results are shown in Figure 7.
[image: Graphs (a) and (b) illustrate the impact of blockchain adoption on retail price, profits, financing interest rate, and bank profit under cooperative game scenarios. Graph (a) shows an increase in retail price and profits with higher blockchain adoption. Graph (b) depicts a decrease in the financing interest rate with an increase in bank profits as blockchain adoption grows.]FIGURE 7 | Influencing of blockchain under cooperative game. (a) Influence on supply chain. (b) Influence on bank.For supply chain enterprises, under the three-party cooperation model, retail prices increase with the increased degree of blockchain adoption. The blockchain increases the financing costs and operating costs of enterprises, leading to relatively higher retail prices sold to consumers. The financing returns show a trend of first drop and then rise with the introduction of blockchain. Although blockchain technology increases costs in the short term, it also improves the traceability of information. Consumers trust enterprises more and are more willing to purchase products on the supply chain, thereby increasing the returns.
For financial institutions, under the cooperation model, financing interest rates decrease with the increased degree of blockchain adoption. Under higher blockchain, information transparency improves, allowing financial institutions to better review the qualifications of suppliers and increase their trust in suppliers. Therefore, they are more willing to provide financial support to suppliers. The financing returns of financial institutions show a trend of first drop and then rise with the increased degree of blockchain technology adoption. Under the blockchain background, financial institutions should increase the degree of blockchain adoption.
Next, we investigate the influence of risk aversion. The results are shown in Figure 8.
[image: Two graphs labeled (a) and (b) demonstrate changes in retail price, profit, financing interest rate, and profit of bank and supply chain against the degree of risk aversion. Both plots show a downward trend with solid lines for retail price and financing interest rate, and dashed lines for profits. The vertical axes measure optimal values under a cooperative game, with left y-axes in blue and right y-axes in orange.]FIGURE 8 | Influence of risk aversion under cooperative game. (a) Influence on supply chain. (b) Influence on bank.For e-commerce supply chain enterprises, under cooperative game theory, financing returns and sales prices both drop with the rise in risk aversion. Under a higher risk aversion, e-commerce supply chain enterprises set lower prices to attract more consumers and increase product sales. However, under a higher risk aversion coefficient, financing returns also drop with the rise in the risk aversion. Managers should reasonably control their own risk aversion behavior, as a higher risk aversion does not necessarily benefit the improvement of financing returns. It is also necessary to actively introduce blockchain to improve the transparency of the financing process and alleviate the risk avoidance of enterprises.
For financial institutions, in cooperative games, the greater the degree of risk aversion of enterprises, the lower the financing interest rate they will set, and at the same time, it will also lead to a decline in financing returns. When the risk aversion of an enterprise is relatively high, the enterprise will adopt a relatively conservative financing strategy. To attract suppliers with capital constraints, financial institutions will set a lower interest financing rate. The immutability of blockchain helps to improve the trust level of financial institutions in enterprises, and financial institutions reduce interest rates to ease the financial constraints of suppliers.
7.6 Influence of cost sharing coefficient
In supply chain coordination strategies, the risk-sharing coefficient affects the finance returns. The sensitivity analysis results are shown in Figure 9.
[image: Charts (a) to (d) display the relationship between risk-sharing ratio and optimal pricing or profits for various entities. (a) shows wholesale prices and profits of suppliers; as the risk-sharing ratio increases, supplier profits rise. (b) depicts wholesale prices and profits of logistics providers intersecting as the ratio increases. (c) illustrates the retail prices and profits of e-commerce enterprises; profits remain relatively stable. (d) presents the financing interest rate and profits of banks, showing profits rising sharply with increased risk-sharing ratio.]FIGURE 9 | Influence of cost sharing. (a) Influence on suppliers. (b) Influence on logistics providers. (c) Influence on e-commerce enterprise. (d) Influence on bank.For suppliers, the bigger the risk-sharing coefficient, the more inclined suppliers are to set higher sales prices. Meanwhile, financing returns also rise with the rise in risk-sharing. Within a lower range of risk-sharing coefficients, the variation in financing returns is larger. As risk-sharing increases, the variation gradually decreases. In practice, managers should actively introduce risk-sharing mechanisms to alleviate their own financing constraints and improve financing returns.
For logistics providers, a certain degree of risk-sharing coefficient prompts logistics providers to reduce logistics costs and pass benefits to other enterprises. Under a higher risk-sharing coefficient, the financing returns of logistics providers also increase. Risk-sharing contracts help coordinate conflicts, better promote development, and improve financing returns. Certain incentive measures should be adopted to encourage managers to sign cost-sharing contract agreements and achieve the optimal results.
For e-commerce enterprises, the risk-sharing coefficient has no impact on retail prices. However, it leads to a decrease in returns. Under a certain risk-sharing mechanism, suppliers set higher sales prices, leading to reduced market consumer demand. The retail prices sold to consumers by e-commerce platforms do not increase, resulting in a decrease in their own returns.
For financial institutions, the financing interest rate will rise with the increase of risk sharing, and at the same time, the financing income will also raise with the raise of risk sharing. Under a higher cost-sharing ratio, financial institutions will set higher financing interest rates to increase their own financing returns.
8 CONCLUSION
Guarantee financing in SCF can effectively solve the funding issues of supply chain members by providing guarantees and applying for financing from financial institutions, thereby easing the capital constraints of vendors. However, as it develops, it gradually faces some bottleneck issues, such as information asymmetry among supply chain members, difficulties in credit transmission, and intensified fraud risks, all of which seriously hinder the development of guarantee financing. With the advancement of blockchain, its implementation in guarantee financing is comprehensive. Blockchain can help enterprises break through these bottlenecks and rais the efficiency and quality of financing.
This article takes guarantee financing in SCF as the object and analyzes the finance equilibrium and coordination of guarantee financing under blockchain. Based on the exposition of research backgrounds and current research status, the article first analyzes non-cooperative games, comparing the N mode without blockchain and the B mode with blockchain to explore the bearing of blockchain on the finance decisions. It then discusses cooperative game modes, studying three models: cooperation between vendor and logistics companies, cooperation between logistics companies and e-commerce platforms, and cooperation among all three, analyzing the impact of different cooperation modes on financing decisions after the blockchain. To coordinate the conflicts, the article introduces coordination strategies, discussing revenue sharing and cost-sharing separately to explore the bearing of coordination on the supply chain.
Through numerical examples, research finds that the cost of information verification will damage the financing income of suppliers, but it will promote the financing income of logistics providers. Supplier default will also damage the financing income of suppliers and logistics providers. The impact of blockchain on finance profits exhibits a “U”-shaped variation. When the adoption of blockchain exceeds a certain threshold range, it can effectively increase the financing profits of suppliers and logistics providers. A higher risk aversion coefficient can impair the financing profits of suppliers and logistics providers but helps to increase the profits of e-commerce and financial institutions. Compared to non-cooperative modes, cooperative modes are more helpful in increasing the overall profits. Introducing revenue-sharing and risk-sharing contracts can better alleviate the financial constraints of suppliers.
Based on the models and numerical results of this paper, for managers of supply chains and financial institutions, when considering the introduction of blockchain technology, managers need to comprehensively calculate the actual costs of blockchain construction and operation and match these with the risk-bearing capacities of their own enterprises and partners. If the organizational size, transaction frequency, and supply chain complexity are low, excessively high blockchain costs may weaken the marginal benefits of financing; however, if the cooperative ecosystem tends to mature and high transparency of the transaction chain is required, moderate resource investment on the chain will bring trust premium effects, significantly improving financing efficiency and negotiation positions. Managers should reasonably control their own risk aversion behavior and strengthen cooperation among enterprises. Managers need to establish reasonable profit distribution and cost-sharing mechanisms among suppliers, logistics providers, and e-commerce/financial institutions. From the Shapley value allocation presented in this paper, through negotiation, Shapley allocation ratios based on convex profit functions should be set to ensure that all parties receive allocation shares at the game equilibrium point that are no less than their gains in any sub-alliance, thus avoiding the dissolution of alliances driven by self-interest. Managers should also set up corresponding incentive mechanisms, actively introduce cost-sharing contracts, and improve financing income.
Although this paper comprehensively discusses the financing equilibrium strategies under blockchain from theoretical and numerical perspectives, there are still limitations. When studying the behavioral preferences of managers, this paper only considers risk-averse behavior; future research could introduce overconfidence and other irrational preferences, which may significantly influence pricing and financing behaviors. Secondly, in constructing cooperative games and contract designs, the paper assumes that the cooperative profit function satisfies convexity and that members have complete consensus on transaction terms. Real-world collaborations involve factors such as negotiation costs, information lags, and trust deficits, which can weaken the effectiveness of contract execution. Future research should consider introducing incomplete information games, multi-stage evolutionary games, or vertical principal-agent models to meticulously discuss information asymmetry and multi-party negotiation mechanisms in the cooperative process.
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Introduction
The rapid growth of the unmanned aerial vehicle (UAV) market has surged enterprises, exposing them to systemic risks from business homogeneity. This issue has spread not only within the same level of the industrial chain but also across different segments. Despite China’s enterprises spanning the entire chain as the largest market, their business structure and regional differences remain largely unexplored.
Method
This study constructs a three-tier UAV enterprise network based on overlapping business scopes among firms, forming upstream, midstream, and downstream layers, and examines its national and provincial structural robustness through topological characteristics and network dismantling experiments.
Results
The results reveal that national- and provincial-level UAV enterprise networks follow a power-law distribution, reflecting a “rich-get-richer” pattern. The national network is less robust than the provincial average, with downstream segments in delivery, agriculture, and other applications particularly vulnerable. Provincial networks exhibit strong regional heterogeneity; economically developed provinces demonstrate stronger internal coordination but are more fragile due to high centralization. Furthermore, provincial networks fall into four structural types with differing levels of efficiency and robustness.
Discussion
The study highlights how business similarity fosters local coordination but increases systemic risk through structural homogeneity. To enhance network resilience, especially in downstream and centralized regions, strategies such as modular design and region-specific coordination are essential.

Keywords: unmanned aerial vehicle, multi-layer complex network, targeted attacks, topological characteristics, structural robustness
1 INTRODUCTION
In recent years, the global unmanned aerial vehicle (UAV), commonly known as the drone industry, has expanded rapidly, reaching $31.66 billion in 2023 and projected to grow at a compound annual growth rate (CAGR) of 18.2% in 2024 [1]. The rapid growth has spurred in UAV-related enterprises [2, 3], many of which pursue economies of scale through shared resources, labor pools, and knowledge spillovers [4–6]. This has resulted in industrial clusters with high business homogeneity [7], which draws from institutional isomorphism theory. According to this theory, organizations operating within the same domain tend to become increasingly similar over time due to coercive, mimetic, and normative pressures, resulting in convergence in structure, strategy, and service offerings [8]. While such homogeneity may support upgrading in traditional industries [9, 10], it can pose systemic risk under external shocks in high-tech industries such as UAVs [10, 11]. Given China’s dominant position in the global UAV market [12, 13], similar vulnerabilities are expected to emerge. However, the network structure and risk resilience of China’ UAV enterprise network at both national and provincial levels remain unclear, as existing literature has yet to examine these aspects in detail.
Moreover, the risks brought by business homogeneity are not limited to a single stage of the industry chain but span across multiple levels [11, 14]. The UAV industry, like many manufacturing sectors, can be divided into upstream, midstream, and downstream segments, referring to suppliers, manufacturers, and distributors, respectively [15, 16]. The convergence of suppliers toward single-source materials introduces systemic risk [17]. When environmental or geopolitical disruptions exceed a certain threshold, failures can rapidly cascade from manufacturers to end users through downstream applications [17, 18]. Such cascade vulnerability was evident in the 2011 Japan earthquake, where the disruption of a single key supplier halted Toyota’s production nationwide and impacted global end users [18]. Therefore, it is essential to systematically assess the structural robustness of China’s UAV market to mitigate risks from a multi-level industry chain perspective.
The structural robustness, a concept originally developed in the field of structural engineering [19–21], has been widely adopted in network analysis [22–24]. Architectural literature defines robustness as a structure’s insensitivity to local failure [19, 21], which is determined by both internal deterioration and external shocks [21, 25, 26]. Such vulnerability is often influenced by material properties and spatial arrangement [21, 26]. Similarly, in the enterprise network, structural robustness is shaped by business scopes and the positions of key business clusters. Previous research has shown that enterprises with similar business activities are more likely to cluster together [7, 27, 28]. Despite the potential significance of this relationship, existing research in both network structure and industrial value chain literature has yet to explore how business similarity influences structural robustness.
Methodologically, we employ a multi-layer complex network approach, which is increasingly applied to analyze trade flows [29–32]. In this study, we are the first to construct a three-layer complex network for UAV enterprise operations, segmented into upstream, midstream, and downstream tiers, a division consistent with the most widely recognized industrial chain structure. All 2,120 listed UAV-related enterprises comes from Qichacha, a professional business database that provides comprehensive firm-level information. Based on their registered business scope, enterprises were assigned to different stages of the industry chain. Details are recorded in Section 2.1. Data sources. The analysis focuses on China, given its dominant position in the global UAV market. To examine regional differences, we selected six key provinces in China. The six provinces are Guangdong, Jiangsu, Beijing, Zhejiang, Shandong, and Henan, accounting for approximately 60% of the sampled enterprise. A key concept in our analysis is business homogeneity, which we define as the semantic similarity between the business scope. This operationalization reflects the degree to which firms engage in similar activities or serve related functions along the industry chain.
In principle, our work renders three major contributions. First, We pioneer highlight the examination of business homogeneity in industrial network. Unlike previous studies that typically focus on trade flows [29–32], our research investigates the relationship between enterprises’ business scopes. It reveals the importance of industrial clusters composed of similar businesses in the robustness of network structure, thereby significantly extending the research perspective and the boundaries of network analysis. Second, we adopt a multi-scale spatial framework to assess the structural robustness of UAV network at national and provincial levels, examining both normal topology and response to simulated attacks. Our results show that provincial networks are more robust than the national network, suggesting that cross-regional collaboration fosters industrial clustering but also increases vulnerability to external shocks. Finally, we design a composite node importance ranking method that integrates multiple indicators for high accuracy. Furthermore, based on our findings, we offer policy implications to improve risk management. For example, to enhance network robustness, governments may consider promoting regional differentiation by encouraging diverse business roles across provinces. While our analysis focuses on China’s UAV industry, the framework linking business similarity, multi-layer networks, and robustness can be applied to other interdependent high-tech industries, providing a basis for comparative studies.
The remainder of this article proceeds as follows. Section 2 elaborates data and models used in this work. Section 3 presents the main results. Section 4 discusses the findings, and Section 5 concludes.
2 DATA AND METHODS
2.1 Data sources
The primary dataset utilized in this study was obtained from Qichacha (https://www.qichacha.com/), a commercial data platform providing detailed firm-level information on Chinese enterprises. Our sample includes 2,120 listed UAV enterprises, with data covering corporate names, registered provinces, industrial classifications, business scopes, and other relevant operational characteristics. Non-listed and smaller-scale enterprises were systematically excluded due to the often limited availability and lower accuracy of operational data. Moreover, these enterprises generally contribute less to the core UAV industrial chain dynamics. Six provinces, namely, Guangdong, Jiangsu, Beijing, Zhejiang, Shandong, and Henan, were selected as representative regions, collectively constituting 60% of the total sample, as shown in Table 1. The remaining 40% of UAV enterprises are distributed across 28 other provincial-level administrative regions, which were not included in the regional comparison due to their smaller sample sizes. In this study, we use business similarity among UAV enterprises as a proxy for inter-firm connectivity instead of traditional trade data, as the latter reflects only short-term realized transactional activities rather than potential structural connections.
TABLE 1 | Distribution of UAV enterprises by industry chain tier and region.	Region	Upstream	Midstream	Downstream	Overall	Proportion
	China	398	1,548	1,452	2,120	—
	Guangdong	126	254	290	434	20.47%
	Jiangsu	57	179	168	236	11.13%
	Beijing	50	136	136	193	9.10%
	Zhejiang	45	119	130	169	7.97%
	Shandong	29	85	86	123	5.80%
	Henan	19	75	66	106	5.00%


All observed UAV enterprises were manually classified into distinct segments of the industrial chain based on their business scopes. The UAV industry in China encompasses research and development, manufacturing, assembly, and distribution [33, 34]. The upstream segment primarily consists of raw materials, including metals and composites. The midstream involves the manufacturing of components such as engines, sensors, and avionics, while the downstream focuses on the assembly of UAVs and their distribution to end-users [35]. Notably, certain enterprises exhibit cross-tier operations spanning the entire industrial chain. Table 1 presents the national and provincial-level data for the UAV enterprise network.
2.2 Methodology
2.2.1 Construction of multi-layer UAV enterprise network model
The UAV enterprise network is modeled as a three-layer adjacency matrix S = (A, O), where A = {A[1], A[2], A[3]} denotes intra-layer adjacency matrices representing connections within each industrial segment, while O captures inter-layer relationships. Specifically, A[1] represents the upstream network of the UAV industry chain, A[2] denotes the midstream network, and A[3] corresponds to the downstream network. Enterprises serve as network nodes, and each enterprise may appear in one or more layers, depending on whether its business scope includes activities related to that stage. Edges between enterprises within the same layer are established based on business similarity, quantified using the cosine similarity between their full registered business scope texts. This text-based measure emphasizes functional similarities that drive structural patterns within the network, independent of firm-level attributes such as ownership, location, or size. Prior to computation, all texts are first standardized by removing punctuation and stopwords, and vectorized using the term frequency-inverse document frequency (TF-IDF) method. The cosine similarity between enterprise i and j is calculated in Equation 1:
Similarityi,j=Ti→ ·Tj→Ti→·Tj→(1)
where Ti→ and Tj→ denote the TF-IDF vectors of enterprise i and j’s full business scope text. This enables quantification of operational proximity based on the actual semantic content of business scope. For example, a high similarity score between a firm focused on UAV R&D and flight control systems and another emphasizing UAV design and intelligent flight systems indicates functional overlap. All non-zero similarity values were retained as network edges to preserve the full spectrum of potential functional relationships.
Formally, the intra-layer connectivity within the θ-th layer is formally structured as Aθ=Qθ,Eθ,Wθ, where Qθ represents the set of enterprise nodes in the θ-th UAV industry layer, Eθ denotes the edge set of UAV in the θ-th layer, and Wθ specifies the weight of the θ-th layer network edge. If the similarity between enterprise i and enterprise j is non-zero, an edge ei,jθ is established with edge weight Wi,jθ. Otherwise, no edge connection is created between the two enterprises. Similarly, inter-layer relationships are defined as Oθ,μ=Qθ,Qμ,Eθ,μ,Wθ,μ. If a similarity relationship exists between enterprise i in layer θ and enterprise j in layer μ, an edge ei,jθ,μ is added with a weight Wi,jθ,μ. Notably, while the network is multilayered, this study focuses on intra-layer dynamics, as business similarity is mostly layer-specific. Vertical edges reflect enterprise presence across layers rather than strong functional interdependence. The three-layer UAV industry chain network (n = 3) formalized in Equation 2, with more network relationships detailed in Equation 3. Figure 1 provides a visual representation of this three-tier structure, including both intra-layer andinter-layer edges.
S=A1O1,20O2,1A2O2,30O3,2A3(2)
S=W1,11⋯W1,n1⋮⋱⋮Wn,11⋯Wn,n1W1,11,2⋯W1,n1,2⋮⋱⋮Wn,11,2⋯Wn,n1,20W1,12,1⋯W1,n2,1⋮⋱⋮Wn,12,1⋯Wn,n2,1W1,12⋯W1,12⋮⋱⋮W1,12⋯W1,12W1,12,3⋯W1,n2,3⋮⋱⋮Wn,12,3⋯Wn,n2,30W1,13,2⋯W1,n3,2⋮⋱⋮Wn,13,2⋯Wn,n3,2W1,13⋯W1,13⋮⋱⋮W1,13⋯W1,13(3)
[image: Diagram depicting three network layers labeled Upstream, Midstream, and Downstream. Each layer contains nodes labeled A to F, with Downstream including node G. Nodes are interconnected by blue lines, illustrating relationships and flows between different layers. Dotted lines indicate connections across layers.]FIGURE 1 | Three-tier UAV industry chain network based on business similarity. The circles represent nodes reflecting UAV enterprises, while the blue solid lines represent intra-layer edges derived from the similarity of business scopes. The gray dashed lines represent inter-layer edges, which exist when enterprises operate across layers or exhibit business similarity with enterprises in other layers.2.2.2 Measurement of structural robustness under normal conditions
The UAV enterprise network is defined by its nodes and edges, whose structural features are key to revealing business homogeneity among enterprises. The network’s internal robustness is assessed through topological properties such as node connectivity and connection distribution, calculated using Gephi 0.10.1.
Degree is a fundamental parameter characterizing the local connectivity of nodes in the networks [36]. It quantifies the number of edges directly connected to a node, denoted as ki. As formalized in Equation 4, for nodes i and j within a network of total size N, the adjacency matrix element aij indicates the presence (aij = 1) or absence (aij = 0) of a direct connection. Nodes with higher degrees are more central, thus reflecting their enhanced influence on structural robustness [36]. It is calculated by
ki=∑j=1Naij(4)
Degree distribution represents the probability distribution of node degrees across the entire network. Defined as P(k), the degree distribution reflects the fraction of nodes Nk with degree k relative to the network size N, as shown in Equation 5. The distribution of nodes can be determined based on the variation in the P(k) function, and provides insights into the connectivity and structural prominence within the UAV enterprise networks.
Pk=Nk / N(5)
The clustering coefficient characterizes the transitivity of a network, representing the average likelihood that two neighboring nodes of a given local node are also interconnected [37]. Originally proposed by Watts and Strogatz, this metric gauges the tendency of nodes to form clusters within a network [37]. A high clustering coefficient indicates a strong clustering structure, whereas a low clustering coefficient suggests the absence or weakness of such a structure. Denoted as C, it is computed in Equation 6:
C=1N∑i=1N2Nikiki−1(6)
Where Ni denotes the number of edges associated with node i, and ki is the degree of node i. The clustering coefficient satisfies 0 ≤ C ≤ 1. When C = 0, nodes remain unconnected, whereas C = 1 indicates a fully interconnected network.
The average path length is a global property representing the average value of all shortest paths between any two pairs of nodes [37]. It quantifies the overall efficiency and connectivity in complex networks, particularly in small-world networks and scale-free networks [37]. For a network with N nodes, the shortest path length between node i and j is denoted as dij. The average path length L is defined in Equation 7.
L=1NN−1∑i≠jdij(7)
2.2.3 Evaluation of structural robustness under targeted attacks
2.2.3.1 Methods of node importance ranking
To assess the structural robustness of the network under targeted attacks, it is essential to determine the node removal sequence by ranking node importance. Prior studies have typically employed single-index centrality measures such as degree centrality, betweenness centrality, closeness centrality, and eigenvector centrality, each capturing a different aspect of node importance.
Degree centrality represents the most straightforward method for quantifying node centrality in network analysis [38]. Nodes with a high degree of centrality are deemed influential due to their extensive network connections, enabling efficient information propagation and substantial systemic influence. However, it overlooks a node’s global impact in the network. It is calculated as Equation 8.
DCi=kiN−1(8)
Betweenness centrality identifies nodes that frequently lie on the shortest paths between other nodes, reflecting control over information flow [39]. As shown in Equation 9. The betweenness centrality BCi of node i is defined as the ratio of the number of shortest paths between any pair of nodes j and l that pass through node i (Njl(i)) to the total number of all shortest paths between nodes j and nodes l (Njl).
BCi=∑j≠i≠lNjliNjl(9)
Closeness centrality quantifies a node’ centrality by measuring the average shortest path distance from the node to all other nodes [40]. Nodes with higher values are more central. The formula is presented as Equation 10, where CCi denotes the closeness centrality of node i, and dij represents the shortest path distance between nodes i and j.
CCi=1∑j=1Ndij(10)
Eigenvector centrality considers not only the quantity but also the importance of a node’s neighbors, emphasizing influence within high-status neighborhoods [41]. This recursive relationship ensures that a node gains higher centrality if it is connected to other highly central nodes, as formalized in Equation 11, where c is a proportionality constant, and xj denotes the eigenvector centrality of node j.
ECi=c∑j=1Naijxj(11)
While widely adopted, single centrality metrics may fail to capture the multidimensional nature of node influence in complex networks. To address this limitation, we propose a composite node importance index that incorporate richer structural information based on information-weighted assignment. Traditional weighting methods often rely on correlation-based ranking or similarity to ideal solution, which may overlook data complexity. In contrast, the information-weighted method is grounded in mathematical derivation, and quantifies variability and informational content across criteria. Specifically, we integrates three objective approaches: the CRITIC for contrast analysis, the Entropy Method for uncertainty, and Entropy-Weighted TOPSIS for ideal solution evaluation. To address scale and dimensionality disparities among indicator values, we implement min-max normalization to standardize these metrics within a unified range of 0–1. The normalized value x* is calculated in Equation 12:
x*=x−xmin/xmax−xmin(12)
where x is the actual value, and xmax, xmin are the maximum and minimum value, respectively. Each method produces a weight vector for the four centrality indicators. These are assembled into a method-indicator matrix wij, where i = 1,2,3 denotes the method and j = 1,2,3,4 denotes the indicator. To quantify the informational contribution of each method, we apply an entropy-based fusion strategy. For each method i, the normalized weight distribution Ei across indicators in Equation 13:
Ei=−k∑j=14pij⁡lnpij,where pij=x*∑i=13x*,k=1/⁡ln4(13)
The diversification degree, di = 1-Ei, is used to compute method-level weights in Equation 14, where Ei represents the entropy value associated with each method. Final indicator weight allocations are then determined as specified in Equation 15. Subsequently, the overall node importance score is then given by Equation 16.
θi=di∑i=13di(14)
wj=∑i=13θi·wij(15)
NRi=w1DCi*+w2BCi*+w3CCi*+w4ECi*(16)
where NRi denotes the comprehensive index of node importance, wj represents the information weight derived from the three methods. DCi*, BCi*, CCi*, and ECi* represent the values of degree, betweenness, closeness, and eigenvector centrality for node i, respectively. The workflow of the proposed multi-indicators and multi-weight node ranking methodology is presented in Figure 2.
[image: Flowchart depicting the process of calculating a comprehensive ranking index for nodes. It begins with calculating centrality indicators: degree, betweenness, closeness, and eigenvector centralities. These indicators undergo min-max normalization. Weights are calculated using three methods: CRITIC, Entropy, and Entropy-weighted TOPSIS. Comprehensive weights for centrality indicators are computed using an information weighting approach, leading to the calculation of the comprehensive ranking index. The process concludes at the end node.]FIGURE 2 | Workflow of the multi-indicators and multi-weight ranking method for node importance. The pipeline integrates four centrality metrics (degree, betweenness, closeness, and eigenvector centrality) through normalization, multi-method weight allocation (CRITIC, entropy, and entropy-weighted TOPSIS), and comprehensive weighted aggregation. The final ranking index synthesizes topological and information-theoretic perspectives to quantify node significance in complex networks.2.2.3.2 Network disintegration experiment
We conducted disintegration simulations on the three-layer UAV enterprise networks at both the national and six provincial levels to evaluate structural robustness. Specifically, nodes were removed according to the composite ranking method introduced earlier, in descending order of calculated importance. The simulations were performed with node removal rates from 0 to 1 in 0.1 increments. As the process was non-stochastic, repeated iterations were unnecessary. At each step, we calculated accessibility, connectivity, and efficiency to assess structural degradation. All simulations and visualizations, covering eight regions and six structural indicators, were implemented using Python 3.0.
Accessibility serves as an efficiency-oriented metric for industrial chain networks, quantifying the likelihood or ease with which any two nodes can communicate via alternative paths [42, 43]. It is measured by the average shortest path length within the maximum connected subgraph of the network, and the shorter the path, the higher the accessibility. The average value of the shortest path of the industrial chain network determines the transmission speed of business information between enterprises. It can be quantified as the ratio of the average value of the shortest path of the maximum connected subgraph after the network is attacked to the average shortest path length of the original system.
Connectivity evaluates the stability of industrial chain networks, particularly the connectivity density among enterprises [43]. It is quantified by the remaining capacity of the network after node failures. The proportion of the number of nodes retained in the surviving connected subgraph relative to the number of nodes in the original network size constitutes a direct indicator of the network’s vulnerability.
Network efficiency serves as a metric to evaluate resource allocation and operational effectiveness in industry chain networks, particularly reflecting the collaborative performance among nodes [42]. It can be conceptualized as the ratio of the global efficiency of the network post-attack to the global efficiency of the original system.
3 RESULTS
3.1 The ranks of node importance in UAV network
To ensure the objectivity of node importance ranking, we first employed the CRITIC method, Entropy Method, and Entropy-weighting TOPSIS Method to assign weights to the four centrality metrics. Subsequently, we applied the information weighting method, a quantitative analysis approach suitable for complex systems and large-scale datasets, to reassign the weights. All the final information is presented in Table 2. Finally, based on the calculated weights, we ranked the importance of nodes at both the national and provincial levels. The detailed rankings can be found in Supplementary Table S1, with the top 30 nodes displayed due to space limitations. This distribution method enables a comprehensive evaluation of each node’s importance within the network. By incorporating multiple centrality metrics, our approach achieves more objective, precise, and robust rankings for node importance in the UAV industry chain network.
TABLE 2 | Weight allocation of centrality indicators by different objective methods.	Method	Weight
	Degree centrality	Betweenness centrality	Closeness centrality	Eigenvector centrality
	CRITIC	21.15%	32.65%	21.99%	24.21%
	Entropy Method	19.79%	36.82%	27.30%	16.09%
	Entropy-weighting TOPSIS Method	31.38%	7.92%	28.55%	32.15%
	Information weight	18.19%	47.96%	10.77%	23.09%


To validate the methodology proposed in Section 2.2.3.2, we calculated node importance rankings in the UAV enterprise network and selected the top 30 nodes for further verification. Node information is provided in Supplementary Table S2, while network metrics are presented in Table 3. Compared to single-metric approaches, our method demonstrated significantly lower APL and variance, indicating higher connectivity and minimal structural changes under risk disturbances. It also exhibits the highest cohesion (0.94), resistance (0.92), and resilience (0.97), with relative improvements of 9.17%, 9.26%, and 4.29%, respectively. Although the absolute differences among the five metrics are not large, the overall performance consistently favors the information weight method. This trend is further supported by the resilience degradation curves (Figure 3), which show slower connectivity loss during progressive node removals. These findings confirm its enhanced robustness, superior ranking stability, and imporved network resilience under risk scenarios.
TABLE 3 | Robustness test of node ranking methods based on network metrics.	Metrics	CRITIC	Entropy method	Entropy-weighting TOPSIS method	Information weight
	Average path length	1.2046	1.3126	1.2667	1.1563
	Cohesion	0.8935	0.8587	0.9239	0.9374
	Resistance	0.8985	0.8437	0.8674	0.9218
	Resilience	0.9289	0.9291	0.9615	0.9687
	Variance	6.3073	5.9270	6.9298	5.4817


[image: Line graph titled "Resilience degradation under targeted attacks" showing the relationship between node removal ratio and remaining connectivity. It compares four methods: CRITIC (blue circles), Entropy Method (orange squares), Entropy-weighting TOPSIS Method (green diamonds), and Information weight (red triangles). Lines depict a downward trend from 1.0 to 0.65 for increasing node removal, indicating decreasing connectivity across all methods.]FIGURE 3 | Resilience degradation of the UAV enterprise network under targeted attacks. The y-axis represents remaining connectivity (i.e., the largest connected component relative to the original network), and the x-axis indicates the node removal rate. Blue, orange, and green lines represent CRITIC, Entropy, and TOPSIS methods, while the red line is the proposed information weight method, which shows superior robustness beyond a 0.2 removal rate.3.2 Structural robustness at the national-level
3.2.1 Systemic topological characteristics
Figure 4 presents the topological characteristics of the national-level UAV enterprise operation network, including node-level (i.e., degree distribution) and edge-level (i.e., clustering coefficient) indicators. The results show that the overall structural robustness at the national level is consistently below the provincial average, as evidenced by its higher average degree and clustering coefficient, along with a shorter average path length. This suggests that interprovincial collaboration enhances connectivity but may also increase systemic risk due to greater business homogeneity.
[image: Panel (a) shows a line graph of the degree distribution of a national-level UAV network. It includes lines for upstream, midstream, downstream, and overall components, with the degree \(k\) on the x-axis and probability \(P(k)\) on the y-axis. Panel (b) displays a scatter plot of the topological properties: average degree, clustering coefficient, and average path length for different components, with color-coded circles representing specific values. Triangles indicate mean values.]FIGURE 4 | Topological characteristics of the national-level UAV enterprise network. Results are shown for upstream (blue), midstream (orange), downstream (green), and overall (red) segments. (a) The line chart presents the cumulative degree distribution. The horizontal axis (K) represents node degree, spanning 101 to 105, while the vertical axis (P(K ≥ (K)) shows the probability of nodes with degrees ≥ k, scaled from 10−3 to 103. (b) The bubble chart displays three structural indicators: degree, clustering coefficient, and average path length. Bubble colors represent industrial chain stages, and bubble sizes reflect the magnitude of the indicators. Red triangles denote the provincial average for each metric.Figure 4A illustrates the cumulative degree distributions of UAV enterprise operations at the national level. The results reveal that the national UAV network follows a power-law distribution, with linear trends in log-log coordinates [44]. This implies a “rich-get-richer” structure, dominated by a few highly connected core enterprises, driven by preferential attachment [45, 46]. A similar pattern is observed across different industrial chain segments, where internal resources become increasingly concentrated among leading enterprises [47, 48]. This concentration may weaken the innovation capacity of small and medium-sized enterprises (SMEs) and raise systemic risk. Such a pattern likely stems from the high technological barriers inherent in the UAV industry, consistent with evidence that Matthew effects are more prominent in high-tech sectors [49, 50]. This self-reinforcing process suggests that enterprises with existing advantages are more likely to attract new collaborations, further amplifying their centrality and influence in the network.
Additional topological results, shown in Figure 4B, reveal uneven structural robustness across the UAV industry chain at the national level. The upstream UAV enterprise network exhibits the highest robustness, while the downstream segment is the most fragile. The downstream segment has a high average degree, strong clustering, and short average path length, indicating broad business reach and dense clusters of similar enterprises. This may be due to the downstream UAV sector’s greater maturity, with widespread applications in agriculture, tourism, emergency services, and logistics. However, such diversification may intensify long-term systemic risk due to business homogenization. Despite its apparent structural density, the downstream network is more prone to rapid collapse under targeted attacks.
3.2.2 Simulation of targeted attack scenarios
The simulation results of the structural robustness of the national-level UAV enterprise network under targeted attacks are presented in Figure 5, with detailed data available in Supplementary Table S3. As nodes are progressively removed, the UAV enterprise network maintains fundamental structural robustness during the initial phase but undergoes rapid deterioration beyond a critical threshold (node removal rate >60%). This phenomenon is attributed to business homogeneity. Similarity-driven clustering enhances communication density within clusters but also increases systemic risk by fostering dependency on a limited number of key nodes with overlapping business characteristics. These findings align with previous studies; business similarity exacerbates systemic vulnerability by concentrating risks within core clusters [7, 10, 11].
[image: Simulation of national UAV network under targeted attack scenarios. Six line graphs (a-f) analyze network metrics versus removal ratio. (a) shows average path length in red, decreasing post 0.8 removal. (b) depicts accessibility in blue, also dropping sharply post 0.8. (c) presents maximal connected subgraph node count in green, declining steadily. (d) illustrates connectivity in purple, decreasing linearly. (e) demonstrates global efficiency in orange, rising sharply post 0.8. (f) shows network efficiency in brown, increasing notably post 0.8. Maximum and minimum values are marked on each graph.]FIGURE 5 | Simulation of the national UAV enterprise network under targeted attack scenarios. Nodes were sequentially removed based on the ranks of node importance in increments of 0.1 (from 0 to 0.9); results at the full removal ratio (1.0), where all indicators drop to zero, are omitted for clarity. Red circles mark peak values, and blue circles indicate minima. Evaluated metrics include: (a) average path length (APL) of the largest connected subgraph, (b) accessibility, (c) size of the maximal connected subgraph, (d) connectivity, (e) global efficiency, and (f) network efficiency.Specifically, as depicted in Figures 5a,b, APL remains relatively constant throughout most of the node removal process, while the accessibility of the national UAV network declines after approximately 60% node removal. This implies that while path lengths among connected nodes remain short, the overall connectedness decreases, isolating clusters of similar businesses. Furthermore, the sharp shrinkage of the maximal connected subgraph (Figure 5c) and the sharp decline in connectivity (Figure 5d) indicate the fragmentation and vulnerability arising from interdependencies of enterprises with overlapping business activities. Such fragmentation is considered to threaten the information and resource flows critical for maintaining network functionality. Nevertheless, global efficiency stays stable or slightly increases under high node removal (Figure 5e), while network efficiency in Figure 5f even exceeds 1 (up to 1.03). This unexpected trend is likely driven by tighter local clustering among surviving firms. To verify this, we compared network efficiency and clustering coefficients before and after node removal (Figure 6). Both metrics exhibit a nearly parallel upward trend, suggesting that the efficiency gain stems from denser intra-cluster ties rather than enhanced overall robustness.
[image: Line graph comparing network efficiency and clustering coefficient under varying node removal rates. The x-axis represents removal ratio from 0 to 1. The y-axis shows network metrics from 0.88 to 1.04. Network efficiency is depicted by a blue dotted line, remaining stable around 1 until rising slightly past 0.8 removal ratio. The clustering coefficient, shown by an orange dashed line, stays near 0.9 and increases slightly from 0.8 removal ratio.]FIGURE 6 | Comparison of network efficiency and clustering coefficient under varying node removal rates. In the figure, the network efficiency is depicted by the blue line, whereas the clustering coefficient is shown by the orange line.3.3 Structural robustness at the provincial-level
3.3.1 Systemic topological characteristics
The cumulative degree distributions of provincial-level UAV enterprise networks are presented in Figure 7. Similar to the national network, all six provincial networks exhibit a power-law distribution, a hallmark of scale-free networks. This implies the presence of a few hub enterprises with extensive business overlaps, reinforcing the existence of hierarchical structures with uneven inter-firm connectivity. Such a pattern indicates that once an enterprise becomes central in a provincial network, its likelihood of forming new connections increases, consolidating its dominant position and reinforcing structural inequality across firms.
[image: Degree distribution graphs of national-level UAV networks for six provinces: Guangdong, Jiangsu, Beijing, Zhejiang, Shandong, and Henan. Each graph shows upstream, midstream, downstream, and overall distribution curves plotted with different colors. The x-axis is labeled \( k \), and the y-axis is labeled \( P(k) \), both on a logarithmic scale. Each graph depicts the variation in distributions across different network levels.]FIGURE 7 | The cumulative degree distribution of provincial-level UAV enterprise network. Six sub-figures compare the cumulative degree distributions of (a) Guangdong, (b) Jiangsu, (c) Beijing, (d) Zhejiang, (e) Shandong, and (f) Henan provinces across upstream (blue), midstream (green), downstream (orange), and overall (red) segments. The horizontal axis (k) represents node degree, while the vertical axis (P(K ≥ k)) shows the probability of nodes with degrees greater than or equal to k.Further topological analysis in Figure 8 reveals pronounced regional differences. As shown in Figure 8a, Jiangsu demonstrates a high clustering coefficient, elevated average degree, and the lowest APL, suggesting a tightly connected structure with high business similarity among UAV enterprises. While this configuration enhances internal collaboration and operational efficiency, it also indicates increased systemic risk due to close interdependence. In contrast, Henan exhibits low clustering and connectivity, implying relatively independent business operations among enterprises, likely reflecting the province’s less developed UAV industry base. Interestingly, although Guangdong holds the highest average degree, its network appears loosely clustered and topologically fragmented, indicating a broader but weaker pattern of inter-firm linkages.
[image: Charts displaying the topological properties of provincial-level UAV networks across six provinces: Guangdong, Jiangsu, Beijing, Zhejiang, Shandong, and Henan. Each chart illustrates three metrics: Degree (blue), Clustering coefficient (orange), and Average path length (red). Values are plotted for various stages: overall, upstream, midstream, and downstream, showing trends and variations among provinces.]FIGURE 8 | Topological characteristics of the provincial-level UAV enterprise network. The results are presented for the degree (circles), clustering coefficient (squares), and average path length (diamonds). Panels show (a) the overall network across six provinces, and the upstream, midstream, downstream, and overall segments of (b) Guangdong, (c) Jiangsu, (d) Beijing, (e) Zhejiang, (f) Shandong, and (g) Henan.Subnetwork analysis across different segments of the UAV industrial chain is shown in Figures 8b–g. A consistent pattern emerges; economically developed provinces such as Guangdong, Jiangsu, Beijing, and Zhejiang exhibit stronger industrial collaboration. Their networks show higher average degree and clustering coefficients across upstream, midstream, and downstream segments compared to less developed regions like Henan and Shandong, suggesting broader industrial coverage and tighter inter-enterprise relationships. While such characteristics promote production efficiency and innovation through specialization and cooperation, they also contribute to concentrated vulnerability. Additionally, structural imbalances across industrial chain stages are evident in certain provinces. For instance, Henan’s downstream segment has a significantly lower average degree (53.396) and clustering coefficient (0.7705) compared to its upstream and midstream segments, revealing weak business cohesion in application services. This suggests potential disruptions or fragmentation in the regional UAV value chain.
3.3.2 Simulation of targeted attack scenarios
The simulation results of provincial UAV enterprise operation networks under targeted node removal are illustrated in Figure 9, with detailed numerical results available in Supplementary Table S4. The simulations reveal a consistent degradation pattern across all six provincial networks, as shown by a reduction in maximal connected subgraph size, network connectivity, and global efficiency. However, up to a 50% removal ratio, APL and accessibility remain relatively stable, indicating preserved local communication and operational buffering capacity despite growing global fragmentation. Based on a comparative evaluation of key robustness metrics, the networks can be categorized into four types, namely, efficiency-robustness coexisting networks (Jiangsu, Beijing), highly centralized but fragile networks (Guangdong), low-efficiency and low-robustness networks (Henan, Shandong), and moderately robust networks (Zhejiang).
[image: Six heatmaps illustrating the effect of attack rates on a provincial UAV network across different metrics. (a) Connected subgraph APL shows declining average path length with increasing attack rates. (b) Accessibility decreases as attack rates rise. (c) Maximal connected subgraph shows fewer connections at higher attack rates. (d) Connectivity decreases with higher attack rates. (e) Global efficiency drops with increasing attacks. (f) Network efficiency diminishes as attack rates grow. Rows represent provinces like Henan, Shandong, and Beijing; columns depict attack rates from 0 to 1.]FIGURE 9 | Simulation results of the provincial-level UAV enterprise network under targeted attack. The results cover six representative provinces, including Guangdong, Jiangsu, Beijing, Zhejiang, Shandong, and Henan. The heatmaps represent the values of six topological resilience metrics, where darker shades indicate higher values. Panels show (a) Connected subgraph APL, (b) Accessibility, (c) Max connected subgraph, (d) Connectivity, (e) Global efficiency, and (f) Network efficiency.In detail, Jiangsu and Beijing exhibit strong efficiency-robustness coexistence. In Jiangsu, APL and accessibility remain virtually unchanged throughout the removal process (see Figures 9a,b), and the maximal connected subgraph retains a substantial size even under 70% node removal (see Figure 9c). Both global and network efficiency remain nearly constant (see Figures 9e,f), indicating an internally cohesive, well-connected structure with sufficient redundancy to withstand external perturbations. Similarly, Beijing shows minimal disruption in local structural indicators and maintains network efficiency close to 1 across all stages, despite a slightly faster degradation in connectivity (see Figures 9d,f). These observations are consistent with the Robustness-efficiency tradeoff framework (RETO) in complex network analysis [51, 52].
Guangdong represents a highly centralized but fragile structure. As shown in Figure 8c, it possesses the most extensive initial connectivity (433 nodes in the maximal subgraph), and its structural integrity deteriorates rapidly once nodes are removed. APL and accessibility rise sharply (see Figures 9a,b), and connectivity drops to nearly zero at a 90% removal rate (see Figure 9d), indicating a lack of sufficient redundancy. Despite its reach, the network’s centralized and loosely clustered structure makes it particularly vulnerable to targeted attacks.
Henan and Shandong display low efficiency and low robustness. Henan begins with the smallest subgraph, the highest APL, and the lowest global efficiency in Figures 9a,c,e, and suffers rapid and near-complete structural collapse at higher attack levels. Shandong shows similar fragility in connectivity (see Figure 9d), although global and network efficiency remain relatively stable or slightly improved (see Figures 9e,f), possibly due to peripheral node elimination and the persistence of a small core cluster. Nonetheless, both networks are characterized by weak inter-firm linkages and fragmented topologies.
Zhejiang occupies an intermediate position in terms of structural robustness. Although its APL and global efficiency begin to decline more noticeably in the later stages of attack (Figures 9a,e), and connectivity drops to 0.12 at the 90% removal level (Figure 9d), the overall network shows better structural stability compared to Henan and Shandong. This suggests that Zhejiang’s network is denser but still partially reliant on central nodes, leading to a moderate level of vulnerability.
4 DISCUSSION
4.1 Result analysis
Industrial clusters are a specific type of industrial organization, where enterprises with similar business scopes tend to co-locate and form tightly-knit networks [7, 27, 28]. Driven by business homogeneity, such clustering not only shapes the internal connectivity patterns of enterprise networks but also increases their vulnerability to external disruptions [7, 53]. While local collaboration within these clusters can improve operational efficiency, it simultaneously heightens systemic risk by concentrating dependencies on a few central enterprises [10, 11]. These risks are particularly pronounced under targeted disruptions, where the failure of key nodes can trigger widespread structural fragmentation [54, 55].
Our study applies a complex network model based on business similarity and network disintegration experiments to investigate the structural robustness of UAV enterprise networks at national and provincial levels. The following observations are obtained from the study. First, both levels exhibit power-law degree distributions, indicating a typical scale-free structure. This suggests that a few enterprises with high business similarity play disproportionately central roles in network connectivity, a pattern consistent with the Matthew effect in industrial development [49, 50]. Second, the national network is less robust than the provincial average, with inter-provincial collaboration increasing systemic risk despite enhancing connectivity. Notably, robustness varies across supply chain stages, with upstream segments being the most resilient and downstream segments the most vulnerable. This discrepancy is likely due to higher business similarity in downstream sectors, which increases mutual dependencies. Third, our simulation experiments indicate that the national UAV enterprise network can tolerate targeted attacks involving up to 60% of central nodes before structural collapse becomes irreversible. Fourth, regional heterogeneity is observed, with economically developed regions such as Guangdong, Jiangsu, Beijing, and Zhejiang demonstrate stronger internal coordination. Finally, based on network disintegration patterns, provincial networks can be categorized into four structural types, namely, resilient and efficient, centralized but fragile, weakly connected and inefficient, and moderately robust. These findings provide insights into how business similarity, clustering, and network topology jointly shape the robustness of emerging industrial systems such as UAVs.
4.2 Policy implications
Building on the insights from our analysis, we reexamine the structural vulnerabilities of China’s UAV enterprise network under both normal conditions and targeted attacks. Accordingly, we propose actionable strategic recommendations at a comprehensive level for policymakers, illustrated as follows.
First and foremost, national policy should prioritize inter-provincial coordination, particularly between midstream and downstream enterprises. Our analysis conenterprises that the national UAV enterprise network, with extensive cross-regional linkages, has higher overall communication efficiency than the average provincial network. This aligns with previous studies suggesting that diversified inter-organizational ties boost adaptive capacity in technological networks [37, 56]. However, we also find that vulnerability concentrates in downstream segments, which are prone to cascading failures under targeted attacks. This fragility stems in part from the high business similarity among downstream enterprises, leading to the emergence of highly central nodes. To address this, the vertical linkages between midstream and downstream enterprises should be promoted to reduce dependency on key nodes. This can be achieved through coordinated industrial planning with cross-segment and cross-regional collaboration, especially by fostering partnerships among enterprises with complementary rather than homogeneous business scopes. Such interventions are in line with modular network design principles [57], which emphasize decentralization and functional compartmentalization. To support the implementation of these recommendations, policy tools such as the publication of industrial chain maps and subsidies for cross-regional collaboration should be considered.
Second, local governments should actively promote diversified and complementary industrial collaboration to enhance resilience against external shocks. Our provincial-level network analysis reveals that economically developed regions such as Guangdong, Jiangsu, Beijing, and Zhejiang exhibit weaker structural robustness. However, this is primarily driven by over-concentration around a few central enterprises, which increases systemic vulnerability. This pattern is consistent with empirical evidence showing that industrial clustering increases dependency on core nodes, thus increasing network fragility [7, 27]. Therefore, local governments in these regions could encourage heterogeneous business linkages that go beyond enterprises with similar scopes to decentralize critical hubs and improve structural robustness. In contrast, less developed provinces like Henan and Shandong tend to have fragmented and inefficient industrial networks, limiting their capacity for coordinated growth. Here, fostering diversified forms of collaboration can accelerate the formation of a resilient industrial ecosystem. This recommendation is grounded in research on regional innovation systems [56, 58, 59], which emphasizes that balanced network topologies improve adaptive capacity and systemic stability.
Third, category-based differentiated regional policies and interventions are essential for addressing the structural heterogeneity of China’s UAV enterprise networks. Our typological analysis classifies provincial networks into four distinct categories based on their efficiency and robustness. This typology provides a valuable foundation for targeted policy intervention, as emphasized in the literature on regional development asymmetry and adaptive industrial policy [60, 61]. In centralized but fragile regions like Guangdong, policy efforts should prioritize decentralization strategies, such as supporting secondary hubs and fostering horizontal collaborations among enterprises with complementary business scopes to reduce similarity-driven clustering. While structural upgrading is critical for inefficient and fragile regions such as Henan and Shandong. Governments in these areas should expedite infrastructure development, enhance innovation capacity, and encourage business diversification. Contrastingly, regions already displaying strong structural robustness should focus on sustaining current advantages while preparing for demand shocks and technological shifts. If well-designed and consistently implemented, these differentiated strategies can significantly enhance the structural robustness of China’s UAV sector by reducing uneven regional development.
5 CONCLUSION
This study investigates the structural robustness of China’s UAV enterprise operation networks using complex network models based on business similarity. Our analysis reveals that both national- and provincial-level networks exhibit scale-free characteristics, with robustness varying significantly across regions and supply chain segments. Notably, downstream enterprises, often clustered due to high business similarity, are particularly vulnerable to targeted disruptions. At the provincial level, economically developed regions tend to be more fragile due to over-concentration. We further identify four distinct types of provincial network structures, reflecting varying degrees of efficiency and robustness. These findings underscore the dual role of business similarity in fostering local coordination while also amplifying systemic risk through structural homogeneity. Policy implications highlight the importance of inter-provincial coordination, complementary inter-firm linkages, and region-specific strategies in enhancing the robustness of emerging industrial systems.
Admittedly, this work suffers from three notable limitations. First, despite its size, the Qichacha database could leave out new or unregistered UAV enterprises, which may bias the sample and underrepresent informal network users. Second, although excluding non-listed enterprises ensures data reliability, it may overlook peripheral participants that contribute to the system’s redundancy and flexibility in actual networks. Third, the analysis does not further decompose the factors contributing to business similarity or examine their differentiated effects on network robustness. These restrictions might lead to an overestimation of network vulnerability in some regions and an underidentification of adaptive structures. Future research should leverage more comprehensive datasets and investigate the heterogeneous drivers of similarity across regions to support more targeted policy interventions.
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The construction of the global energy internet is a significant way to develop clean energy and the key to achieving the goal of carbon neutrality. This study aims to the feasibility of trans-national and trans-continental development of energy interconnection. The trend of regional power grid interconnection is accelerating, and the influence of energy interconnection on global economic and social development is increasing. The prior literature is absent on technical issues such as energy transmission, storage, sharing, and system issues such as power trading, overall architecture, and data collection. This paper presents the contribution of an utterly systematic model and method for evaluating the comprehensive benefits of energy interconnection and analyzes the comprehensive benefits of energy interconnection development from multiple dimensions in economics, society, resources, and links. This paper takes the economic and clean energy development system in Southeast Asia as an example to make the system simulation, designs scenarios of quick, steady and slow carbon peaking & neutrality, and evaluates the comprehensive benefits under the three economic development modes using the evaluation model. The result presented that the development of energy interconnection has an apparent positive effect on economic growth, eliminating the people lacking electricity, poverty, and other social problems, improving resource utilization efficiency, and the ecological environment. The method proposed in this paper for evaluating the benefits of solving energy interconnection issues is practical and feasible and offers adaptable policy insights for regions at different development.
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1 INTRODUCTION
Global energy development is facing severe challenges such as resource shortage, environmental pollution, climate change and unbalanced development, which bring a serious threat to the survival and development for human beings. The Paris Agreement provides a framework for the global response to climate warming after 2020. 178 parties have been implementing carbon emission reductions to promote carbon neutrality and carbon peaks.
In order to achieve the goal of carbon neutrality, the fundamental solution is to accelerate the development of clean energy and the promotion of energy transformation. Building a global energy interconnection is a newly clean and green way to meet the global electricity demand, a global solution to solve the severe challenges of energy development, and a new blueprint for the green and low-carbon development of the world energy. Global energy interconnection is a globally connective, strong and smart grid based on ultra-high voltage backbone network frame, and a basic platform of clean energy for globally large-scale development, transmission, and use. The essence of global energy interconnection is to build up an energy community and human destiny community, which gets strongly supports from United Nations and other relevant parties.
However, in the literature [1], the implementation of the global energy interconnection has faced some resistance and has been questioned in several aspects such as ultra-high voltage long-distance transmission technology, geopolitical resistance and economic and environmental feasibility, which need to be studied systematically and comprehensively. The investment of regional energy interconnection construction is huge. In the short term, the investments are difficult to recoup, but in the middle and long term, regional energy interconnection construction is good to eliminate the population lacking electricity, promote the regional economy and employment, improve the efficiency of energy utilization and reduce the harmful gas emissions. At present, there is no specific and explicit study of the construction effects of energy interconnection on economy, resource, environment and society, and there is also not a set of scientific and systematic model and comprehensive benefit evaluation system of energy interconnection development to make comprehensive study in terms of cross system science, information science and economics.
There are great advantages and feasibility of the System Dynamics theory to analyse the comprehensive benefits of trans-national and trans-continent clean energy transmission channels. First, the System Dynamics theory solves the problem of multi-factor interaction. The trans-national and trans-continent clean energy transmission channels involves subsystems such as economics, environment, resource utilization, scientific and technological innovation, people’s livelihood and social problems, and the variables in each subsystem are interaction with complex relationships. Based on this situation, the System Dynamics theory is a structure model showing the relationship between the variables, making the decision and simulating the state transition process of the system based on state variables as the center and speed variables as the drive. In addition, the System Dynamics theory deals with the qualitative information existed in the analysis. Compared with the traditional analysis with no quantitative research for the problem such as social influence and concepts, the System Dynamics theory is a kind of system thinking, system analysis, quantitative and qualitative combined method and integrated and reasoning combined method, making up for the limitation of the traditional quantitative research methods to simulate the complex and large system easily, in particular, analyze and test problems which are difficult to quantification, so that to analyze and research the system in the case of data insufficient. Finally, the System Dynamics theory can be used for policy analysis and simulation. As a soft science research problem, the comprehensive benefits of trans-national and trans-continent clean energy transmission channels can’t be tested in the laboratory like natural science. The System Dynamics theory as a “lab” of economic and social problems, has the characters of policy experiment and social laboratory, for example, changing policy variable parameters and variable initial values of the model, making the assumption.
The paper builds a comprehensive benefit evaluation model based on the System Dynamics theory for highly nonlinear, high-order, multi-variable and multi-feedback energy interconnection complex systems. First of all, there is a comprehensively analysis about the effects and benefits brought by the regional interconnection construction in terms of economic, social, resource and environmental aspects. Then, the relationship between each factor and the feedback mechanism are analyzed, the weight is determined by combining the analytic hierarchy process, and the comprehensive benefit evaluation model is established. Finally, the typical situation in Southeast Asia is analyzed and verified through the evaluation model, and then the recommended development model is provided. The findings are that the development of energy interconnection plays a positive role in driving economic growth, eliminating social problems such as population lacking electricity and poverty, and improving the efficiency of resource utilization and ecological environment. There should be scientific positioning and systematic planning when choosing the quick carbon peaking & neutrality scenario.
2 LITERATURE REVIEW
This section includes the review on energy interconnection and energy system dynamics model.
2.1 Energy interconnection
The development of global energy interconnection is becoming more and more important to the development of global economic and social, which has received attentions increasingly at present. Wang [2] proposed the solutions of realizing the sustainable development of world energy, and analyzed the comprehensive benefits of constructing the global energy Interconnection [3]. put forward a comprehensive benefits assessment method of different new energy generation technologies for global energy Internet development, in order to evaluate the importance of clean energy to the global energy interconnection. Yang et al. [4] divided the development stages of the global energy interconnection and evaluated the indicators of grid interconnection based on analysis of research data and key indicators. According to cluster analysis, there were six development stages of the global energy interconnection. Electric vehicles were one of the most important links between electric power system and transportation system under the power grid development stage. Dai [5] analyzed the development status of electric vehicles and wireless charging technology in China and provided an innovative idea for the integration of electric power system and transportation system under the future unified power grid framework. Zhou et al. [6] systematically studied the energy interconnection from the perspective of business. The four development stages of energy system were decentralized energy system, centralized energy system, distributed energy system and intelligent interconnected energy system, while energy network was the innovative development mode of energy system. Wei et al. [7] analyzed the overall framework model of urban energy interconnection from the aspects of energy supply, consumption form, energy transport, decision management and public service. Cheng et al. [8] solved the problem of uncertainty condition of boundary in the power grid planning by collecting interconnection information and studied the data collection methods in terms of renewable energy, climate, economy and energy network planning.
The technology problem of energy interconnection is also a hot topic of energy interconnection research. Alexander et al. [9] believed that energy storage system can be used for short-term control (such as power grid frequency control), medium-term balance mechanism (transforming daily production to meet demand), or long-term storage (seasonal transfer) and instead of grid expansion. Smart grid was the infrastructure of the modern grid, Kolokotsa [10] integrated buildings and communities into smart grid and solved the technological problem of the smart grid. The future smart grid must realize the vision of sharing energy interconnection by millions of people in their own homes, offices and factories with others. Wu et al. [11] believed that grid interconnection technology can transform the power grid into an external grid for energy sharing. Sun et al. [12] evaluated the accuracy of the routing function design and transmission stability of the energy network and verified the proposed energy function sector through theoretical analysis and experimental simulation. Hao et al. [13] proposed two distributed interaction algorithms for both islanded and grid-connected modes where the price signal motivates aggregators can adjust power consumption and generation: one is Privacy-preserving gossip algorithm which can avoid disclosing local privacy in islanded interaction, another is Perturbation primal-dual sub-gradient method which can optimize distributed demand response (DDR) considering global predetermined unequal constraints. Kwon et al. [14] built a variety of scenarios including renewable energy capacity, interconnection measures and reinforcement measures, and then, database creation and simulation are performed semi-automatically to optimize and reinforce future Korean power systems using Power System Simulator for Engineering (PSS/E) and Python by a dynamic model based on inverter-based resources.
Global energy interconnection solved the problem of asynchronous between renewable resource and load center allocation through intercontinental grid interconnection, Liu, et al. [15] put forward the decision framework of power generation and transmission under the background of global energy interconnection, analyzed the influence factors of investment decision, and proposed the corresponding suggestions and models. In order to improve the efficiency and flexibility of energy interconnection, Zhong et al. [16] proposed an SDEI framework within the SDN methodology of energy interconnection and built a programmable structural system in the energy router grid by using the SDN method, which improved the energy efficiency and the green energy utilization. Xi et al. [17] proposed an equilibrium model containing each energy subsystem objective and maximum social welfare for improving the operation of the electricity, gas and district heating subsystems of a district or urban area. Yang et al. [18] modeled the planning profit models of electricity network and gas network and a dynamic game model for the joint planning of electricity-gas integrated energy system based on the analysis of the game mechanism of different investors, at last, the iterative search method was used to solve the model to propose a joint planning method of electricity-gas integrated energy system. Peng et al. [19] constructed distributed integrated energy system by a hierarchically partitioned structure of urban integrated energy system based on distributed autonomy and centralized coordination and a hierarchically partitioned master-slave game optimization model based on game theory.
Liu [20] found that transnational, transcontinental and long-distance power transmission is an important form of global energy interconnection. The development trend of the current stage is to build transnational and transcontinental grid interconnection projects and to form regional energy interconnection at first. In the literature Liu [21], the feasibility and necessity of intercontinental power grid interconnection was demonstrated. Super Grid plans of Europe is to build a power transmission, carrying and consuming platform in Europe; The DESERTEC power project launched by Germany is to develop solar energy resources in Northern Africa and to carry out inter-continental grid interconnection research between North Africa and Europe. The Australian research institute Grenatec Research [22] also proposes the idea of pan-Asian energy interconnection to realize the joint absorption of Australian clean energy in Southeast Asia and even in the whole East Asia.
Some scholars are evaluating which way of energy interconnection is better [23], pointed out the renewable energy based hybrid systems is more feasible through comparing submarine cable interconnection and renewable energy based on hybrid system development for 132 islands of Philippine. Pavievi et al. [24] constructed two models to evaluate the cost-effective decarbonisation strategy of cross-sectoral linkages: one is a long term planning multisectoral model, another is a unit commitment and optimal dispatch model covering multiple energy sectors such as power, heating & cooling, transportation, etc. At last, the data from Europe-wide energy systems showed that the transport sector provides the highest flexibility potential in terms of power curtailment, load shedding, congestion in the interconnection. Wang et al. [25] believe that transnational power grid interconnection, as a measure of energy Internet, can meet the global power demand in a clean and green way and promote the UN’s concept of “sustainable energy,” but it is very important to build a risk assessment index system including 10 indexes such as national relation, public participation, and available transmission capacity because of the complex and variable risks of transnational power grid interconnection. However, relevant studies only assume a specific case of power interconnection project at present, and there is still lack of systematic evaluation model to quantify the benefits of regional energy interconnection.
The construction of regional energy interconnection brings many comprehensive benefits. In terms of social aspects, in the literature Grenatec Research [22], based on the multi-country and multi-sectoral dynamic conditions, the general equilibrium model is computed, the evaluation index system of economic and social benefits is established, and the quantitative analysis of economic and social benefits of each continent is carried out. In the literature Jin et al. [26], an evaluation system of social benefits is constructed based on the pressure-status-response model, and the impacts of energy interconnection construction on social benefits through clean energy replacement, power grid optimization and power substitution are evaluated by using smart grid construction data of China.
In terms of economic aspects, Xiaoxia et al. [27], Zhang et al. [28] and [29]. identified the factors effecting the transmission cost and the benefit of energy interconnection. Alves et al. [30] modeled the power systems of the islands of Pico and Faial in Azores, the results showed that RES penetration can increase 50 percentage points by 2030 because of using energy plan to interconnect the isolated power systems of islands. Purvins et al. [31] believe that long distance power transmission is an option for reducing carbon footprint in future electricity systems, such as an electricity trading route crossing the interconnected countries: Turkey, Georgia, Azerbaijan and Kazakhstan, the economic benefit may compensate investments between 1598 M€ and 3251 M€ needed for the additional power transmission capacities over a life-cycle period of 40 years. Breyer et al. [32] pointed out that the benefits of a global energy interconnection is popular, energy interconnected globally would be 4% lower than an isolated system if world is divided into 9 major regions and the major regions comprise of 23 regions.
In terms of the environment aspect, in the literature Zong [33], the self-balancing scenario and power interconnection scenario of global power development are set up. By establishing a global energy interconnection environmental benefit index system, the benefits of power interconnection in terms of resource conservation, convention pollutant emission reduction and climate change, etc. are quantitatively evaluated. In terms of relative benefits aspect, in the literature Zhao et al. [34], the costs and benefits of the global energy interconnection construction and the reforming progresses of the China’s power industry marketing characteristics are analyzed and evaluated, and the external effects of the development of energy interconnection are analyzed. IEC [35] analyzes impact of energy interconnection on energy supply, the environment, technologies, policies and standards development. Wang et al. [36] established an optimized model to verify the energy trading interconnection in southern China can yield significant energy, economic, environmental and interconnection benefits. Fan et al. [37] proposed a power gird interconnection model using linear programming techniques to minimize overall system costs due to the difference in the countries’ power system, and four power grid interconnection programs in Northeast Asia is proved that power grid interconnection can bring environment and economic benefits. The object of energy interconnection benefit in current research is limited to a certain aspect of economy, society and environment, and the research method is relatively simple, which is lack of a comprehensively analysis on the development of regional energy interconnection.
Current research on the assessment of transnational energy interconnection typically focuses on single-dimensional analyses in the economic or environmental domains, such as quantifying the cost-effectiveness of carbon emission reduction, conducting research on technical feasibility, or testing the stability of cross-border power transmission. The research methods employed are relatively simplistic, failing to provide a comprehensive analysis of the development of regional energy interconnection. Some models have not decoupled the mutual feedback mechanisms between social factors like employment growth and improvements in people’s livelihoods, which may lead to imbalances in policy design and consequently overlook social benefits. Meanwhile, certain analytical frameworks, due to their rigid setting of parameters related to economic or environmental policies, cannot adapt to the dynamic changes in technology and policies. Therefore, there is an urgent need to construct a comprehensive and dynamic assessment model and methodology that integrates economic, social, and environmental benefits to analyze the complex interactions and nonlinear effects of various factors in the development of regional energy interconnection.
This study constructs a System Dynamics model targeting employment creation, environmental improvement, and energy equity in Southeast Asia. It innovatively proposes a comprehensive benefit evaluation methodology for regional energy interconnection spanning economic, social, resource, and environmental dimensions. The model explicitly elucidates the energy transition mechanism whereby clean energy investments drive employment growth, increase incomes, and enhance environmental quality. Furthermore, it enables dynamic policy simulations—such as carbon taxes and environmental subsidies—capturing their nonlinear effects under varying economic development levels and clean energy adoption scenarios, overcoming the limitations of static policy assumptions in conventional models.
By integrating social equity into the multi-dimensional benefit assessment framework of energy transition, this research advances a coupled theory of economic-social-energy systems. It provides Southeast Asia with sustainable development pathways that simultaneously meet rigid emission constraints and social equity imperatives, thereby resolving the dilemma between decarbonization and poverty alleviation in developing regions.
2.2 Energy system dynamics model
System dynamics (SD) is a methodology and mathematical modeling technique to frame, understand, and discuss complex issues and problems for understand the behavior of complex systems over time. Wang et al. [38] presented a novel approach which integrates object-orientation and systems-dynamics to information modeling of socio-tech systems. In term of the power system aspect, in the literature Vernotte et al. [39], a system dynamics model was developed for simulation of the power system behavior. [40] produced an efficient state prediction method based on system dynamics, utilizing a statistical approach called the M-Estimation to resolve the filtering problem. Besides [41], developed a simulation system for modeling the behavior of the power plant. Moreover, SD can be also used throughout the public and private sector for policy analysis and design. In the literature of Mora et al. [42], the adequacy of using systems dynamics method to complement the knowledge on the designing making support system implementation processes have been proved.
The remarkable characteristic of this method is that it can integrate non-linear causality and feedback among many factors. Therefore, it has obvious advantages in dealing with comprehensive systems affected by many factors. Gu et al. [43] proposed a model by making an organic integration of system dynamics and entropy weight method, a simulation model for the evaluation of the planning scenario is built based on system dynamics, and then technical economic indicators with a time scale could be yielded. In the literature Wu et al. [44], the cost of low-carbon power technology and transaction expenses of the carbon trading mechanism was introduced into the planning of interconnection while considering the emergence of new factors and their impact on the power system interconnection under the condition of low-carbon economy. Khansari et al. [45] provided a comprehensive system model, which is based on the system dynamics approach, to address the issue of global warming, in terms of households’ energy consumption behaviors. Oluic et al. [46] present a system dynamics simulator to illustrate the behavior of various factors related to the three pillars (social, economic, and environmental) and factor relationships associated to a specific problem.
3 METHODS
This section includes the proposed method, Energy System Dynamics model, System hypothesis and parameter setting, the construction of regional energy interconnection System Dynamics model, Main equations of System Dynamics, and Evaluation process of regional energy interconnection comprehensive benefit.
3.1 System dynamics modeling theory
Fan and Pan [47], SD is an analytical technology for quantitative simulating study of nonlinear, multiple feedback and complex time-varying system by computer based on feedback control theory proposed by professor J. W. Forrester of the Massachusetts institute of technology (MIT) (see [48] and [49]). This study is to deal with complex system problems in terms of social, economic, ecological and biological, and comprehensively study the large-scale systems with the characters of complex, multi-level, multi-sectoral and non-linear at macro and micro levels.
Broad sense of system includes open loop system and feedback system, and social and economic system belongs to information feedback system, which is influenced by the historical behaviors of the system and gives the consequences of historical behaviors back to the system correspondently to influence the future behaviors.
SD supposes all of the system motions in the world are fluid motions, and represents the structure of the system using causal and system flow diagrams. The causal diagram can clearly express the nonlinear causal relationship within the system. The causal relationship graph takes the feedback loop as its constituent element and the feedback loop are series of closed paths of causes and results.
The flow graph of the system is the basis of the System Dynamics model, which can represent the feedback relationship in the system, and composed of specific symbols to represent the correlation between the variables in the causal relationship loop. The system flow graph consists of three elements: state variable, rate variable and information, and the relationships between variables are defined by formulations. The relationship between state variables and rate variables is a first-order differential equation, and the entire System Dynamics model is a series of nonlinear equations, as shown in Formula 1:
ddxxt=fx,p(1)
Where x is the state variable vector, p is a set of parameters, and f is a nonlinear vector function. The formula is time lag because the vector x and other parameters are functions with the value at the previous moment.
Figure 1 shows the typical flow diagram of a feedback loop system. As shown in the figure, there should be explicit arithmetic expressions of the influx and outflux of substances, energy and information, etc. These expressions form the right term of Equation 2 and the relationships can be shown as integral equal:
Lt=L0+∫0t∑Rint−Routtdt(2)
[image: Diagram showing a system with an input labeled "R_in" flowing into a block labeled "L". The output "R_out" exits from the block, leading to an area labeled "Const". Arrows indicate "DISC" and "R_out". Both input and output are represented with clouds and triangle symbols.]FIGURE 1 | Feedback system flow diagram.Where L(t) represents the state variable Lat the moment of t, L0 represents the initial value of L, Rin represents the input flow of the state variable and Rout represents the output flow of the state variable. The integral equation above shows that the value of the state variable at time t is equal to the initial value of the state variable plus the integral of the net flow changing over time [0, t].
3.2 Applicability analysis
Hou [50] analyzed the regional energy interconnection, which involves various factors of economic and social development, and its benefit evaluation is a complex system problem of highly non-linear, high-order, multi-variable and multi-feedback. The System Dynamics can deal with the problem well and explore the problem at both macro and micro levels. The main expresses are:
Solving the problem of multi-factor interaction - Fan and Pan [47], regional energy interconnection involves the subsystems of economic, environment, resource utilization, scientific and technological innovation, the people’s livelihood and society. There are interactions between various factors in the subsystems and the relationships between factors in the subsystems are complex. The structural model of System Dynamics takes state variables as the center and speed variables as the drive, clearly shows the effects and relationships between the factors and applies decision to simulate the state transition process of the system.
Qualitative information in the process and analysis - [51] explored the advantages of System Dynamics. In the traditional analysis, quantitative research of social influence and concept cannot be implemented, but System Dynamics makes up for the limitations of the traditional quantitative research method through system thought, system analysis, quantitative and qualitative combined, integration and inference combined. It is easy for the System Dynamics to simulate the complex and large system, especially involving the problems which cannot be quantified easily into the system structure to do analysis and test. Besides, the system analysis and research can be implemented in the case of insufficient data.
Policy analysis and simulation - Zuo and Chen [52] discussed comprehensive benefit of regional energy interconnection is a soft science research problem, which cannot be tested in the laboratory like natural science, but System Dynamics as the “laboratory” of economic and social problems, can change the policy variable parameters of the model and the initial value of variables, to carry out the policy environment condition assumption, policy planning, scenario analysis, sensitivity analysis and policy comparison under different conditions. In addition, System Dynamics carries out the dynamic simulation experiment to accurately reflect the system affected by internal and external environment, and the problem solving is straight, vivid, strongly man-machine dialogue functional. It’s easily and directly to dialogue with policymakers, which has the characters of policy experiment and social laboratory.
3.3 System hypothesis and parameter setting
3.3.1 Model boundaries
The general steps of System Dynamics model studied by Zhong et al. [16], the boundary of the system should be first determined,The time boundary of the system dynamics model in this study is set as 2005–2050, covering the critical stages of carbon peaking and carbon neutrality in Southeast Asia. The geographical boundary focuses on the 10 Southeast Asian countries. Because the regional energy interconnection is affected by many factors and to highlight the major benefits of the regional energy interconnection, the System Dynamics model can be divided into economic benefit subsystem, environment benefit subsystem, resources benefit subsystem and social benefit subsystem, within them, the four subsystems respectively depict the comprehensive benefits of regional energy interconnection in four aspects of economy, environment, resources, and society. The basic assumptions of the model include:
Assuming that the region’s economic development is stable without major social fluctuations, severe economic crisis and other emergencies, multiple regressions can be carried out through the situations of recent 15 years to predict the comprehensive benefits of regional energy interconnection.
Assuming that local governments, power departments and enterprise managers are all “rational brokers” and all of them follow the general laws of economic market development.
Assuming that the government will impose environmental tax and carbon tax in appropriate years in order to protect the local environment and tackle the climate change.
3.3.2 Parameter setting
The basic parameters of the model include: The data about generation capacity of clean energy comes from Southeast Asia Energy Interconnection Planning Research Report (GEIDCO); The data about current situation and forecast of GDP comes from the ASEAN energy center; The data about population status and prediction comes from the United Nations; Trend of Levelized Cost of Energy (LCOE), detailed information is shown in Figure 2. Data come from the Southeast Asia Energy Interconnection Planning Research Report (GEIDCO).
[image: Line graph showing the levelized cost of electricity from 2017 to 2039 for coal, gas, solar, and wind. Coal and wind costs decrease significantly, gas remains steady, and solar drops slightly.]FIGURE 2 | Trend of LCOE.Detailed data information on other model parameters can be found in Supplementary Appendix 1.
3.4 The construction of regional energy interconnection system dynamics model
The benefit analysis of regional energy interconnection is mainly divided into four aspects: economic benefit, social benefit, resource benefit and environmental benefit. The detailed feedback relationships of the four subsystems are shown in the Supplementary Appendix.
3.4.1 Economic benefit subsystem
The construction and development of regional energy interconnection first generates economic benefits and has a strong relationship with local GDP and infrastructure investment. The main feedback relationships in the economic subsystem include:
	1. Economic efficiency index → + regional GDP annual growth rate → + regional GDP total amount → + electric power growth GDP → + economic benefit index
	2. Carbon dioxide emission quota → + benefits of carbon emission right→ + total profit → + economic benefit index
	3. The proportion of clean energy in power infrastructure investment → + the proportion of clean energy generation in total power generation → + clean energy generation → + unit power supply cost of clean energy → + economic benefit index
	4. The proportion of clean energy in power infrastructure investment → + the proportion of clean energy generation in total power generation → + the investment of power infrastructure → + the amount of clean energy investment → + unit power supply cost of clean energy → + economic benefit index

3.4.2 Environmental benefit subsystem
Regional energy interconnection development plays an important role in reducing pollutant emissions and protecting the local ecological environment.
The environmental benefit subsystem reflects the overall situation of energy interconnection development in reducing regional pollutant emissions and measures the improvement of regional environment. The main feedback relations in the system include:
	1. The proportion of clean energy generation in total power generation → + clean energy generation → + carbon dioxide emissions reduction from alternative clean energy generation → + total carbon dioxide emission reduction → + environmental benefit index
	2. The proportion of clean energy generation in total power generation → + clean energy generation → + sulfur dioxide emissions reduction from alternative clean energy generation → + environmental benefit index
	3. The proportion of clean energy generation in total power generation → + clean energy generation → + nitrogen oxides emissions reduction from alternative clean energy generation →+ environmental benefit index
	4. The proportion of clean energy generation in total power generation → + clean energy generation → + solid waste emissions reduction from alternative clean energy generation → + environmental benefit index

3.4.3 Resource benefit subsystem
The development of energy interconnection has a significant effect on the regional resource utilization efficiency. By developing clean energy, reducing local fossil energy consumption and water consumption, the local resource utilization efficiency is improves. The main feedback relationships in the resource benefit subsystem include:
	1. The primary energy transformation efficiency of clean energy → + primary energy transformation efficiency → + resource benefit index
	2. Electric vehicle ownership → + total mileage of electric vehicles → + fuel saving by electric vehicles → + fossil energy consumption reduction by electric vehicles → + resource benefit index
	3. The proportion of clean energy generation in total power generation →- the proportion of coal power generation in total power generation → + total resource utilization efficiency → + resource benefit index
	4. The increasing amount of electricity consumption in the whole society → + newly power generation → + total power generation → + clean power generation → + fossil energy consumption reduction → + resource benefit index

3.4.4 Social benefit subsystem
The construction of power infrastructure requires a large number of labor forces and technology talents. At the same time, the development of power grid plays an important role in promoting local employment, poverty reduction and resident’s livelihood, besides that, it also eliminates the population lacking electricity and improves the living and medical level of the local resident.
The social benefit subsystem is mainly affected by the number of newly employment, the number of people lacking electricity and the proportion of science and research inputs in the total profits. The main feedback relations in the system include:
	1. Population growth rate → + regional population → + per capita GDP → + newly employment → + social benefit index
	2. The proportion of clean energy in power infrastructure investment → + the proportion of clean energy generation in total power generation → + the newly installed capacity → + the newly employment number → + social benefit index
	3. Government levy coefficient → + power public welfare fund → + population lacking electricity → + social benefit index
	4. Network loss rate → - total power generation → + the newly installed capacity → + the newly employment number → + social benefit index

As an index to evaluate the comprehensive benefits of establishing the regional energy interconnection, the comprehensive benefit index of regional energy interconnection is affected by economic benefit index, environmental benefit index, resource benefit index and social benefit index and the four benefit indexes are obtained by weighted average. Finally, the System Dynamics causal model can be constructed, and Figure 3 showed a simplified representation of the above relationships from four subsystems.
[image: Diagram illustrating the comprehensive benefits of energy interconnection, categorized into economic, resource, social, and environmental benefits. Economic benefits include factors like GDP and electricity sales revenue. Resource benefits highlight efficient energy generation and resource use. Social benefits encompass new job growth and expanded electricity access. Environmental benefits focus on CO2 emission reduction and replacement of fossil energy consumption. Arrows show interconnections among these elements.]FIGURE 3 | System dynamics causal model.3.5 Main equations of system dynamics
3.5.1 Economic subsystem
The increasing of electricity consumption GDPe can be calculated by the whole society electricity consumption increasement, total electricity consumption and total GDP, as shown in Formula 3:
GDPe=Cnew×GDPCall(3)
Among them, GDPe is the growth GDP of electricity consumption, Cnew is the increase of social electricity consumption, Call is the total electricity consumption and GDP is the regional total GDP.
Benefits of carbon emission right Bc is determined by the unit price of carbon tax, carbon dioxide emissions and carbon dioxide emission quota. The Formula 4 is as follows:
Bc=taxc×CO2−Q−CO2−coal−CO2−gas(4)
Among them, Bc is benefit of carbon emission right, taxc is unit price of carbon tax, CO 2-quota is carbon emission quota, CO2-coal and CO2-gas are carbon dioxide emissions of coal and gas respectively.
3.5.2 Environment subsystem
Carbon dioxide emissions reduction can be calculated from clean energy generation, as shown in Formula 5:
COe=Gcln×cocoal(5)
Among them, Gcln is the generation of clean energy and cocoal is the carbon dioxide emission per unit of electricity, which is equal to 8.7 × 10−4 tons/kWh, respectively listed by Yao et al. [53].
The reduction of sulfur dioxide emissions is mainly determined by the alterative clean energy generation. The calculation Formula 6 can be expressed as:
SO2=Gcln×socoal(6)
Among them, Gcln is the generation of clean energy and socoal is the carbon dioxide emission per unit of electricity, which is equal to 9.0 × 10−6 tons/kWh, respectively listed by Yao et al [53].
3.5.3 Resource subsystem
The primary energy conversion efficiency Tr can be calculated by the proportion of clean energy generation and the proportion of fossil energy generation, as shown in Formula 7:
Tr=Tcln×pc+Tth×pth(7)
Among them, Pc is the proportion of clean energy generation and Pth is the proportion of fossil energy generation. Pth can be further subdivided into two sub-items: the proportion of coal-fired power generation and the proportion of gas-fired power generation, i.e., Pth = Pcoal + Pgas. The relevant data are all obtained from the Data & Statistics database under the International Energy Agency (IEA). The primary energy conversion efficiency of clean energy Tcln is 100%. The primary energy conversion efficiency of coal and natural gas are 32∼42% and 32∼38% respectively listed by Tan et al. [54].
Fuel saving of electric vehicles OEV can be calculated by the unit fuel consumption of vehicles and the annual mileage of electric vehicles, as shown in Formulas 8, 9:
mEV=maverage×nEV(8)
OEV=mEV×Okm(9)
Among them, mEV is the annual total mileage of electric vehicles, maverage is the annual average mileage of vehicles, nEV is electric vehicle ownership, OEV is the fuel saving of electric vehicles, and Okm is the fuel consumption per km of vehicles.
3.5.4 Social subsystem
Research investment is calculated by the total income of the power industry and the research input factors, as shown in Formulas 10, 11:
REs=PROelec×Pre(10)
Pre=0.02×pc(11)
Among them, Pre is the scientific research input factor, pc is the proportion of clean energy generation, and PROelec is the total income of the power industry.
The newly employment in the power industry is determined by the annual increase of various types of installed power facilities and the production, construction, operation, maintenance and fuel supply factors of each type of installed power facilities, as shown in Figure 4. Further considering the technological progress factor and introducing attenuation factor, the calculation Formula 12 of newly employment in the power industry is as follows:
Je=∑Cx·Jx·αx(12)
[image: Flowchart illustrating the interconnections between newly installed capacities and employment in the power industry. Arrows link thermal, hydro, wind, solar, biomass, and geothermal power capacities to their growth rates and employment opportunities, emphasizing the cyclical nature of energy production and job creation.]FIGURE 4 | Calculation model of new employment.Among them, Cx is the new installed capacity of a certain energy type, Jx is the people number factor required by the production, construction, operation and fuel supply of the corresponding energy type, and α is the corresponding attenuation factor.
αx=αx·tech·αx·lab αx·lab=1−β(13)
The above parameters are specifically applied in Formula 13 to calculate the newly employment in the power industry. The attenuation factor αx integrates the dual impacts of technology and the labor market. αx·tech measures the degree to which automation and AI technologies lead to the replacement of jobs in the power industry, reflecting the impact of technology on labor demand. αx·lab is related to the labor market, and the unemployment rate is incorporated into the adjustment through the coefficient β. The higher the unemployment rate, the smaller αx·lab is. The attenuation factor as a whole decreases as the unemployment rate rises, reflecting that an abundant labor supply will correspondingly reduce the labor demand in the power industry. The above data are from the Asia-Pacific Employment and Social Outlook 2024 released by the International Labour Organization (ILO).
3.6 Evaluation process of regional energy interconnection comprehensive benefit
This study uses regression analysis and analytic hierarchy process to quantify the comprehensive benefits of regional energy interconnection in terms of economy, society, environment and resources. The overall research process is shown in Figure 5.
[image: Flowchart illustrating a process. It starts with "System dynamic" and "AHP" branches. "System dynamic" leads to "Analyze the relationship of indicators" and "Determine the dynamic factor." "AHP" leads to "Determine indicators weight." Both paths converge at "The comprehensive Benefit Analysis model of regional energy interconnection," followed by "Simulation of typical areas," and ends with "Determine the optimal development plan."]FIGURE 5 | Research flow diagram.The equations between different factors can be obtained by regression analysis of historical data, and the relational expression can be calculated by the regression analysis tool. If Multiple R is greater than 0.95 and the error P value is less than 0.05, it can be considered that there is a linear relationship between the indicators and the relational expression can be determined.
The paper uses the maximum and minimum normalization method to obtain the normalization results of the related indexes of each benefit index. The principle of the method is to carry out linear transformation of the original data in order to make the final result falling within the range [0,1]. The transformation formula is as follows:
If the index x is positive related to the benefit index, this is calculated using Formula 14,
Xn=xn−minxmaxx−minx(14)
If the index x is positive or negative relative to the benefit index, this is calculated using Formula 15,
Xn=maxx−xnmaxx−minx(15)
Among them, Xn is the normalized result with the relative benefit index, and xn is the index value in the year n, minx and maxx are the minimum and maximum values among all of the indicators respectively defined by He [55].
The weight of each factor is determined by the analytic hierarchy process [56]. By means of the score results of relevant experts, the weight of each benefit index is calculated by comparing the relations of importance among various factors, then further obtains the calculation results of each benefit index.
4 RESULTS
4.1 System authenticity inspection
The overall model of the study is based on the Vensim software, and the input variables are related parameters, which are established in terms of equations within the software. To meet the requirements for research reproducibility, some of the data involved in the simulation process have been collated, and the specific contents are shown in Supplementary Appendix 2, 3. Brighthub Engineering and [57], in order to verify the effectiveness of the regional energy Interconnection comprehensive benefit analysis model, and to better use the System Dynamics model for predicting the changing trend of the regional energy Interconnection comprehensive benefit, the study inspects the authenticity of variables simulated by the system from 2005 to 2015, and shrinks the related error of simulation data fitting with historical data within 5% by modifying and improving various indicators through inspections. To demonstrate the degree of the model’s fit to historical data, key quantitative validation indicators are listed in Supplementary Appendix 4 to supplement the model validation content.
4.1.1 Sensitivity
This section conducts a systematic sensitivity analysis to address the uncertainties in model parameters and enhance the credibility of the research. The key parameters, including the clean energy proportion (P_c) and GDP growth rate (g), are selected for analysis, and the sensitivity coefficient S is used to quantify the impact of parameter changes on the comprehensive benefit.
4.1.1.1 Calculation of sensitivity coefficients
The sensitivity coefficient S is calculated using the Formula 16:
S=Change Rate of Comprehensive BenefitChange Rate of Parameter(16)
When the clean energy proportion changes from 30% to 50%, the comprehensive benefit increases by 15.2%. The sensitivity coefficient is calculated as:
SPc=15.2%20%=0.76
When the GDP growth rate changes from 8.0% to 5.0%, the comprehensive benefit increases by −9.7%. The sensitivity coefficient is calculated as:
Sg=−9.7%3%=−0.323
4.1.1.2 Threshold and sensitivity classification
Following the criterion proposed, a sensitivity coefficient |S| > 0.3 is defined as a strong sensitivity.
4.1.1.3 Analysis of results
With a sensitivity coefficient of 0.76 (>0.3), the clean energy proportion has a significant impact on the comprehensive benefit. Adjusting the clean energy proportion can effectively influence the comprehensive benefit, which is crucial for policy-making aimed at improving comprehensive benefits. However, attention should also be paid to potential side effects, such as increased costs.
A sensitivity coefficient of 0.323 (>0.3) indicates that the GDP growth rate is also a critical factor affecting the comprehensive benefit. Rapid economic growth can drive up the comprehensive benefit.
In summary, this sensitivity analysis identifies the strong sensitivity of the clean energy proportion and GDP growth rate to the comprehensive benefit. These findings highlight the need for precise setting of these key parameters in the model and provide a basis for addressing parameter uncertainties. By clarifying the impact of parameter changes on the results, the credibility and robustness of the model are enhanced.
4.2 Multi-scenario index analysis of energy interconnection in Southeast Asia
4.2.1 Scenario assumptions
This study constructs three scenarios: Quick Carbon Peaking, Slow Carbon Peaking, and Baseline Scenario. The core parameters are closely anchored in authoritative regional plans, international institutional forecasts, and measured data to ensure the scientific rigor and policy relevance of the scenario settings.
In the Quick Carbon Peaking scenario, the clean energy structure is strictly aligned with the Global Clean Energy Industry Development Report (2024–2025) and calibrated with regional measured data.
In the Slow Carbon Peaking scenario, in accordance with the World Energy Outlook, the “Baseload Minimum Security Threshold” is strictly implemented, which is consistent with the current demand for stability in industrial electricity use in Southeast Asia.
For parameters related to GDP growth rate and electricity demand, international authoritative institutional forecasts are cited and transformed through the “population-urbanization-electricity elasticity” correlation model.
Based on the development characteristics of energy Interconnection and the forecast of future development policies in Southeast Asia, the development scenarios are proposed for simulation.
	1. The first scenario is developing clean energy at high speed, and achieving the goal of carbon peaking and carbon neutrality quickly (or quick carbon peaking & neutrality scenario).

Gao et al. [58] proposed that since clean energy plays a vital role in the environmentally friendly development, there should be positive measures taken to promote the development of the clean energy, and put it into quick carbon peaking & neutrality scenario in this case.
	2. The second scenario is developing the clean energy and thermal power in a balanced way, and achieving the goal of carbon peaking and carbon neutrality steadily (or steady carbon peaking & neutrality scenario).

In consideration of the current situation, the government and relevant departments shall take corresponding measures to promote the development of clean energy, making the clean energy generation and thermal power generation in an overall balanced state, and achieve carbon peaking and carbon neutrality steadily.
	3. The third scenario is developing the thermal energy, and achieving the goal of carbon peaking and carbon neutrality slowly (or slow carbon peaking & neutrality scenario).

Clean energy will be in a disordered development state without relevant policies and measures., there will be a high thermal power situation generally based on the current development situation. Carbon peaking and carbon neutrality would be achieved slowly in this scenario.
The generation capacities of clean energy in the three scenarios are shown in Table 1; GDP, population and LCOE are shown in Table 2, Table 3 and Figure 2.
TABLE 1 | Power generation mix in Southeast Asia.	Unit(TWh)	Quick carbon peaking & neutrality scenario	Steady carbon peaking & neutrality scenario	Slow carbon peaking & neutrality scenario
	Total Power Generation	3,138	3,173	3,098
	Thermal Power	1,205	1832	2,326
	Hydro Power	790	586	335
	Solar Power	359	261	120
	Wind Power	320	199	104
	Geothermal Power	147	88	58
	Nuclear Power	86	76	37
	Biomass Power and Else	232	130	117


TABLE 2 | GDP forecast in Southeast Asia.	GDP (billion USD)	Year 2015	Year 2035	Year 2050
	Cambodia	45.4	163.4	300.4
	Laos	32.4	124.7	200.6
	Myanmar	496.4	1929.4	4,624
	Thailand	930.8	1917.4	2881.7
	Vietnamese	462.8	1489.6	2373.8
	Brunei	25.5	31.1	36.2
	Indonesia	2382.2	6086.9	10113.4
	The Philippines	6,210	2230.8	4375.3
	Malaysia	676.5	1300.4	1819.3
	Singapore	396.1	588.6	754.1


TABLE 3 | Population forecast in Southeast Asia.	Population (thousand)	Year 2015	Year 2035	Year 2050
	Cambodia	15,520	19,720	22,020
	Laos	6,660	8,420	9,160
	Myanmar	52,400	60,430	62,360
	Thailand	68,660	69,200	65,370
	Vietnamese	93,570	108,990	114,630
	Brunei	420	510	540
	Indonesia	2,58,160	3,04,760	3,21,550
	The Philippines	1,01,720	1,32,670	1,51,290
	Malaysia	30720	38,380	41,730
	Singapore	5,540	6,480	6,570


4.2.2 Scenario simulation
Through analogously simulating the system and comparing and analyzing the key indexes of each subsystem:
4.2.2.1 Economic benefit
.4.2.2.1.1 The GDP growth of electricity power
Vigorous development of clean energy will create a complete industrial chain covering materials, high-end equipment and intelligent manufacturing, while promoting the development of emerging industries such as information and communication systems. By 2050, the GDP growth of electricity power in the three scenarios is expected to be $1.4 trillion, $1.1 trillion and $0.8 trillion respectively.
.4.2.2.1.2 Benefits of carbon emission right
By the year 2050, the carbon emission rights benefits of the three scenarios are expected to reach to $11.3 billion, $6.9 billion and $1.8 billion respectively in Southeast Asia.
.4.2.2.1.3 Generation cost
The regional interconnection of countries with different resource endowments will promote the large-scale development and utilization of clean energy with lower marginal costs, which can reduce the price of electricity across the region effectively, and further reduce the cost of social and economic development. By 2050, the cost of leveling cost per kW hour of the electricity under the quick carbon peaking & neutrality scenario will be about 2 cents lower than it was in 2015.
4.2.2.2 Environmental benefit
.4.2.2.2.1 The reduction of carbon dioxide emission
By the year 2050, the reduction quantities of carbon dioxide in the three scenarios are expected to reach to 1.7 billion tones, 1.2 billion tones and 0.7 billion tons respectively in Southeast Asia.
.4.2.2.2.2 The reduction of sulfur dioxide emission
By the year 2050, the reduction quantities of sulfur dioxide in the three scenarios are expected to reach to 1.8 million tones, 1.2 million tones and 0.7 million tons respectively in Southeast Asia.
4.2.2.3 Resources benefit
.4.2.2.3.1 The energy primary conversion efficiency
With the proportion of clean energy generation increasing, the energy primary conversion efficiency in Southeast Asia will also increasing. By 2050, the energy primary conversion efficiency of the three scenarios are expected to reach to 73%, 63% and 51% respectively.
.4.2.2.3.2 Fuel saving of electric vehicles
With the promotion of electric vehicles, the number of electric vehicles has increased, and the amount of fuel saved by electric vehicles has significantly increased. It is estimated that the number of electric vehicles in Southeast Asia will reach to 136 million by 2050, which will save 366 million tons of fuel.
4.2.2.4 Social benefit
.4.2.2.4.1 Employment opportunities
By the year 2050, the accumulated newly employment in the three scenarios in Southeast Asia will reach to 5 million, 4 million and 2.5 million respectively.
.4.2.2.4.2 Population lacking electricity
Under the scenario of quick carbon peaking & neutrality, the population lacking electricity in Southeast Asia will be basically eliminated by the year 2030. Under the other two scenarios, power supply popularization will be delayed to 2040 and 2045 respectively.
4.2.3 Dynamic action pathway
Between 2030 and 2035, the decline in clean energy costs became a key turning point. The costs of solar and wind power dropped by 30.6% and 28.6% respectively, while coal-fired power costs remained stable. This gap stems from factors such as technological upgrading and large-scale production. At the technical level, an 82% increase in clean energy investment drove its power generation share to rise from 35% to 58%, which in turn reduced energy consumption per unit of GDP and significantly improved efficiency. At the policy level, the implementation of carbon taxes further increased the cost of fossil energy, amplified the competitive advantages of clean energy, and accelerated the accumulation of carbon emission rights revenue, forming a synergy between policy tools and market mechanisms.
In the fast-carbon scenario, clean energy investment drove the development of microgrids, which significantly reduced electricity access costs and accelerated power coverage. The stable-carbon scenario was constrained by the lag in the construction of main grids for thermal power, resulting in slow progress in power supply. In the slow-carbon scenario, due to the lock-in effect of coal-fired power, energy investment was concentrated in traditional fields, leading to a significant decline in electricity access rates. Under different paths, energy structures have different effects on employment promotion. The full-industry-chain layout of clean energy can create more synergistic employment opportunities, while the path dependence on traditional energy limits the release of employment potential.
After 2040, environmental benefits improved at an accelerated pace. When the share of clean power generation crossed the critical threshold, the low-carbon attribute of the energy system was enhanced, and the emission reduction effect was significantly improved. Meanwhile, the large-scale popularization of electric vehicles drove the rapid rise in fuel substitution rates in the transportation sector, and advances in battery technology and cost reduction supported this transformation. The synergistic carbon reduction in these two sectors jointly pushed environmental benefits into a stage of leapfrog growth.
4.3 Combination analysis and simulation of energy interconnection development model in Southeast Asia
After simulating the regional energy Interconnection with the single factor, relevant variables can be changed and by combining the annual growth rates of the regional GDP with various development models, different control scenarios will be formed. Through the System Dynamics simulation of the control scenarios and the comparison of various scenarios, the suitable measures to be implementation can be analyzed under various models.
The annual growth rates of regional GDP is set into three different growth models as high, medium and low which is listed by Yu et al. [59], as shown in Figure 6.
[image: Bar chart showing projected annual GDP growth rates from 2020 to 2050 for high, medium, and low growth scenarios. High growth rates are consistently above medium and low, with rates generally ranging from 3% to 5%.]FIGURE 6 | Setting of annual growth rate for regional GDP.Three different annual regional GDP growth rates models and three different regional energy Interconnection scenarios, nine different regional energy Interconnection combination schemes can be generated, as shown in Table 4.
TABLE 4 | Different scenario under distinct regulation policy combination schemes.	Mode
Scheme
Scenario	Quick carbon peaking & neutrality	Steady carbon peaking & neutrality	Slow carbon peaking & neutrality
	High GDP Growth	Scheme 11	Scheme 12	Scheme 13
	Medium GDP Growth	Scheme 21	Scheme 22	Scheme 23
	Low GDP Growth	Scheme 31	Scheme 32	Scheme 33


The regulatory political combination plans of regional energy Interconnection scenarios are shown in Table 4. The corresponding control parameters are set for simulating, and the simulation results of each variable under each scheme are obtained by adjusting relevant variables in the models, as shown in Figures 7–11.
[image: Bar chart displaying projections from 2020 to 2050 for various schemes (11, 12, 13, 21, 22, 23, 31, 32, 33). Y-axis represents values from 0 to 0.8. Schemes show consistent values until 2040, followed by a significant increase in 2045 and 2050. Various colors represent different schemes as indicated in the legend.]FIGURE 7 | Simulation results of economic benefit index under different scenarios.[image: Bar chart showing the distribution of nine schemes (11, 12, 13, 21, 22, 23, 31, 32, 33) from 2020 to 2050. Each scheme has its own color, and values generally increase over time, with higher values in the later decades.]FIGURE 8 | Simulation results of resource benefit index under different scenarios.[image: Bar chart showing growth projections of different schemes from 2020 to 2050. Each scheme is represented by a colored bar. The values increase over time, with significant growth after 2040. The schemes include Scheme 11 to Scheme 33, each designated by distinct colors.]FIGURE 9 | Simulation results of environmental benefit index under different scenarios.[image: Bar chart showing various schemes from 2020 to 2050, with different colors representing each scheme. The chart illustrates an increasing trend in values over time. Schemes include 11, 12, 13, 21, 22, 23, 31, 32, and 33.]FIGURE 10 | Simulation results of social benefit index under different scenarios.[image: Bar chart depicting multiple schemes from 2020 to 2050. The schemes, labeled as Scheme 11 to Scheme 33, show varying growth patterns over the years. Each scheme is represented by different colored bars, illustrating changes over time.]FIGURE 11 | Simulation results of comprehensive benefit index under different scenarios.Through the analysis of Figure 7, the conclusion can be drawn that under the rapid GDP development situation in the future, quick carbon peaking & neutrality scenario is more suitable for the regional economic development. Improving the proportion of clean energy generation is good to the impacts of clean energy on promoting social and economic system, furthermore, accelerates the regional GDP growth by feedback. Through longitudinal comparison, it can be concluded that under the three scenarios, quick carbon peaking & neutrality scenario has the most obvious benefit differences, indicating that the development of clean energy has a significant promotion effect on GDP.
Through the multi-scenario simulations and analyses of the resources and environmental benefits, the quick carbon peaking & neutrality scenario achieves good environmental and resource benefits under the three GDP growth models. With the GDP growth rate is increasing, the increasing benefits of the quick carbon peaking & neutrality scenario are significant in terms of resources and environments. Therefore, under the high GDP growth model, there will be a better improvement of resources and environments with the priority development of clean energy. If the economic growth rate slows down, the quick carbon peaking & neutrality scenario still has the best environmental benefits. At this time, the steady carbon peaking & neutrality scenario also has certain resources and environmental benefit and reduces certain clean energy investment relatively.
Through the multi-scenario analyses of social benefits, the conclusion can be drawn that the change of social benefit index is not significant and the reactions of three scenarios are not sensitive when the GDP growth rate is increasing, but under the same GDP growth model, the quick carbon peaking & neutrality scenario has the best social benefits, with the index between 0.82 and 0.91, which is significantly higher than the other two scenarios.
By comparing nine different scenarios, the economic benefit index, resource benefit index, environmental benefit index, social benefit index and regional energy Interconnection comprehensive benefit index are affected by both economic development level and clean energy situation. Under the scenario of high GDP growth model, the scenario of quick carbon peaking & neutrality scenario has obvious advantages in economic benefit index, resource benefit index, environmental benefit index, social benefit index and regional energy Interconnection comprehensive benefit index, with the highest comprehensive efficiency index of 0.79 until 2050 in scheme 11. Under the scenario of medium speed GDP growth model, the comprehensive benefits of quick carbon peaking & neutrality scenario is still in a dominant position, at the same time, the steady carbon peaking & neutrality scenario is not only good to release the investment cost of clean energy construction, but also have good economic, social, resource and environmental benefits, with the efficiency index of 0.59, 0.40, 0.69 and 0.72 respectively. Under the scenario of low GDP growth model, though the comprehensive benefits of the quick carbon peaking & neutrality scenario is the best, its relative advantage is lower than that in the medium and high GDP growth models. Under the circumstance of limited investment, the steady carbon peaking & neutrality scenario can be taken as an alternative.
5 IMPLICATIONS
5.1 Determine the economic, social, resource, and environmental benefits of the energy interconnection
This paper builds a comprehensive benefit evaluation model of the regional energy interconnection, which puts forward the concept of regional energy interconnection comprehensive benefit index and reflects the regional energy interconnection development benefit in the medium and long-term through the economic benefit index, social benefit index, resource benefit index and environment benefit index comprehensively.
This study introduces the data of Southeast Asia into the model for simulation in terms of economic and social development and energy market. The findings are as follows:
	1. In the short term, the construction of regional energy interconnection and the development of clean energy replacing traditional energy cannot push the economic growth, but in the medium and long term, it will increase the infrastructure investment, promote the coordinated industrial chain development and increase employment rate. Especially under the background of the carbon tax policy of the future government, the development of energy-saving will improve the profits of relevant energy enterprises.
	2. In the medium and long term, the development of regional energy interconnection with clean energy replacing traditional energy as the path will make important contributions to eliminate the population lacking electricity and population living in poverty. It can be found that the population lacking electricity in Southeast Asia will be basically eliminated around 2035 through systematic simulation,
	3. Developing clean energy vigorously plays an important role in improving the local energy efficiency and forming a green and sustainable energy utilization pattern. It can be found that the regional energy utilization efficiency can reach to 80% by taking the clean energy replacement as the path around 2040 through systematic simulation.

Studies by the International Renewable Energy Agency (IRENA) and the ASEAN Centre for Energy (ACE) further clarify that the implementation of regional energy interconnection projects, the enforcement of mandatory energy efficiency standards, and the promotion of clean energy substitution policies can significantly improve primary energy conversion efficiency, with the improvement range reaching 75%–85%.
	4. The development of clean energy replacing traditional energy has played a positive role in CO2 emission reduction, which reduces 2.4 times of the total amount of CO2 than using traditional energy.

In conclusion, in the short term of 5–10 years, the development of regional energy interconnection with clean energy replacing traditional energy causes the increase of investment and reduces the enterprises’ profit, but in the long term of 15–30 years, energy interconnection development is good to eliminate the population lacking electricity, eliminate population living in poverty, improve energy utilization efficiency, promote the economic development quality, increase the regional employment rate and reduce CO2 emissions, etc. This paper makes a quantitative analysis of the comprehensive benefits of the above regional energy interconnection development, and clarifies the influence of the energy interconnection on regional economic and social development through the system dynamics model.
5.2 Evaluation of the model
The comprehensive benefit evaluation model of regional energy interconnection constructed in this paper can evaluate the development level of social economics and energy market in a certain region. Moreover, simulate and analyze the future development path and mode. The model has the characteristics as follow:
	1. The model using the method of system dynamics theory, systematically and fully reflects the energy interconnection development benefits from the medium and long term, coordinated and unified the development of energy interconnection with the regional economic, social and environment, determines the interaction mechanism and finds the benefit of energy interconnection on local economics, society, environment and resource in the medium and long term.
	2. The model combines quantitative analysis with qualitative analysis and reflects the development of regional energy interconnection objectively through the authenticity test. Meanwhile, due to the uncertainty of the development of the future world, there are different development scenarios of regional GDP development level. The model conducts a comparative analysis of multiple scenarios for different scenarios of regional GDP development, full plays the advantages of system dynamics as “laboratory” in terms of economic and social policy and clarifies the development path of the regional energy interconnection.
	3. The model is certainly applicable and universal. In Southeast Asia, due to the development levels of economic and social are balanced and the development foundation of hydropower is good, countries are exploring the typical energy interconnection development mode with clean energy replacing traditional energy. Therefore, through the model, the conclusion can be drawn based on collecting relevant data, simulation analysis and policy analysis. In the future, the model can be used to evaluate the comprehensive benefits of energy interconnection in other regions, such as Latin America, West Asia and North Africa, etc.

6 CONCLUSION
This study is based on System Dynamics, constructs the comprehensive benefit analysis model of regional energy interconnection and simulates the system using the example of economic and clean energy development system in Southeast Asia. Besides that, the study designs three carbon peaking & neutrality scenarios, evaluates the comprehensive benefits under the three economic development modes using the evaluation model, and identifies the optimal development mode and path under different scenarios.
The findings are that the development of energy interconnection plays a positive role in driving economic growth, eliminating social problems such as population lacking electricity and poverty, and improving the efficiency of resource utilization and ecological environment. Under the same level of economic development, the quick carbon peaking & neutrality scenario should be chosen, at the same time, regional economic development level plays a positive role in promoting the development of regional energy interconnection. Under the same economic development level, comparing the different carbon peaking & neutrality scenarios, it can be find that the quick carbon peaking & neutrality scenario has a greater effect on the resource and environmental benefit, showing that the development of clean energy is good for the environment, with the GDP growth increasingly, the sensitivity of economic benefits index in quick carbon peaking & neutrality scenario is good, which will increase rapidly. When GDP growth is low, the dominant position of the quick carbon peaking & neutrality scenario declines, the steady and slow carbon peaking & neutrality scenario can be used as an alternative because they can alleviate investment pressure. Therefore, there should be scientific positioning and systematic planning when choosing the quick carbon peaking & neutrality scenario.
Given the differences in development stages and energy demands among Southeast Asian countries, to enhance the relevance and operability of policy recommendations, this section analyzes policies from three dimensions: resource classification, development stage, and model parameters. All recommendations are based on the empirical data and model conclusions of this paper.
For fossil energy-dependent countries such as Indonesia and Vietnam, which have a high proportion of coal-fired power and prominent carbon emission intensity, it is recommended to implement a “coal-fired power capacity replacement mechanism,” i.e., for every 1 GW of new clean energy added, 0.8 GW of coal-fired power should be phased out. At the same time, relying on regional advantages, cross-border carbon capture hubs should be established, and CO2 storage revenues should be incorporated into the regional compensation mechanism to balance the transformation costs.
For countries with high clean energy potential such as Laos and Myanmar, Laos has hydropower potential exceeding 26GW, and Myanmar is rich in photovoltaic resources. These countries are suitable for prioritizing the development of “hydropower-photovoltaic complementary projects” and supporting the China-Laos-Thailand transnational UHV transmission corridors. A “clean energy export tax rebate” policy can be established to reduce electricity costs through cross-border power transmission and encourage cross-border green electricity trade.
For urban high-load countries such as Singapore and Malaysia, Singapore has concentrated electricity load and limited clean energy resources. It is recommended to promote the “distributed photovoltaic + electric vehicle” model, and at the same time implement dynamic carbon taxes on high-energy-consuming fields such as data centers, and improve system flexibility by combining the fuel replacement benefits of electric vehicles.
Due to the differences in economic development levels among countries, the pace of transformation must be gradual to avoid a “one-size-fits-all” approach.
For underdeveloped countries such as Cambodia and Laos, the core contradiction lies in the balance between carbon reduction and poverty alleviation. In the short term (2025–2030), it is advisable to adopt the “stable carbon peak” model (Scheme 22), retain 30% of coal-fired power to ensure employment, and allocate 30% of clean energy investment to rural power grids. In the medium and long term, gradually shift to the “fast carbon peak” model, and absorb green electricity from countries such as Thailand through cross-border interconnection.
For emerging industrial countries such as Vietnam and Indonesia, which face conflicts between industrial electricity demand growth and environmental constraints, it is necessary to implement an “industrial green electricity quota system,” requiring high-energy-consuming industries such as electronics and textiles to have a green electricity proportion of no less than 40%. At the same time, a floating carbon tax mechanism should be introduced for steel mills and chemical plants. When GDP growth exceeds 7%, the tax rate should be increased to balance economic growth and emission reduction goals.
The contribution of the study is to propose a completely systematic model and method for evaluating the comprehensive benefits of energy interconnection and conduct a comprehensive benefit analysis of the development of energy interconnection from multiple dimensions in terms of economic, society, resources and links, which plays a guiding role in analyzing the comprehensive benefits of regional energy interconnection construction in the future.
The limitations of the study are that the applicability of the model needs to be further improved, some data are derived from the existing data, and the accuracy needs to be improved. The future study is to tease the influence of the development of energy interconnection on the entire energy industry chain further, build a complex system for the development of energy interconnection, study the characteristics and mechanism of the complex system, and analyze the influence of the development of energy interconnection more systematically and comprehensively.
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Introduction: This study provides a novel, system-wide framework that integrates food and economic systems using networked input–output.
Methods: We demonstrate this framework in analyzing food system resilience to real and simulated sector-level shocks, yielding insights into how structural vulnerabilities within the economy can compromise the food system and vice versa. The nested and networked approach of considering the food system as embedded within the overall economic system, enables predictions within and across both systems as they relate to one another. We focus on recovery and resiliency after a shock by evaluating the U.S. food and economic system in 2007 and 2012, a period covering a major financial downturn.
Results and Discussion: We find that between 2007 and 2012, the majority (82.2%) of food systems sectors increased in centrality compared to other sectors within the economy, showing how the food system became more integral in the overall economic system during and after the financial crisis. Further, we demonstrate that simulated removal of sectors with the highest centrality in the economic system leads to a decrease in overall network density, clustering, degree, and weighted degree—highlighting vulnerabilities within each economic sector with the potential to propagate system-wide. We draw timely attention to the critical role of scientific research as an important sector within the economy that requires relatively little funding input but amplifies economic outputs across the food system and other economic sectors. We conclude by warning about the bias produced in analyzing food system dynamics outside of overall economic systems and urge future research to consider a nested food-economic model.
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Introduction


Why focus on food system resilience?

As election debates continuously highlight, the price of groceries remains a salient motivator at the polls. Urban riots reveal how political combustible any food insecure populations can be, and political volatility in one city can lead to further destabilization and food insecurity well beyond. One of the key analytical tools for safeguarding food and economic security is to predict areas of vulnerability and their networked, interdependence with the greater universe of allied economic sectors. Predictions of various failure scenarios provide insights into overall resilience and recovery from shocks within particular sectors.

Scholars and policymakers are increasingly recognizing the need to model how shocks propagate across economic and food systems. For its part, the food system encompasses the processes that require inputs to generate outputs involved in feeding a population, including growing, harvesting, processing, packaging, transporting, marketing, consuming, and disposing of food (Hawkes, 2009; Sobal et al., 1998; Ericksen, 2008; Tu et al., 2019). Each aspect of the food system is subject to climate, social, and economic disruption through pricing, policies, or localized disaster. For example, localized failure can result from crop disease (as in the potato famine of 1845) or closure of central processing plants (as in the closure of slaughter houses during COVID-19). Changes induced by various economic, political, climate, markets, and infrastructural factors can also disrupt food supply at multiple levels, from growing food to distributing supplies (Davis et al., 2021; Watson et al., 2017). Even when components of the food system are resilient in the face of different shocks and crises, expected outcomes such as food and nutrition security are not always guaranteed for all (Piters et al., 2021)—a finding we explain is due to the food system being nested within the overall economic system where some communities cannot afford to access the food that is produced and delivered.

Given the increasing occurrence of political, socio-economic, and environmental instability with climate change and extreme weather events (Cottrell et al., 2019), it is critical to understand how food systems react to shocks and stressors, as a food-insecure population can rapidly cause disruption in many other sectors. We define food system resilience as the capacity to withstand shocks or rapidly recover in the face of stressors.

This research advances the field by demonstrating that food system resilience requires conceptualizing the food system as an integral part of the broader economic, political, and environmental systems. The intensification of modern scientific and engineering methods in farming, processing, and distribution technologies further reinforces the connection between the food system and the rest of the economic system (Matson et al., 1997). Yet, a review by Tendall et al. (2015) shows that most studies on food system resilience lack a systems approach, focusing instead on selected segments such as agricultural production or specific stages in the food value chain (Van Apeldoorn et al., 2011; Soane et al., 2012) or particular components of resilience like adaptability and transformability (Walker et al., 2009), cascading effects in regime shifts (Kinzig et al., 2006), or specific outcomes and contexts, e.g., food security in emergency situations (Pingali et al., 2005). Given that resilience varies across locations, time, and scales, vulnerability to shocks should be correspondingly analyzed over time and across food system components (Tendall et al., 2015; Konar et al., 2018).

Measuring the resilience of food systems through simulated shocks is a critical approach to understanding the ability to withstand and recover from various disruptions. By subjecting food systems to simulated shocks, researchers can assess vulnerabilities and identify strategies to enhance resilience. Several studies have employed this methodology, modeling the food system as a network (Karakoc and Konar, 2021; Lin et al., 2019; Gephart and Pace, 2015; Brinkley et al., 2025). Building on such network studies, Burkholz and Schweitzer (2019) explore the impacts of cascading shocks on global crop trade networks from 176 countries across 21 years. Their findings highlight the role of higher order trade interactions, and they note that “networks reveal hidden dependencies between countries” that are likely the result of economic and trade agreements beyond crops (Burkholz and Schweitzer, 2019, p. 1). Similarly, in modeling commodity price shocks related to the Ukraine-Russia war, Laber et al. (2023) demonstrate how a localized shock to agricultural production in one country can create food shortages well beyond immediate trade partners. While such simulated shocks help assess losses from weather events like drought to identify critical vulnerabilities, authors note that networked food supply models often treat each commodity in isolation of the broader food system, neglecting how products may be further processed or used. Along these lines, studies do not always nest the food system within the broader economic system and therefore miss the buffering and propagating impacts of economic sectors that feed into the food system.

Similarly, recent studies leverage input–output (IO) frameworks to quantify food-system resilience under shocks. For example, Revoredo-Giha and Dogbe (2023) applied a dynamic inoperability IO model (DIIM) to Scotland’s economy, simulating a ~ 60% demand collapse in hospitality and tracking recovery paths. They computed sectoral “resilience coefficients” and inoperability trajectories, finding that preserved meats and agriculture recovered fastest (high coefficients) while soft drinks and other food processors recovered slowest (coefficients ≈0.1). This dynamic IO approach explicitly models how an initial shock cascades through intermediate demand, incorporates adaptive strategies (e.g., telework or inventory buffers as higher resilience parameters), and yields recovery times and cumulative losses for each sector. Huang et al. (2025) synthesize 26 empirical studies to assess how global food supply systems (FSS) respond to sudden shocks like COVID-19 and natural disasters, emphasizing that systems with strong operational, relational, and structural attributes are best positioned for recovery, adaptation, and transformation. However, they find that while many FSS display short-term adaptability, few convert these coping mechanisms into long-term structural reforms, especially in resource-constrained settings. Rocha Aponte (2024) used Leontief–Ghosh IO analysis on Norway’s seafood sector, revealing strong backward/forward linkages and low import dependence. The fisheries/aquaculture sector remained stably connected to food, beverage and tobacco industries even amid COVID, suggesting adaptive supply-chain policies that maintained resilience. Together, these modeling studies—from Scotland to Norway (and by extension U.S. analyses using similar DIIM methods)—show how systemic shocks propagate through food networks. They identify vulnerable sectors and quantify recovery dynamics, informing policies (e.g., diversification or local sourcing) to bolster cross-sector resilience.

In building from these studies, this research combines methods in input–output modeling with a network approach to understand value creation and economic functionality of the food system within the broader economic system. We utilize the concept of the input-supply network, where an economy is described through a set of specialized production units or nodes, each relying on the flow of inputs from their suppliers to produce their own output, which in turn is routed towards other downstream units, forming a production network (Carvalho and Voigtländer, 2014; Lin et al., 2014). Production units are measured in dollar value. While a production network approach does not include household food consumption, Taschereau-Dumouchel (2019) points out that understanding the structure of the production network is key to determining whether and how microeconomic shocks affecting only a particular node propagate throughout the economy and shape network outcomes. Such shock propagation will ultimately affect the main outcome of the food system, which is food and nutrition security, by impacting the availability and pricing of food. Further, our dataset covers the global food crisis of 2008, when a convergence of different market shocks and disruptions in food production caused dramatic increases in global food prices and food shortages (Headey, 2011).

Input–Output (I-O) captures the interdependence of different sectors in an economic system. This interdependence is critical for understanding how shocks propagate through the system (Miller and Blair, 2009). Several studies have applied I-O models to measure economic resilience. For example, Hallegatte (2008) used an I-O model to simulate the economic impacts of natural disasters, finding that the resilience of an economy largely depends on its ability to substitute inputs, which can be measured using I-O tables. Koks and Thissen (2016) extended this approach by considering the resilience of global supply chains, showing how I-O tables can capture the global propagation of local shocks. Infrastructure systems are also increasingly being studied using I-O models. Haimes (2009) argued that I-O models can measure the resilience of infrastructure systems by capturing their interdependence. This approach was later applied by Ouyang and Dueñas-Osorio (2012), who used an I-O model to measure the resilience of interconnected infrastructure systems after a natural disaster. I-O models have also been used to measure the resilience of ecological systems. Finnoff and Tschirhart (2008) used an I-O model to capture the interaction between economic and ecological systems and measure their resilience. Avelino and Hewling (2019) used I-O tables to examine the resilience and adaptability of regional economies, highlighting the role of economic concentration and activity outflow in shaping regional resilience. Inoue and Todo (2019) used I-O tables to examine how shocks propagate at the firm level through supply-chain networks, providing valuable insights into the resilience of individual firms and their supply chains, and by extension, the resilience of the systems in which they operate. Contreras and Fagiolo (2014) found that (i) the more a sector is globally central in the country network, the larger its impact; and (ii) the largest European countries, such as those constituting the core of the European Union’s economy, are more vulnerable to economic shocks. The model developed by Carvalho (2014) explicitly highlights the role of input-supply linkages, where an idiosyncratic shock affecting a single sector is transmitted to its downstream neighbors in the network and, via the latter, propagates further downstream to other production nodes indirectly connected with the original sector.

Despite these promising applications, several challenges remain in using I-O tables to measure system resilience. For one, I-O models are linear, which may not adequately capture the non-linear behavior of real-world systems (Dietzenbacher and Los, 1997). Furthermore, I-O tables are typically static, making it difficult to capture dynamic changes in system resilience (Acemoglu et al., 2012). Addressing these challenges will require the development of more advanced I-O models and the integration of I-O models with other modeling approaches.

To address these shortcomings, we combine the standard input–output (I-O) framework developed by Leontief (1949) with a network approach. In the context of complex networks, by combining food and non-food sectors, the use of I-O tables avoids truncation bias as explicit food system nodes may have multiple linkages with nodes or sectors outside the mainstream food system. For example, chemistry (for fertilizers and pesticides) and machinery (for agricultural equipment) are critical to farming activities. By using a networked I-O approach, we are also able to quantify the bias in more truncated systems measures of resilience that focus only on the food system and not the greater economic system. Studies on other sectors of the economy note that node or sector removal simulations based on highest degree (Albert et al., 2000; Callaway et al., 2000; Cohen et al., 2001) or highest betweenness centrality (Magoni, 2003) have the ability to propagate.

We use a network centrality approach, which allows for multiple features of the system to be observed by implementing node deletion scenarios. Deng et al. (2007) argue that node deletion does not necessarily destroy the connectedness of a growing network if the increasing rate of edges is not excessively small. Early studies on network resilience focusing on node deletion assume that once the system has fallen apart, some key functions or features may be lost (Albert et al., 2000); for example, it is expected that once a critical number of server nodes are down, the internet will collapse. This study explores how the food system operates without the overall economic system and vice versa. We also highlight vulnerable sectors that can drastically change system functionality.

While node deletion simplifies the complex nature of economic systems, it is employed here as a stress-testing tool to identify structurally fragile sectors within the network. Crucially, removing a node inherently eliminates all of its associated edges—effectively severing that sector’s connections to the rest of the network. This means that node deletion can also be interpreted as a form of targeted edge deletion, representing the abrupt disruption of critical intersectoral linkages such as supply chain dependencies or technological collaborations. From this perspective, the approach offers a useful proxy for simulating realistic economic shocks without the need to model every potential mode of partial failure explicitly. This interpretation addresses concerns about the realism of node deletion by situating it within a broader framework of network disruption analysis.




Methods

Any system can be represented as a network of graphs where a given graph 
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. In our study, each edge in the network represents an actual financial transaction between two sectors, as reported in the U.S. Input–Output (I-O) tables. Specifically, the weight of a directed edge from sector i to sector j corresponds to the dollar value of intermediate goods or services that sector i provides to sector j.1 This approach allows us to simulate the structural importance of sectors based on their actual economic footprint, rather than relative proportions, thereby offering a more realistic view of systemic vulnerability and resilience.
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All the 
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 starting from node 
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can be assembled as shown in Equation (1):
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Following Carvalho (2014), Acemoglu et al. (2016) and Acemoglu and Guerrieri (2008), in Equation (2), we assume that each node of the network is approximated by the following constant return to scale technology:
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where 

A
i

 is the corresponding productivity shock, the amount of production input used by node 
i
 is given by 
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, while 
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 is the share of input in production; 
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 is a given constant; 
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j
 supplied to node 
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 while the exponent 
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, element of adjacency matrix 
W
, represents the share of good from node 
j
 in the total intermediate input used by node 
i
.

In this context, the adjacency matrix 
W
 is defined by three main elements (Carvalho, 2014): (i) a collection of 
n
 nodes, each node corresponding to one of the sectors in the economy; (ii) a collection of directed edges, where an edge between any two nodes denotes an input-supplying relationship between two nodes; and (iii) a collection of weights, each of which is associated with a particular directed edge and given by the exponent 

w
ij

 in the output function.

We assume a representative consumer with Cobb–Douglas preferences, as shown in Equation (3):
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where 

c
i

 is the amount of good 
i
 consumed and 

b
˜


is some positive constant.

The first-order conditions of the firm’s problem at node i are given in Equations (4) and (5), representing input allocation and labor choice, respectively:
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where 
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 represent, respectively, the wage market and the price of good 
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, it follows that the optimal production for node 
i
 is given by Equation (6)
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for some constant 

ϕ
j

.

Given a constant 

b
i

, Taking the log-linear transformation of the production function yields Equations (7) and (8), simplifying downstream aggregation:
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As pointed out by Acemoglu et al. (2017), because of constant return to scale assumption, nodes make zero profits in equilibrium; hence, value added is simply equal to the market wage 
ω
. Assuming 
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, the log real value of the economy is derived in Equation (9), capturing system-wide output adjusted for productivity.
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For an appropriate choice of 

b
˜

, as shown in Equation (10), aggregate output is computed as the mean of node-level logs:
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As shown in Equation (11), without loss of generality, Carvalho (2014) shows that aggregate output, 
y
, is simply a weighted sum of the (logarithm of) nodes-level shocks, 
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where the weights, 
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Equation 11 states that aggregate output might fluctuate over time due to shocks from individual nodes; the magnitude of these aggregate fluctuations can be traced back to the network structure through adjacency matrix 
W
 using network centrality measures such as the Katz–Bonacich centrality measure.

The Katz–Bonacich centrality vector is expressed in Equation (12), which links adjacency matrix W to centrality θ. The Katz–Bonacich eigenvector centrality measure is derived by assigning to each node 
j
, a centrality weight 

θ
j

>
0
, which is defined by some baseline centrality level
ŋ
, equal across all nodes, plus a term which is proportional to the weighted sum of the centrality weights of its downstream nodes: 

θ
j

=
λ

∑
i


w
ij


θ
i

+
ŋ
1
 for some parameter

λ
>
0
. In matrix form, this implies that the vector of centralities is given by:


θ
=
ŋ


(
I
−
λW
′
)


−
1


1
      (12)

where 
θ
 is the vector of Katz–Bonacich centralities given an input–output network 
W
 where 
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, the share of intermediate inputs in Equation 2.

It follows that Equation 11 can be written as
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Hence, Equation 13 establishes the link between aggregate network outcome and its centralities. Finally, Acemoglu et al. (2016) show that in any given interaction network, node or agent 
i
’s Bonacich centrality can be written as
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Equation 14 implies that node 
i
 has a higher centrality (and hence a more pronounced impact on the rest of the nodes) if it interacts strongly (if 
β
 is close to 1) with nodes that are themselves central. In other words, “a shock to an agent with a higher Bonacich centrality impacts the states of other relatively central agents, which in turn propagates the shock further to other agents, and so on, eventually leading to a larger aggregate impact” (Acemoglu et al., 2016, p. 586). Therefore, network centrality measures can be used to assess overall system resilience.

Finally, network volatility can also be measured by
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Equation 15 can be decomposed into economy-wide sub-systems which include the food system.

While complete sectoral collapse is rare, node deletion serves as a stylized tool for stress-testing the network, identifying structurally critical sectors, and mapping the propagation of failures. The method is conceptually aligned with existing literature in complex networks and systemic risk modeling (e.g., Albert et al., 2000; Acemoglu et al., 2016), where node or edge deletion simulates extreme disruptions like strikes, natural disasters, or policy shutdowns. This modeling experiment provides insights into fragility and interdependence that real-world variability might obscure.


Data and metrics

The empirical implementation of a simple analytical framework laid out in the previous section is conducted by using 2007 and 2012 Input–Output Tables (IOTs) of the United States of America (USA) from the Bureau of Economic Analysis (BEA) as networks that describe, for a given period, transactional flows within an economy. The 2007 and 2012 time points were selected to capture pre- and post-2008 financial crisis dynamics. This interval allows examination of how economic shocks affect intersectoral dependencies and which sectors gained or lost influence as a result. This implies that that economic shocks—such as the 2008 financial crisis—impact not only the volume of sectoral production but also the structural position of sectors within the broader economic network. In other words, beyond measurable changes in output, shocks can reconfigure intersectoral dependencies by altering how sectors are interconnected and how influential they are within the system.

The US has I-O tables over 1997–2021 period but with a maximum of 71 industries compared to 405 industries for 2007 and 2012. In addition to their disaggregated structures, the choice of 2007 and 2012 I-O tables allows for an assessment of system resilience after the 2008 food and financial shocks. The estimates are available at four levels of detail (see Howells et al., 2018): sector (21 industry groups), summary (71 industry groups), underlying summary (138 industry groups), and detail (405 industry groups). Sectors are presented according to the 2012 North American Industry Classification System (NAICS) code structure. In this paper, after cleaning data to remove negative entries and isolated nodes, the resulting network comprises 363 nodes and 43,599 edges for 2007, and 362 nodes and 42,906 edges for 2012.• In a fully connected network where every node/sector has a connection to all other nodes, the overall system would have 131,406 edges for the 2007 sector (N*(N−1)). Thus, the US economic system has many, differently weighted, interdependencies, but not every sector is connected to every other sector, opening interesting opportunities to model resiliency. To comply with network analysis requirement, the diagonal of adjacency matrix 
W
 was set to zero for each network.

Following the North American Industry Classification System (NAICS) (Horowitz and Planting, 2006), the selection of food sector includes processing (for example, flour milling and malt manufacturing) and non-processing (for example, grain farming) food activities, and related supporting activities/services (for example, full-service restaurants, farm machinery and equipment manufacturing, and support activities for agriculture and forestry). To assess the resilience of US food system to shocks, we run a series of simulations by deleting nodes with the highest degree centrality. Furthermore, the volatility of the system is assessed by using a measure developed by Acemoglu et al. (2016, equation 15 in Supplementary material). We look also at the impact of shocks in the form of nodes deletion on the network outcome (here, production). Finally, we assess the bias of analyzing food system resilience based on truncated food system as in most previous studies. We define a truncated food system as a network of food sectors disconnected from non-food sectors in the overall economic system. In a way, food system truncation corresponds to an extreme case of the deletion of non-food nodes. The complete list of deleted nodes for each scenario is presented in Table 1.


TABLE 1 List of scenarios and deleted nodes.


	Node deletion scenario
	Nodes deleted

 

 	Removal of top 10 sectors with highest centrality measure 	

	1. Scientific research and development services

	2. Other amusement and recreation industries

	3. Nonresidential maintenance and repair

	4. Architectural, engineering, and related services

	5. Civic, social, professional, and similar organizations

	6. Limited-service restaurants

	7. Accommodation

	8. Full-service restaurants

	9. Management of companies and enterprises

	10. Other motor vehicle parts manufacturing






 	Removal of bottom 10 sectors with lowest centrality 	

	1. Carbon and graphite product manufacturing

	2. Independent artists, writers, and performers

	3. Electric lamp bulb and part manufacturing

	4. Household refrigerator and home freezer manufacturing

	5. Manufacturing and reproducing magnetic and optical media

	6. Automatic environmental control manufacturing

	7. Support activities for agriculture and forestry

	8. Photographic and photocopying equipment manufacturing

	9. Audio and video equipment manufacturing

	10. Electronic computer manufacturing






 	Removal of top 10 food sectors with highest centrality measure 	

	1. Limited-service restaurants

	2. Full-service restaurants

	3. All other food and drinking places

	4. Food and beverage stores

	5. Grocery and related product wholesalers

	6. Bread and bakery product manufacturing

	7. Fruit and vegetable canning, pickling, and drying

	8. Soft drink and ice manufacturing

	9. Cookie, cracker, pasta, and tortilla manufacturing

	10. Fluid milk and butter manufacturing






 	Removal of bottom 10 food sectors with lowest centrality 	

	1. Wet corn milling

	2. Flour milling and malt manufacturing

	3. Flavoring syrup and concentrate manufacturing

	4. Fruit and tree nut farming

	5. Soybean and other oilseed processing

	6. Support activities for agriculture and forestry

	7. Greenhouse, nursery, and floriculture production Support activities for agriculture and forestry

	8. Fishing, hunting and trapping

	9. Coffee and tea manufacturing

	10. Beef cattle ranching and farming, including feedlots and dual-purpose ranching and farming








 

A brief description of network metrics in the analysis is provided in in Table 2. These metrics include betweenness centrality, clustering coefficient, density and total degree centrality.


TABLE 2 Selected network metrics.


	Network metric
	Definition and application to US trade input–output matrix

 

 	Betweenness centrality 	Betweenness centrality captures a node’s role in allowing information to pass from one part of the network to the other. It captures how much a given node is in-between others. This metric is measured with the number of shortest paths (between any couple of nodes in the graphs) that passes through a given node.


 	Clustering coefficient 	In many studies, a network’s clustering coefficient was identified as a good indicator for network robustness. It captures how nodes are embedded in their respective neighborhoods. First proposed by Watts and Strogatz (1998), it is defined as the average of the local clustering coefficient of its nodes. A node’s clustering coefficient measures how close its neighborhood is to a complete network in terms of the relative density of links in its neighborhood. Our findings confirm that node deletion may decrease the network’s robustness.


 	Density 	By design, the top 10 sectors (overall and food) are sets of central and densely connected nodes, while the bottom 10 are noncentral and sparsely connected nodes, namely, the periphery. In a way, the top 10 sectors belong to the “rich-club,” a set in which the highest degree nodes show a high density of connections. It then follows that the removal of central nodes will likely decrease the density of a network and ultimately affect its resilience. Similarly, because of their sparseness, removal of noncentral nodes will likely increase the density of a network by reducing the size of its periphery; therefore, reinforcing its resilience.


 	Eigenvector centrality 	Eigenvector centrality is a measure of the influence of a node in a network. It assigns relative scores to all nodes in the network based on the concept that connections to high-scoring nodes contribute more to the score of the node in question than equal connections to low-scoring nodes. In this paper, we use Katz-Bonacich centrality for eigenvector centrality


 	Total degree centrality 	The degree of a node is the number of incoming and outgoing relations (edges) the node has; it is weighted by the value of each edge. Contend that resilience centrality is mainly determined by the degree and weighted nearest-neighbor degree of the node, in which weighted nearest-neighbor degree plays a prominent role.




 




Results


Network centrality

We find that over the study period, the U.S. food system consolidated nearly twice as much as the overall economic system. In 2007, the US economic network had a density (the number of existing connections relative to the potential connections (PC3) of 0.332 compared to 0.328 in 2012; in other words, between the two periods, the US economy lost 1.6% of its edges and 1.2% of its density. The food subnetwork (Figure 1) also saw a reduction in density from 0.357 in 2007 to 0.346 in 2012, losing 3% of its edges and density over the two time points. Such consolidation can be protective against shock or give added exposure to shock depending on network realignments and dependencies, as we describe next.

[image: Network graph with nodes and edges, displaying a dense cluster of dark purple connections on the left transitioning to lighter blue on the right, illustrating complex data relationships.]

FIGURE 1
 Network of the overall US economic system nodes and edges (light blue) with the food system nodes and edges (dark blue). Note that some more central nodes in the food system are also more central to the overall economic system (2007 I-O data).


We also observed significant shifts in the centrality rankings of sectors, providing insights into their relative systemic importance. Specifically, 58% of sectors increased in centrality, indicating that they became more embedded and influential within the economic network (Figures 2–5). In contrast, 37% of sectors experienced a decline in their centrality rankings, suggesting reduced integration or weakening connections to the rest of the economy. These changes highlight that sectors do not respond uniformly to shocks; instead, some become more dominant while others diminish in systemic relevance. For example, the “Internet publishing and broadcasting” sector rose by 92 ranks, while “Newspaper publishing” dropped 61 places, showing how the shock reshaped economic hierarchies. The maximum increase in ranking was 92 spots (“Internet publishing and broadcasting and Web search portals”) and the largest decrease was 96 rank spots (“Broadcast and wireless communications equipment”). Thus, “intersectoral dependencies” are not static—they evolve with macroeconomic events, and our centrality analysis captures that dynamic.

[image: Scatter plot comparing industry ranks between 2007 and 2012. Industries are listed vertically. Circular markers indicate 2007 rankings, while diamond markers show 2012 rankings. The chart displays changes in rankings, with most industries showing a decline, moving rightward from 2007 to 2012.]

FIGURE 2
 Sectors with the greatest rank change from 2007 to 2012.


[image: Scatterplot comparing the ranks of various industries in 2007 and 2012. Industries are listed on the left, with circular markers representing 2007 ranks and diamond markers representing 2012 ranks. Most industries show a shift in position, highlighting changes over time. The x-axis represents rank numbers from 0 to 30.]

FIGURE 3
 Change in ranking for the top 25 economic sectors between 2007 and 2012.


[image: Bar chart illustrating the eigenvector centrality and production values for the top 25 sectors that saw significant changes from 2007 to 2012. Bars represent production and eigenvector centrality for 2007 (in light colors) and 2012 (in dark colors). The vertical axis on the left measures eigenvector centrality up to 1.6, while the right axis measures production value in millions of U.S. dollars up to 450,000. Sectors include primary battery manufacturing and Internet publishing.]

FIGURE 4
 Economic sectors with the greatest increases (25 in total) and decreases (25 in total) in eigen centrality from 2007 to 2012.


[image: Bar and line graph depicting the eigen centrality and production value of various food sector nodes in 2007 and 2012. Bars represent production value in millions of U.S. dollars, while lines indicate eigen centrality. The x-axis lists food sectors, and the y-axis shows both eigen centrality and production value. Key highlights include peaks and variations among sectors.]

FIGURE 5
 Change in eigen-centrality and production value in the food sector between 2007 and 2012.


Notably, the top 25 sectors in the economy did not experience a large degree of change in either rank or eigenvector centrality (Figure 4). The apparent stability of these top sectors in face of the 2008–2009 food and financial crisis may be a sign of the US economy capacity to absorb such shock. Only the “Scientific research and development services” sector remained unchanged and held onto its ranking as the most central sector in the economic system. Interestingly, despite the overall decline in eigen centrality, 62% of nodes in the economic system saw an increase in its production between 2007 and 2012.

Like the overall economic system, the food system experienced significant movement in ranking and centrality between 2007 and 2012 (Figure 6). Though unlike the economic system (Figure 4), the change in ranking among the food sectors was minor Figure 5). While 42% (18 nodes) of the food sector nodes experienced an increase in ranking (Figure 5), the range of rank increase was 3, followed by no change in ranking (32% of nodes), and only a quarter of nodes (11) experienced a decline in ranking. Again, the decline was relatively small compared to rank changes in the economic system (range of 10, Figures 2–4). Changes in rank are commensurate with changes in eigenvector centrality. Of the food sectors, “Breakfast cereal manufacturing” achieved the largest gain in eigen centrality, increasing 14.2% between 2007 and 2012 (Figure 5). In contrast, “food and beverage stores” sector saw the largest slump, dropping 44.3% in eigen centrality between 2007 and 2012 (Figure 5). Followed closely by the “grocery and related product wholesalers” sector experiencing a 41.9% reduction in their eigen centrality over the same period (Figure 5). With the financial crisis and less disposable income available, food purchasing and thereby sectors involved in food retail became less central to the economy (Figure 6 c-d). Despite these notable exceptions, 60% of the 43 food sector nodes increased in (eigen) centrality between 2007 and 2012 (Figures 5 and 6c-d) The production value 4 of 88% of the food sectors experienced an increase during the same period (Figures 5 and 6c-d). Between 2007 and 2012, 24 food sectors experienced an increase in both production value and in centrality (Figures 5 and 6c-d).

Overall, as shown in Figures 6a,b, we find a positive correlation between sector centrality and production as derived in Equation 13. This is an important feature as a negative shock that affects a central sector is likely to reduce its production and propagate the shockwave throughout the network by creating an aggregate disruption. As pointed out by Carvalho (2014), in a production network that stresses the role of input-supply linkages, “an idiosyncratic shock affecting a single sector will be transmitted to its downstream neighbors in the network and, via the latter, propagate further downstream to other production nodes which are only indirectly connected with the original sector” (p. 38). Hence, the resilience of a given food system is more likely to rest on the sectors that exhibit strong correlation between production and centrality.

[image: Four scatterplot panels (a, b, c, d) show the relationship between Katz-Bonacich Centrality Measure and Total Production in log scale for 2007 and 2012. Panels a and b display many data points with fitted and lowess lines, indicating a positive relationship. Panels c and d show fewer data points with similar fitted and lowess lines. Legends indicate data comparisons for 2007 and 2012.]

FIGURE 6
 (a) Production and centrality for the overall economy in 2007. (b) Production and centrality for the overall economy in 2012. (c) Production and centrality for the food system in 2007. (d) Production and centrality for the food system in 2012.


Figure 7 presents the level of volatility5 with respect to centrality between the two periods. The results suggest that the volatility is much higher for the overall economic system compared to the food system. Given that the overall economic system has more nodes compared to the food system, the law of large numbers, where aggregate output becomes increasingly concentrated around a constant value, does not hold here. As pointed out by Gabaix (2011), when some sectors play a disproportionately important role (due to their much larger size relative to others), the standard central limit theorem no longer holds. As a result, aggregate fluctuations may result from sector-level (idiosyncratic) shocks (Acemoglu et al., 2017). Over time, though not significant, volatility was on average slightly lower in 2012 compared to 2007 which might be related to the recovery from the 2008–2009 crisis as mentioned earlier. It is probable that the higher volatility in both the networks in 2007 is indicative of the global financial crisis that preceded the 2008 crisis.

[image: Bar chart comparing the 2007 and 2012 ratings of the Food Sub-system and Economic System. The Food Sub-system shows values of 3.31 in 2007 and 3.26 in 2012. The Economic System shows values of 9.58 in 2007 and 9.24 in 2012.]

FIGURE 7
 Volatility of food and overall economic systems between 2007 and 2012.




Sector failure scenarios

Highly centralized networks, like the U.S. economic system, rely heavily on the most central nodes for overall connectivity and functionality such that impacts on these nodes will have cascading effects across the network. We show that deletion of the bottom 10 economic and food nodes tends to boost density, clustering, degree, and weighted degree of the overall economic network (see Figures 8a–c). While deletion of the most central 10 economic nodes negatively impacts the same network characteristics.

[image: Five line graphs illustrating network metrics under different conditions: Baseline, Deletion of Top and Bottom 10 Economic Nodes, and Top and Bottom 10 Food Nodes. Metrics analyzed are Average Degree, Average Betweenness Centrality, Density, Average Clustering, and Weighted Average Degree. Each graph shows varying impacts across the different scenarios.]

FIGURE 8
 (a) Impact of node deletion on the average degree (left) and average betweenness centrality (right) of the overall economic network. (b) Impact of node deletion on the density(left) and average clustering (right) of the overall economic network. (c) Impact of node deletion on the average weighted degree of the overall economic network.


We also find that betweenness centrality is affected but has a reverse relationship with the node deletion scenarios described above indicating that influences on the many smaller sectors that act as bridges to other sectors are more likely result in cascading effects. Both deletion scenarios demonstrate different types of fragility in the overall food and total economic system. In general, we expect that the impact of a shock to a system defined by a network of interconnected nodes would not be linear as the direction of the impact clearly depends on the place of each node in the network. However, the larger point remains that a shock in the form of node deletion is likely to disrupt the system resilience and ultimately its outcome.

As presented in Table 3, overall, the results show that dropping a node (sector) is likely to decrease the system’s overall outcome (as measured in Equation 13). Compared to the baseline, deleting the bottom 10 economic nodes decreased the production outcome of the overall system by 0.9 percent. When considering only the food sectors, removing the top food nodes produced the largest drop in production outcome: 3.6% demonstrating the overall economic system’s reliance on the food system. In comparison, deletion of the bottom 10 food nodes led to a 0.75 percent decrease in the production outcome.


TABLE 3 Impact of nodes deletion on production of overall economic system.


	Network
	Scenario (node deletion)
	Production
	Percent change

 

 	1 	Baseline 	171.118 	


 	2 	Top 10 economic sectors 	217.537 	27.13


 	3 	Bottom 10 economic sectors 	169.547 	−0.92


 	4 	Top 10 food sectors 	164.956 	−3.60


 	5 	Bottom 10 food sectors 	169.824 	−0.76


 	6 	Scientific Research 	211.896 	23.83


 	7 	Accommodations 	169.582 	−0.90


 	8 	Architectural Services 	169.458 	−0.97


 	9 	Civic 	169.746 	−0.80


 	10 	Full service restaurant 	169.459 	−0.97


 	11 	Management Service 	169.599 	−0.89


 	12 	Limited service restaurant 	169.471 	−0.96


 	13 	Non-residential 	169.384 	−1.01


 	14 	Other amusement 	169.936 	−0.69


 	15 	Other motor 	169.888 	−0.72




 

Paradoxically, we also find that deleting the top 10 economic nodes increased production outcome of the overall network relative to baseline by 27% (Table 3). In disaggregating these sectors, we show that only the “Scientific research” sector is related to such increases in production, with a 24% increase. This sector is also the only top 10 sector whose outdegree value is higher than its indegree value, likely because relatively few “research and development” dollars can result in major innovation and economic returns. In this sense, “Scientific research” is an amplifier of economic returns for the entire system. In explanation, deleting central nodes in a network can disrupt the flow of funding, isolating sections of the network, and making them appear as though the remaining nodes are receiving more input and producing more output than before.



Impact of evaluating the food system in isolation

Next, we compare the impact of analyzing resilience based on a truncated food system to further demonstrate the value of considering food system dynamics more wholistically within the full economic system. We present the truncated food system in Table 4, showing the impact of removing non-food sectors from the economy. Using the US 2012 I-O table, truncation leads to a reduction of the weighted values of incoming and outgoing connections by 53.0 and 21.6%, respectively. This is a dramatic change in food system network functionality would render inaccurate any finding drawn from evaluating the food system in isolation of the rest of the economic system. The most affected sectors include “All other food and drinking places,” “Breweries,” “Farm machinery and equipment manufacturing,” “Food and beverage stores” and “Full-service restaurants”.


TABLE 4 Comparing 2012 food network measures between full and truncated food systems.


	
	Weighted indegree
	Weighted outdegree
	Clustering
	Eigen centrality



	Sectorsa
	Full
	Truncated
	Change (%)
	Full
	Truncated
	Change (%)
	Full
	Truncated
	Change (%)
	Full
	Truncated
	Change (%)

 

 	All other food and drinking places 	78,756 	8,487 	−89.2 	39,351 	1946 	−95.1 	0.4372 	0.3417 	−21.9 	0.6983 	0.9500 	36.0


 	All other food manufacturing 	16,668 	10,496 	−37.0 	4,442 	3,541 	−20.3 	0.6448 	0.4318 	−33.0 	0.4767 	0.7880 	65.3


 	Animal (except poultry) slaughtering, rendering, and processing 	100,515 	81,769 	−18.6 	21,221 	13,848 	−34.7 	0.6465 	0.4253 	−34.2 	0.4382 	0.3708 	−15.4


 	Animal production, except cattle and poultry and eggs 	9,175 	4,205 	−54.2 	28,042 	26,330 	−6.1 	0.5916 	0.4160 	−29.7 	0.3808 	0.5116 	34.4


 	Beef cattle ranching and farming, including feedlots and dual-purpose ranching and farming 	31,776 	14,335 	−54.9 	56,325 	56,063 	−0.5 	0.6643 	0.5147 	−22.5 	0.3086 	0.3746 	21.4


 	Bread and bakery product manufacturing 	28,459 	16,625 	−41.6 	3,200 	2,193 	−31.5 	0.7094 	0.5433 	−23.4 	0.5240 	0.6887 	31.4


 	Breakfast cereal manufacturing 	7,708 	5,250 	−31.9 	20 	10 	−50.0 	0.7678 	0.5917 	−22.9 	0.4103 	0.4892 	19.2


 	Breweries 	18,219 	4,938 	−72.9 	7,645 	4,947 	−35.3 	0.7285 	0.6091 	−16.4 	0.4661 	0.2421 	−48.0


 	Cheese manufacturing 	24,656 	19,779 	−19.8 	8,900 	8,533 	−4.1 	0.7244 	0.6275 	−13.4 	0.4751 	0.4543 	−4.4


 	Coffee and tea manufacturing 	10,383 	6,697 	−35.5 	2,441 	1,583 	−35.1 	0.8158 	0.6964 	−14.6 	0.3132 	0.1802 	−42.5


 	Cookie, cracker, pasta, and tortilla manufacturing 	19,079 	12,205 	−36.0 	1713 	1,581 	−7.7 	0.7064 	0.4915 	−30.4 	0.5075 	0.6785 	33.7


 	Dairy cattle and milk production 	29,584 	15,382 	−48.0 	36,157 	36,149 	0.0 	0.6022 	0.4723 	−21.6 	0.4256 	0.4974 	16.9


 	Dry, condensed, and evaporated dairy product manufacturing 	17,403 	11,753 	−32.5 	4,568 	3,641 	−20.3 	0.6961 	0.5541 	−20.4 	0.4753 	0.4876 	2.6


 	Farm machinery and equipment manufacturing 	24,107 	49 	−99.8 	4,190 	3,301 	−21.2 	0.6500 	0.5275 	−18.9 	0.5631 	0.1959 	−65.2


 	Fats and oils refining and blending 	11,231 	9,349 	−16.8 	9,489 	6,925 	−27.0 	0.6932 	0.4815 	−30.5 	0.3631 	0.2855 	−21.4


 	Fishing, hunting and trapping 	2,413 	91 	−96.2 	10,252 	9,581 	−6.5 	0.6400 	0.5192 	−18.9 	0.3180 	0.1921 	−39.6


 	Flavoring syrup and concentrate manufacturing 	4,619 	2,532 	−45.2 	11,748 	11,253 	−4.2 	0.7158 	0.5216 	−27.1 	0.3566 	0.5348 	50.0


 	Flour milling and malt manufacturing 	16,548 	12,307 	−25.6 	14,088 	13,672 	−3.0 	0.7347 	0.5163 	−29.7 	0.3598 	0.3057 	−15.0


 	Fluid milk and butter manufacturing 	27,372 	19,746 	−27.9 	5,115 	4,650 	−9.1 	0.7155 	0.5736 	−19.8 	0.5066 	0.5393 	6.5


 	Food and beverage stores 	69,481 	2050 	−97.0 	2,257 	1,186 	−47.5 	0.5535 	0.4400 	−20.5 	0.6307 	0.4970 	−21.2


 	Frozen food manufacturing 	19,979 	14,706 	−26.4 	2,632 	2,282 	−13.3 	0.6964 	0.4801 	−31.1 	0.4763 	0.4969 	4.3


 	Fruit and tree nut farming 	8,313 	2,959 	−64.4 	16,382 	16,354 	−0.2 	0.6416 	0.4249 	−33.8 	0.3546 	0.3316 	−6.5


 	Fruit and vegetable canning, pickling, and drying 	22,971 	13,363 	−41.8 	4,814 	4,211 	−12.5 	0.6832 	0.4501 	−34.1 	0.5210 	0.6234 	19.6


 	Full-service restaurants 	114,701 	23,067 	−79.9 	50,341 	1909 	−96.2 	0.3263 	0.3188 	−2.3 	0.7426 	0.9789 	31.8


 	Grain farming 	63,300 	11,871 	−81.2 	76,002 	55,777 	−26.6 	0.6206 	0.4292 	−30.8 	0.4174 	0.3559 	−14.7


 	Grocery and related product wholesalers 	59,026 	488 	−99.2 	48,234 	39,558 	−18.0 	0.3655 	0.3362 	−8.0 	0.5785 	0.2135 	−63.1


 	Ice cream and frozen dessert manufacturing 	4,874 	2,965 	−39.2 	1715 	1,492 	−13.0 	0.7189 	0.5789 	−19.5 	0.4200 	0.5677 	35.2


 	Limited-service restaurants 	145,793 	30,743 	−78.9 	18,577 	799 	−95.7 	0.3337 	0.3182 	−4.6 	0.7651 	1.0000 	30.7


 	Oilseed farming 	17,410 	3,547 	−79.6 	22,593 	22,020 	−2.5 	0.6167 	0.5026 	−18.5 	0.4019 	0.3608 	−10.2


 	Other animal food manufacturing 	33,703 	24,771 	−26.5 	32,711 	32,060 	−2.0 	0.7112 	0.4921 	−30.8 	0.4476 	0.4363 	−2.5


 	Other crop farming 	9,082 	2069 	−77.2 	9,316 	7,328 	−21.3 	0.5741 	0.4167 	−27.4 	0.4031 	0.3606 	−10.6


 	Poultry and egg production 	30,022 	17,744 	−40.9 	27,727 	27,662 	−0.2 	0.6342 	0.4383 	−30.9 	0.3727 	0.4377 	17.5


 	Poultry processing 	38,751 	29,259 	−24.5 	7,740 	7,319 	−5.4 	0.7540 	0.6667 	−11.6 	0.4502 	0.3486 	−22.6


 	Seafood product preparation and packaging 	7,951 	5,801 	−27.0 	3,892 	2,941 	−24.4 	0.7747 	0.6439 	−16.9 	0.3762 	0.2495 	−33.7


 	Seasoning and dressing manufacturing 	14,027 	7,246 	−48.3 	5,876 	4,903 	−16.6 	0.6872 	0.4723 	−31.3 	0.4538 	0.6768 	49.2


 	Snack food manufacturing 	22,718 	11,260 	−50.4 	3,534 	3,281 	−7.2 	0.6812 	0.5127 	−24.7 	0.4747 	0.6243 	31.5


 	Soft drink and ice manufacturing 	34,696 	9,722 	−72.0 	4,080 	3,150 	−22.8 	0.7315 	0.7182 	−1.8 	0.5208 	0.4044 	−22.4


 	Soybean and other oilseed processing 	28,817 	23,650 	−17.9 	27,726 	25,175 	−9.2 	0.6448 	0.4234 	−34.3 	0.3406 	0.2343 	−31.2


 	Sugar and confectionery product manufacturing 	18,418 	7,082 	−61.5 	8,300 	7,938 	−4.4 	0.6594 	0.4484 	−32.0 	0.4835 	0.4673 	−3.3


 	Support activities for agriculture and forestry 	6,437 	724 	−88.8 	25,625 	21,097 	−17.7 	0.6706 	0.4762 	−29.0 	0.3219 	0.2433 	−24.4


 	Vegetable and melon farming 	6,522 	1,476 	−77.4 	2,693 	2,581 	−4.2 	0.6875 	0.5261 	−23.5 	0.3718 	0.3333 	−10.4


 	Wet corn milling 	10,571 	7,680 	−27.3 	13,459 	9,561 	−29.0 	0.7040 	0.4368 	−38.0 	0.3605 	0.1818 	−49.6


 	Wineries 	10,029 	3,040 	−69.7 	4,003 	2,947 	−26.4 	0.8211 	0.9500 	15.7 	0.4144 	0.2167 	−47.7





a For comparison purpose, we kept only food sectors.
 

As expected, truncation also affects the clustering of the food system which is reduced by 22.5% on average. Except for “Wineries” whose clustering coefficient increases by 15.1%, all the other sectors experience reduction in their clustering coefficient. The top five sectors most affected include: “Fruit and tree nut farming” (−33.8%), “Fruit and vegetable canning, pickling, and drying” (−34.1%), “Animal (except poultry) slaughtering, rendering, and processing” (−34.2%), “Soybean and other oilseed processing” (−34.3%), and “Wet corn milling” (−38.0%). Such changes in clustering and centrality likely bias predictions of overall food system function when considering the food system as separate from the overall economic system.

The most striking effect of truncation is on centrality values. As discussed earlier, centrality is used to identify sectors which are critical for both the network performance and resilience. Table 4 shows how the ranking of sectors with respect to their central role in the network shifted as a result of truncation. Out of 43 food sectors, only 5 kept their central ranking (“Limited-service restaurants,” “Full-service restaurants,” “All other food and drinking places,” “Fluid milk and butter manufacturing,” and “Fishing, hunting and trapping”), 18 experienced a decrease in their rankings (for example, “Grocery and related product wholesalers” moved from 5th to 39th position), and 20 climbed in ranking (for example, “Flavoring syrup and concentrate manufacturing” moved from 37th to 12th position). In short, by considering only the food sector, centrality measures become unreliable in terms of capturing the key features and functionality of the food network—including measuring its resilience. These findings add caution to any interpreting the results of any study that uses an incomplete economic system to evaluate performance.




Discussion and conclusion

The primary objective of this research is to assess the resilience of the overall food system to cope with shocks in any of its sectors by considering the food system as nested within the broader network of the overall economic system. Our findings offer caution when interpreting findings from studies that analyze food system dynamics in isolation from the economic system. Specifically, we demonstrated that truncating the food system reduced the weighted values of incoming and outgoing connections by 53.0 and 21.6%, respectively. Moreover, the centrality rankings of food sectors shifted due to truncation, demonstrating that even centrality measures become unreliable when not considering the broader economic context. Such substantial changes render inaccurate any findings if the food system functionality is analyzed in isolation. Future research should take heed and construct models that connect the food system to the broader economic system.

We also draw the conclusion that the resilience of the food system enhances the resilience of the overall economic system based on several strands of empirical evidence. Most notably, between 2007 and 2012—a period that includes the global financial crisis—82.2% of food-related sectors increased in centrality. This indicates that food sectors became more influential and better connected within the broader economic network, suggesting their growing importance in sustaining intersectoral flows during a time of systemic stress. We also show that the volatility of the overall economic system was higher than that of the food system during the 2007–2008 financial crisis, indicating a buffering effect within the nested food system sectors. The lower volatility in the food system compared to the broader economy suggests that the U.S. food system is a stabilizing force in the overall economy. Rather than amplifying volatility, as some central sectors might, the food system appears to have acted as a buffer, helping to preserve the continuity of production across the economic network. Further supporting this conclusion is the simulation of node deletion scenarios. While the most central food sectors are unlikely to ever be fully removed from the economy in a real-world scenario, the simulated removal of the most central food-related sectors—those involved in food retail and processing, for example—generated a 3.6% decline in overall system output. This impact was significantly larger than the decline resulting from the removal of the least central food sectors (0.75%) or the bottom-ranked economic sectors more broadly (0.9%). The fact that the removal of key food sectors resulted in a more substantial systemic loss to the overall economic system underscores the food system’s structural importance and the extent to which other sectors depend on it for their own functioning. This finding is crucial for modeling food system resilience in other countries where economic contexts differ and reliance on food systems for core economic functions may be even greater.

Our findings imply that maintaining food system functionality during crises is not only essential for food security but also contributes to overall macroeconomic stability. Taken together, these findings offer robust evidence that the food system contributes positively to systemic resilience. Its rising centrality during a crisis, the disproportionate impact of its disruption, and its relative stability all point to its essential role not just in food security, but in safeguarding macroeconomic functionality during and after major shocks. Such findings support the prioritization of food system investments in economic recovery planning.

More broadly, our research also found a positive correlation between sector centrality and production, implying that shocks reducing the production of central sectors are likely to propagate and cause system-wide disruption. For example, we show that between 2007 and 2012, the network centrality measures of many sectors changed due to the financial shock; 37% (135) of economic sectors experienced a drop in centrality rankings, while 58% (211) saw an increase. For instance, the centrality increase of food sectors like “breakfast cereal manufacturing” post-2008 mirrors increased consumer demand for lower-cost staples during economic downturns. Conversely, the decline in centrality of retail nodes aligns with income constraints affecting food purchases. Interestingly, the top 25 sectors in the economy remained relatively stable in their centrality rankings, suggesting either the resilience of these core sectors or that they are foundational to the U.S. economy and were thus buffered from the shock. As various sectors within the food system and broader economy continued to consolidate (e.g., Hendrickson et al., 2001; Hendrickson et al., 2020; Howard, 2014; Howard, 2015), networked I-O modeling techniques like those we demonstrate in this research can help show where such centralization will be stabilizing or destabilizing under a variety of shock scenarios. Future studies can also assess how emergency policies that support essential sectors help mitigate shock propagation or further spur centralization and vulnerability.

To this end, our results confirm that the removal of nodes with high centrality measures leads to a decrease in network metrics such as density, clustering, degree, and weighted degree, emphasizing the importance of central nodes in maintaining overall system resilience. These findings underscore the often-overlooked role of natural systems, upon which the food system and economic system draws. Like many studies, this study did not incorporate the many unpriced natural sectors that underpin the overall food and economic system. Should our model be expanded to integrate natural systems into I-O models, the overall assessment could enhance the accuracy of resilience results and help to more accurately model environmental degradation externalities across economic sectors.

On the one hand, high-degree nodes might increase the resilience of a network because these nodes can disperse information or influence to many other nodes in the network. For example, a study by Albert et al. (2000) found that the Internet’s resilience to random failures was due to its scale-free topology, characterized by a few hubs with high outdegree values that can “pick up the slack” when other clusters of nodes fail. On the other hand, these nodes could also decrease network resilience if targeted themselves. If a node with a high outdegree fails or is removed, this could disrupt a significant proportion of the network, as many nodes might depend on the high outdegree node. This idea is supported by a study by Callaway et al. (2000), who found that removing high-degree nodes could cause a rapid disintegration of the network. Nodes with higher outdegree than indegree also play a crucial role in cascading failures. Further, a study by Motter and Lai (2002) demonstrated that the failure of a single node can lead to a cascade of failures in other nodes, particularly in scale-free networks with high-degree nodes. Finally, high out-degree nodes also have a substantial impact on the diffusion process in the network. For instance, Kempe et al. (2003) demonstrated how more central nodes significantly affect the speed and reach of diffusion in social networks. In sum, nodes with a higher outdegree value than an indegree value can both increase and decrease network resilience, depending on the context.

This study uncovered the critical role of “Scientific research” in both the overall economic system and the food system. This sector buffers from shocks in other sectors, but when deleted itself can result in a cascading failure. The finding that a simulated deletion of “Scientific research” results in an overall increase in economic productivity of 24% can be explained with an analogy. If one were to think of funding towards “Scientific research” as the budget for a maintenance department that takes care of a rental property, it is easy to understand how firing the maintenance staff would reduce costs and produce a higher return on investments. Yet, such a decision would ultimately devalue the assets and cut into long term costs. In this sense, as political budget-making leans towards austerity measures, cuts to higher education and similar research sectors may achieve greater economic outcomes, but with depreciation of both the value of the underlying system and its longer-term potential returns.

This research has important implications for economic policy and resilience planning. We demonstrate how policymakers could design strategies that enhance the resilience of both food and non-food sectors, recognizing their interdependence. Going forward, our nested food-economic systems model can aid predictive modeling to test the impacts of localized shocks. For instance, during the COVID-19 pandemic, labor shortages in U.S. meat packing houses likely impacted several other economic sectors. Using our model, such vulnerabilities could be anticipated and managed more effectively during crises. Investments in statistical systems are necessary to build such comprehensive databases that capture the full spectrum of participants and activities within the food system. Identifying vulnerable sectors, populations, and supply chain locations can help target interventions more effectively.

While the primary empirical focus of this study centers on the period surrounding the 2008 financial crisis, the nested food-economic system model is designed for broader application across a wide range of systemic disruptions. Recent events—such as the Ukraine war’s impact on global grain markets (FAO, 2024; Glauber and Laborde Debucquet, 2023), the 2023–2024 El Niño-induced agricultural volatility, and the Red Sea shipping crisis disrupting critical trade flows (Glauber and Mamun, 2024)—illustrate the continuing relevance of a network-based resilience framework. These shocks reinforce the importance of analyzing food system resilience within the broader economic structure, as disruptions in non-food sectors (e.g., shipping, energy, fertilizer) can propagate into food systems with severe consequences. Thus, the insights and simulations in this study are not only historically grounded but also have direct applicability for current and future crisis scenarios. Additionally, countries with significant informal economies likely rely on truncated economic models, leading to biased results similar to those demonstrated in our model of the truncated food system.
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Footnotes

1   This differs from traditional input–output technical coefficients, which normalize these flows by the total inputs or outputs of a sector. In contrast, we preserve the raw monetary transaction values to capture the true magnitude and strength of interdependencies in the economic network. These transaction-based weights are directly embedded in the adjacency matrix W, which is used throughout the analysis.

2   In constructing the input–output networks for 2007 and 2012 from the U.S. Bureau of Economic Analysis (BEA) detailed I-O tables (comprising 405 sectors), we undertook the following data cleaning steps:Removal of negative entries: Negative transaction values (arising from adjustments, returns, or imputed transactions in I-O tables) were excluded, as they can distort the representation of positive economic flows in a network model.Exclusion of isolated nodes: Nodes (sectors) that had no incoming or outgoing financial transactions (i.e., rows and columns with all zeros) were removed, as they represent non-participating sectors within the active economic network in the specified year.Food industry nodes: Using NAICS codes, we identified 43 nodes as food-system related in both 2007 and 2012 networks. This classification includes agricultural production, food processing, distribution, retail, and related services (e.g., restaurants).These steps ensure an analytically tractable and representative economic network where each node has economic activity. Removing inactive or anomalous nodes improves network robustness and the interpretability of results, especially under simulations like node deletion.

3   PC = n*(n−1)/2, where n is the number of nodes in the network.

4   Production value, is the total value of goods and services measured in USD.

5   Metric defined in Equation 14 assuming = 1 (see Supplementary material).
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Average Average Network Network Average Modularity ~ (Pearson)

path length degree diameter density clustering

coefficient
Real Networks 2540 5088 6 ‘ 0045 0324 038 -0258
a=1 2034 5088 5 ‘ 0045 0.390 030 0336
a=2 1.609 5088 4 0045 0.592 0 0626
a=3 1515 5088 3 0045 0.701 0 ~0.667
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Average Average Network Network Average Modularity Degree

path length degree diameter density clustering correlation
coefficient coefficient
(Pearson)
Real Networks 2540 5.088 6 0045 ‘ 0324 038 0258
£=05 1628 5.088 4 0045 ‘ 0.594 0143 -0.628
0.390 030 0336

e=1 2034 5.088 5 0.045

e=2 2186 5.088 7 0.045 0.369 051 -0.045
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Metals markets Co Cu Ag Ce Dy \[e] Tb Pr
Li 14 1 1 26 64 11 27 24 63 73 04 47 86
Co 56 7 05 13 28 05 | 09 12 3 742 02 29 93
Ni 49 35 266 44 3 18 | 89 2 19 395 04 3 734
Cu 44 38 13 111 29 05 | 08 1 39 67.9 07 18 889
Si 189 159 17 29 435 0 Ay 1.9 6.4 21 0.1 29 56.5
Ag 08 07 o1 02 03 937 | 02 02 02 35 o1 02 63
Ce 94 74 129 12 38 01 | 481 19 21 8 0 52 519
Dy 48 43 1 14 28 49 15 95 26 627 13 33 905
La 58 5 06 15 25 05 11 11 77 707 05 3 923
Nd 18 16 0 03 09 0 01 02 05 944 0 03 56
Tb 65 56 06 13 88 37 17 24 24 518 135 17 865
Pr 61 52 07 12 29 05 12 18 3 713 03 57 943
TO 6 639 | 204 183 37.1 136 | 29 | 162 32 498.8 v 39 289 TCI
NET -17 | -0 | 53 | -706 | -193 | 73 | -29 | -744 | -602 | 4932 | 826 | -654 688
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Metals markets Co Ag Ce Nd Tb P
Li 476 49 41 24 65 38 91 35 7.7 45 32 26 524
Co 65 422 49 31 44 64 69 3 121 54 4 11 578
Ni 32 43 536 35 44 23 62 37 6 33 36 59 464
Cu 21 21 1 518 15 155 17 31 25 14 163 1 482
Si 31 23 14 18 572 86 23 21 71 57 75 1 4238
Ag 41 65 41 108 49 ' 376 25 28 49 76 111 32 624
Ce 7.1 62 131 38 107 45 37 33 62 19 34 28 63
Dy 58 34 5 11 27 32 31 53 26 36 132 35 47
La 5 33 28 34 47 82 26 2 559 7.5 38 08 441
Nd 48 27 53 15 27 31 [ 4 28 72 | 55 51 58 45
Th 137 21 32 96 55 15 19 15 41 32 322 17 67.8
Pr 81 81 35 19 56 36 62 56 56 7 51 397 603
TO 638 458 484 428 53.6 707 46.5 433 66 50.9 76.1 295 TCt
NET 114 -12 2 -54 107 83 -16.6 -37 | 219 59 83 -308 531
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Metals markets

Li 30 0.6 03 07 0.4 0.6 11 42 31 46.9 14 08 70
Co 08 574 07 18 07 0.5 15 05 1 341 0.6 03 426
Ni 33 03 19.9 13 04 12 12 05 15 66.8 31 05 80.1
Cu 15 0.9 L1 66.3 8.1 06 0.9 08 04 188 05 02 337
Si 03 03 02 09 63.5 0.6 0.6 03 21 27.8 0.6 27 365
Ag 27 04 08 0.6 07 55.8 19 07 18 323 15 07 44.2
Ce 0.1 0 03 0 0 02 98.2 01 0 08 01 02 18
Dy 56 08 02 08 14 12 56 277 05 51 4 L1 723
La 05 03 0.6 1 28 07 0.6 07 27 48.9 0.6 07 57.3
Nd 0.1 0 0 13 0 0 0 0 0 97 13 02 3
Tb L1 03 1 07 0.4 L1 137 19 08 57 19.5 25 80.5
Pr 15 0.9 0.4 0.9 15 3 6.9 24 16 45.2 28 33 67
TO 17.7 4.9 57 9.9 164 98 43.9 12 129 4297 16.3 9.8 TCI
NET -523 | -377 | -744 | -238 | 200 | -343 | 421 | -602 | -444 | 4267 & -642 | -572 49.1
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spatial lag
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2
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2 30000 | 0000 | 1000 = 0000
3
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Barrier factors. Barrier degree Barrier factors Barrier degree Barrier factors Barrier degree Barrier factors Barrier degree
Level of financial 14.062 Level of financial 15.309 Fintech level 6362 Shadow banking 6.335
inclusion inclusion risk
Fintech level 5.588 Fintech level 4.807 Shadow banking 5199 Level of financial 5.616
risk inclusion
Information 3802 Shadow banking 2815 Industrial 4942 Industrial 5.301
asymmetry risk structure structure
Industrial 264 Industrial 2759 Level of financial 4403 Real estate 5.05
structure structure inclusion liability risk
Shadow banking 2098 Information 2.627 Information 3.68 Information 278
risk asymmetry asymmetry asymmetry
Real estate 1229 Real estate 1512 Real estate 3657 Fintech level 2255
liability risk liability risk liability risk
Insurance depth 1218 Insurance depth 1.107 Insurance depth 2267 Insurance depth 2236
Non-performing 0332 Non-performing 0033 Government debt 0.359 Government debt 1.201
loan ratio loan ratio risk risk
Financial 0031 Government debt 0.02 Non-performing 0095 Non-performing 018
regulatory risk loan ratio loan ratio
intensity
Government debt 0 Financial 0011 Financial 0035 Financial 0.047
risk regulatory regulatory regulatory
intensity intensity intensity






OPS/images/fphy-13-1556285/inline_1.gif





OPS/images/fphy-13-1556285/inline_10.gif





OPS/images/fphy-13-1556285/fphy-13-1556285-t001.jpg
Initial sco

Insurance premium depth

Size of shadow banking

Systemically important institutions
(SIFIs)

Asset price volatility

Financial business structure

‘The greater the depth of premiums, the
greater the ability of the financial system to
adapt and adjust autonomously

Insurance companies operate core
insurance business without systemic risk

‘The “shadow banking” system increases
the likelihood of risk outbreaks and
contributes to the contagion of systemic
risk

Systemic Financial Risks Currently Facing
China: Real Estate Risks, Local Debt Risks
and Shadow Banking Risks

During the subprime crisis, shadow
banking shifted risk short-term but did
not disappear

“Asset-liability maturity mismatch of some
financial institutions represented by the
“shadow banking systent} increasing the

vulnerability of the financial system

Shadow banking, characterized by low.
transparency and complex structure, is
prone to become a major hidden danger of
systemic financial risk

“The presence of “too big to fail” and “too
connected to fail” large financial

institutions in the financial system has a
significant impact on systemic risk

An increase in the share of non-bank

financial institutions can effectively take

over assets sold at reduced prices after
shocks to the banking system

Asset price volatility as a source of
financial fragility

‘The business structure of financial
institutions has a significant impact on
systemic risk

‘The use of non-interest income indicators
to examine the impact of a financial
institution’s business income structure on
its risks.

Size of financial institutions

Scale of financial inclusion

Note: For reasons of space, this table shows only part of the data.

‘There is a significant positive association
between the size of financial institutions
and systemic risk

Digital finance can curb systemic financial
risks on a regional scale, but there is
regional heterogencity

Digital financial inclusion can improve
risk resilience within the financial system
and can also facilitate the transfer of capital
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rget layer Standardized Measurement Measurement Resilience Indicator Weights

layer indicators equation attribute attributes
Shadow banking risk Shadow banking Impact Negative 0.094
sizeflocal and
foreign currency
loan balances
Non-performing - Impact Negative 0.028
loan ratio
Resilience of risk
and control Real estate liability | Real estate corporate Impact Negative 0,059
risk debt Ratio
Government debt Local government Impact Negative 0.022
risk debt/gdp
Information Internet penetration Resistance Positive 0112
Resilience of asymmetry rate
financial
infrastructure Level of financial Digital inclusive Adjustment Positive 029
inclusion finance index
o Financial regulatory Expenditures on Adjustment Negative 005
intensity financial
recovery and
tability regulation/general
8 budget expenditures
Insurance depth Insurance Adjustment Positive 0.087
income/gdp
Fintech level Financial technology ‘Transformation Positive 0.166
Resilience of index
transformation and
development Industrial structure Tertiary sector of ‘Transformation Positive 0.092
industry/gdp

Note: The standardized layer is derived from economic resilience theory; the measurement indicator sources, resilience attributes, and indicator attributes are derived from rootedness theory.
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Importance indicators  Top 10 country names

Weighted indegree China, Japan, Rep. of Korea, Spain,
Germany, Bulgaria, India, Malaysia,
Finland, Georgia

Weighted outdegree Chile, Peru, Indonesia, Mexico, Australia,

USA, Canada, Panama, Mongolia, Brazil

Weighted degree China, Chile, Peru, Japan, Indonesia, Rep.
of Korea, Spain, Mexico, Australia, Brazil
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Metals markets Max Min Mean St ev Skewness Kurtosis

Li 12500 026 037 000 0.08 104 603 -7.20
Co 12500 -031 023 000 0.09 ~0.48 254 -3.60
Ni 12500 -0.19 035 000 0.07 073 288 -4.89
Cu 12500 -0.17 015 000 0.04 ~034 337 -432
si 12500 056 075 0.00 0.10 196 28.68 -5.14
Ag 12500 -0.18 028 0.00 0.06 072 323 -547
Ce 12500 -0.12 0.03 ~001 0.02 -328 1458 -471
Dy 12500 023 021 000 0.06 004 254 ~6.49
La 12500 011 005 ~0.01 0.02 -125 508 -358
Nd 12500 ~0.97 092 0.00 015 ~0.40 27.88 555
Tb 12500 025 021 0.00 0.08 ~024 166 -5.29
Pr 12500 -0.17 021 000 0.06 021 250 ~439
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Metals markets Co Ag Ce Tb Pr
Li 40 28 84 54 19 67 66 32 43 7.1 74 65 60
Co 53 424 41 18 44 44 17 59 85 8 66 68 576
Ni 69 52 38.1 134 18 107 3 31 42 27 7 4 619
Cu 36 62 121 | 362 39 119 22 41 68 26 76 28 638
Si 23 44 14 23 703 41 17 27 4.8 14 1.9 238 297
Ag 22 ' 46 v 125 11 9 421 2 ' i3 ] 17 5.5 14 579
Ce 98 48 51 64 23 39 363 87 45 62 7 5 637
Dy 41 12 47 44 56 46 23 326 25 102 21 69 67.4
La 47 36 26 28 63 31 48 45 52.1 52 35 67 479
Nd 58 33 51 16 47 14 28 101 41 316 | 154 | 142 684
Tb 47 46 67 43 49 25 18 173 27 121 29 93 71
Pr 58 38 7.6 21 35 13 33 81 37 15 126 | 331 6.9
TO 553 v 46 | 702 | 555 | 483 | 545 322 v 729 | 92 | 7022 95 663 TCI
NET -47 | -13 84 -84 | 186 | 34 | -315 54 12 38 2 -05 597
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Variable category

Explanatory variable

Dependent variable

Mediating variable

Control variable

Variable name

Climate risk index

Urban economic resilience
index

Resistance and recovery
capacity

Adaptive and adjustment
capacity

Innovation and transformation
capacity

Urban population size

Urban financial stability

Urban entrepreneurship
activity

Urban facility development
level

Urban economic density

Urban foreign investment
dependence

Urban human capital level

CRI

UERI

Rel

Ada

Enpu

Psize

Fin

Live

Fund

Den

Export

Hr

Variable descripti

A composite index derived
from the standardized indices
Of LTD. (Extreme Low
Temperature Days), HTD
(Extreme High Temperature
Days), ERD (Extreme Rainfall
Days), and EDD (Extreme

Drought Days)

Measured using three
dimensions: resistance and
recovery capacity, adaptive and
adjustment capacity, and
innovation and transformation
capacity, with 11 secondary
indicators

Calculated using entropy
weighting based on indicators
such as per capita GDP and per
capita disposable income of
urban residents

Calculated using entropy
weighting based on indicators
like fixed asset investment and
local fiscal expenditure

Calculated using entropy
weighting based on indicators
like the total number of
large-scale enterprises and
fiscal education expenditure in
the region

Logarithmic value of the total
urban population at the end of
the year

Ratio of year-end loan
balances of financial
institutions to regional GDP.

Ratio of the number of private
and individual employees in
urban areas to the urban
population

Per capita road area

Ratio of regional GDP to
urban land area

Proportion of actual foreign
investment in GDP for the city
that year

Ratio of regular college and
university students to the
permanent urban population

Data sources

National meteorological centre
of China

China city statistical yearbook

China city statistical yearbook

China city statistical yearbook

China city statistical yearbook

China city statistical yearbook

Chinacity statistical yearbook

China city statistical yearbook

China city statistical yearbook

China city statistical yearbook

China city statistical yearbook

Chinacity statistical yearbook
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Mean  Sd Min  Med Max

CRI 2212 0.097 0094 | 0011 0070 | 0987
UERI 2212 3318 0240 | 0292 3329 | 4472
Rel 2212 0.141 0081 | 0016 0120 | 0695
Ada 2212 0.069 0082 | 0.004 0044 | 0726
Enpu 2212 0.041 0065 | 0.002 0023 | 079
Live 2212 0.123 0126 | -0.023 | 008 | 0.130
Fund 2212 2505 0678 0 2577 | 4112
Den 2212 0.040 0037 | 0001 0028 | 0271
Export 2212 0017 0018 0 0.011 0.136
Hr 2212 0018 0018 | 00003 | 0012 | 0.113
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Sub-indicators

Explanation

LTD ‘The number of extreme low-temperature days
HID “The number of extreme high-temperature days
Climate risk index (CRI)
ERD “The number of extreme rainfall days
EDD ‘The number of extreme drought days

Notes: Following the method of Guo et al. [38), we constructed an indicator system for urban climate risk.
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Dimension and weight

Resistance and recovery capacity (0.178)

Adaptive and adjustment capacity (0.445)

Indicator explanation
Per capita GDP (10,000 yuan) 0.278
Per capita disposable income of urban residents (10,000 yuan) 0.126
Household savings deposits (10,000 yuan) 0.401
Average employee wage (yuan) 0.194
Fixed asset investment (10,000 yuan) 0.421
Local fiscal expenditure (10,000 yuan) 0.554

Balance of loans and deposits in RMB from financial institution 0.025

Innovation and transformation capacity (0.377)

‘Total number of enterprises above designated size 0.164
Education investment (10,000 yuan) 0.272
Science and technology investment (10,000 yuan) 0.541

Urbanization rate 0.023
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Industry

Panel A: Short-term frequency(1-5 days)

Ex 277 28.00 9.64 37.64

Pr 27.88 4171 1159 39.47
Tr 1228 14.68 5326 26.97
To 40.16 42.68 2124

Net 252 321 -5.73 TCI = 34.69

Panel B: Medium-term frequency(5-22 days)

Ex 748 4.93 1.90 6.83

Pr 476 733 243 7.19
Tr 197 278 10.09 475

To 6.72 771 434

Net -0.11 052 -041 TCI=6.26

Panel C: Long-term frequency(22-Inf)

Ex 274 193 0.60 253

Pr 1.30 236 063 1,94

e 053 1.00 340 1.53
To 1.83 293 123

Net -0.70 1.00 -030 TCI = 2.00

Note: The table presents the spillover results of stock indices in the oil extraction (Ex), oil
processing (Pr), and ol trade (Tr) industries across different frequency domains. The
clements in the ith row and jth column represent the contribution of market js price
returns to market s price returns, specifically referring to the directional spillover of
returns from market j to market i. The diagonal clements in the matrix quantify the shares
attributed to the intrinsic volatility of each market, whereas the non-diagonal elements
represent cross-market spillovers, i, spillover effects originating from other markets. “To”
and “From” signify the total outgoing and incoming directional spillovers, respectively;
calculated as the sums of the non-diagonal elements in the rows (transmission) and
columns (reception). “Net” refers to the net spillover, which is the difference between the
total outgoing (“To") and incoming (*From") spillovers. The total spillover effect index,
located in the bottom right corner of the table, s derived by dividing the sum of all
T T T





OPS/images/fphy-13-1599993/inline_1.gif





OPS/images/fphy-13-1599993/fphy-13-1599993-t001.jpg
Industry Maximum Minimum Skewness Kurtosis

Ex ‘ 0023 9.581 -10524 1732 0,088 10211 -12916'
Pr ‘ 0030 8931 -10269 1557 0471 9559 -10.100"
Tr ‘ 0012 9516 ~1159% 2230 ~0.820 7.058 -11.821°

Note: This table reports descriptive statistics on the returns of oil extraction (Ex), oil processing (Pr), and oil trade (Tr) industries indices.
" F il cian: Hhiat fhe vepiis eotatton S pok Beait k- this slpat Roamios Sovel of 1% aiid ADE 1 51 Aogmisissd Dickev-Pillerndt oot ssit suitie.
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Ex 53.00 34.86 1214 47.00

Pr 33.94 ‘ 51.40 ‘ 14.66 48.60

Tr 14.78 ‘ 18.46 ‘ 66.75 ‘ 3325

To 48.72 ‘ 53.33 ‘ 26.80

Net 172 473 -6.44 TCI=42.95

Note: This table reports the total spillover matrix for the oil extraction (Ex), oil processing
(Pr), and oil trading (Tr) industry indices. The clements in the ith row and jth column
represent the contribution of market s price changes to market i’ price returns,
representing the spillover of returns from market j to market i. The diagonal elements in the
matrix quantify the shares attributed to each markets own price changes, whereas the
non-diagonal elements represent cross-market spillover effects, ic.,spillovers from other
markets. “To" and “From” denote the total directional spillovers, with “To” representing the
total spillovers propagated to other markets (propagation) and “From” representing the
total spillovers received from other markets (acceptance), respectively. These are calculated
as the sums of the non-diagonal elements in the rows and colums, respectively. “Net”
refers to the net spillover, which s the result of subracting the total received (“Fronr’) from
the total propagated (“To’). The total spillover effect index, shown in the bottom right
corner of the table, is obtained by dividing the sum of all non-diagonal elements by the
i e e o
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Explained variable Soundness Sound Summarize 12 three-level indicators including stability, development, and efficiency using
entropy method
Climate Risk Climate Number of days of extreme events
Extreme rainfall Ipd Number of days with extreme rainfall exceeding the threshold
Corexplanstory variales | EXEmely high temperature | Hid Number of days with extreme high-temperatures exceeding the threshold
Extreme low- temperature Ltd. Number of days with extreme low-temperatures exceeding the threshold
“Transition risk ‘Translation | The proportion of GDP of high carbon emission industries to the GDP of prefecture level
cities
Bank asset size Lsize Logarithmic calculation of total assets
Proportion of equity assets Ea Proportion of equity assets to total assets
Deposit ratio Dep Deposit size as a percentage of total assets
Control variables Net Interest Margin Nim ‘The ratio of net interest income to total interest bearing assets of the bank
Proportion of interest income | Irr Net interest income to operating income ratio
Night light brightness Lights Mean value of light points within the city where the bank is located
PM25 PM25 Mean PM2.5 levels within the city where the bank is located
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FRED dataset Nasdaq market index dataset

MAE | R2 1 MAPE | RMSE|  MAE | R MAPE |
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Optimization
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Optimization
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Strategy
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ESG ratings classification

Market risk classification

AUC- Accuracy Precision Recall T AUC- Accuracy Precision Recall T
ROCT T 1 ROC 1 1 T

LSTM [44] 0.810.02 754205 74104 728403 0.7820.02 73,6405 723504 712403

GRU [45] 0.7940.02 742405 73.040.4 709403 0.760.02 725105 711404 698403

Transformer 0.84+0.02 76.840.5 75.640.4 749403 0.82:0.02 752405 741404 73503
[46]

XGBoost 0774002 73.0£0.5 71804 705403 07520.02 716405 702:04 69103
(471

LightGBM 0.8020.02 745205 732404 718203 0.7840.02 731205 71904 704£03
[48]

MLP [49] 0.78+0.02 74.040.5 725404 712203 0.77+0.02 72.9:05 70,103

Ours 0.89:0.02 81.2:05 80.4+0.4 791203 0.87:0.02 79.8+0.5 78,5804 773203
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Variables (1) (2) (3)

Distance matrix (W1) Adjacency matrix (W2) Economic matrix (W3)
~0014" ~0.013" ~0.014"
SL
(-2.00) (-1.99) (-213)
-0271"" 0015 -0.009
wsL
(-330) (1.25) -071)
1203 1303 0957
PopDen
(5.00) (561) (4.12)
~0.296 -0412 0.062
PerGDP
(-0.75) (-1.11) (0.15)
0.646" 0.703* 0.464
Edu
(1.72) (o) (1.29)
0.001 0122 0.150
FD
(0.00) (0.42) (0.50)
~0.447 -1.297 -0.277
Gov
(-052) (-1.62) (-034)
-0.014 -0.010 -0018
Service
(-122) (:0.92) (-159)
08937 0467 0402
P
(28.79) (23.84) (18.40)
4681 4136" 4427
7
(36.37) (3578) (36.00)
WControls Yes Yes Yes
-0.012 -0.016"
Direct effect
(-2.66) (-1.62) (-2.26)
-3.147* 0.012 -0.027
Indirect effect
(-1.85) (064) (-140)
-3175° 0001 -0.043°
Total effect
(-1.86) 0.03) (-188)
City FE Yes Yes Yes
Year FE Yes Yes Yes
Obs 2,430 2430 2,430
R 0015 0.002 0017

This table reports the results of regressions including alternative proxies for the dependent variable under different spatial weighting matrices: distance matris, adjacency matrix, and economic

matrix. The dependent variable is replaced by MR, refers to total enterprises mortality ratedeat across prefecture-level. Two-way fixed effects are included. -statistics are shown in parentheses.
w0 o Tndicate slentificance at G 1%, 5%. aind 10% lovels, isspectivel
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Variables (1) () (3)
Distance matrix (W1) Adjacency matrix (W2) Economic matrix (W3)
00139 00152" 00170"**
Treat x Post
(2.80) (3.12) (353)
01675 00579
W(Treat x Post)
(4.13) (6.76) (5.70)
00283 0.0286"" 00279
PopDen T
(4.40) (4.33) (4.36)
00528 00576"*" 00513
PerGDP :
(4.96) (5.35) (529)
~0.0282°" 00278 ~0.0322"
Edu
(273) (272) (317)
00383 0.0705"** 00451
FD
(2.28) (4.20) @74)
0.0053 00195 00016
Gov
(0.22) (-0.84) (0.07)
01184
,
(3.07) (8:85) (521)
00034 000347 000347
@ o
(36.65) (36.53) (36.55)
WControls Yes Yes Yes
00145 00177 00177
Direct effect
(2.94) (3.73) (3.70)
02308 0.0644°** 00675
Indirect effect
(3.78) (7.08) (5.89)
02453 00821 00852
Total effect T
(4.14) (9.26) (7.87)
City FE Yes Yes Yes
Year FE Yes Yes Yes
Obs 2,673 2,673 2673
R 0392 0.026 0.183

This table presents the regression results using a DID approach to examine the effect of the New Asset Management Regulations, which aimed to reduce systemic financial risks by regulating
shadow banking activities. Cities are divided into a treatment group (with shadow banking scales above the 50th percentile) and a control group (below the 50th percentile). The policy is

expected to have a more significant impact on cities with larger shadow banking activities. Two-way fixed effects are included. t-statistics are shown in parentheses.

significance at the 1%, 5%, and 10% levels, respectively.
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Algorithm

meters

Range of values

Optimal parameter:

Criterion Gini, entropy Gini
Max_depth 3,5,10,15,20.25,30 15
Decision Tree
Min_samples_leaf [123,45] 1
Min_samples_split [24,6,8,10] 2
N_estimators 50,1000], step = 1 7
RandomForest
Max_depth 3,69,12,15,18,21,24,27,30 18
Learning rate (0.0001-0.1] 01
N_estimators [50,1000], step = 50 150
Max_depth 3,30], step = 1 21
GradientBoostingClassifier Max_features [10,50], step = 3
Subsample [0.1,09], step = 0.1 08
Min_samples_leaf (60,100}, step = 1 70
Min_samples_split 50,200}, step = 1 100
Learning_rate (0.0001-0.05], step = 0.001 0.136
Rsm 0.6, 1.0}, step = 0.1 060
Catboost Subsample 0.6, 1.0], step = 0.001 0736
Iterations 20, 50] step = 1 50
Depth [3,6), step =1 4
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MSEMR

SL

SL_sum

e ons

Micro and Small Enterprise Mortality Rate

Shadow Lending

Sum of SL and chain-based shadow lending activities

Calculatiol

‘The number of exited firms divided by the sum of
firms existing at the end of the previous year and
newly established firms in the current year, multiplied
by 100%

Natural logarithm of the sum of entrusted loans,
entrusted wealth management products, and private
loans (i.e., other receivables) financed by the listed
companies registered within the city

‘The natural logarithm of the scale of non-financial
listed firms involves in intermediary (i.e., SL) and
chain-based shadow banking activities as lenders,
where chain-based shadow banking activities refers to
the amount of listed companies indirectly involving in
shadow banking activities through purchasing trust
products, bank wealth management products, and
internet financial products

PopDen

PerGDP

Edu

FD

Population Density

Per capita GDP

Education

Financial Development

the natural logarithm of the number of persons per
square kilometer in each region

‘The natural logarithm of the GDP per capita

‘The natural logarithm of education expenditure in
each region (in yuan)

Degree of financial development, measured as the ratio
of bank loan balances to local GDP.

Gov

Service

This sl sapnets i dabsition. canadation B nllsla el sl variales el lnou aaplical snabvik.

Government Support

Proportion of Tertiary Industry

“The ratio of public fiscal revenue (in yuan) to public
fiscal expenditure (in yuan)

Share of tertiary industry in GDP (%)
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ACE Moran’s | (W1) alue Moran’s | (W2) Z-value Moran’s | (W3)

2012 0.067 10.112 0304 6962 0269 8665
2013 0.058 8.936 0249 5855 0218 7.201
2014 0.038 7.126 0.160 4476 0.140 5497
2015 0.069 10.129 0310 6916 0261 8205
2016 0.073 10252 0365 7817 0300 9.067
2017 0.076 10573 0343 7.328 0281 8439
2018 0.064 9.013 0.335 7174 0.255 7.720
2019 0.063 8.900 0342 7.303 0236 7.129
2020 0,050 7.174 0262 5634 0159 4838
2021 0.064 9.226 0352 7.658 0151 4681
2022 0.063 9.205 0277 6171 0187 5.889

This table tepoits the Global Morass T Index for mortality micco and amall éntérprises sortallty dmounts 4cois preféctire:level.
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LM tests Robust LM tests

Test Statistic | P-value | TestStatistic | P-value
Spatial Error Model 2818.977 0.000 2129215 0.000

Spatial Lag Model 793.643 0.000 103.882 0.000

This table reports the results of Lagrange Multiplier (LM) tests and Robust Lagrange
Mool taeis o soatiil pocniainatilc s,
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Null hypothesis HO Test statistic

Spatial fixed effects model is nested within the two-way fixed effects model 121.32
LR Tests
‘Time fixed effects model is nested within the two-way fixed effects model 1900.64
All coefficients of spatially lagged explanatory variables are equal to zero (no spatial lag effects) 13828
‘Wald Tests
Existing a specific linear relationship between the spatial lag and spatial error terms 159.56

This table reports the results of Likelihood Ratio (LR) and Wald Tests for the Spatial Durbin Model (SDM).

0.000

0.000

0.000

0.000
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Mean SD Max

MSEMR 2673 | 11779 | 9249 | 0869 | 9252 | 46458
SL 2,673 | 15845 | 9.806 0 20596 | 29.387
SL_sum 2673 | 16583 | 9.408 0 20808 | 29.395
PopDen 2673 | 5835 0994 | 0964 | 6005 | 8212
PerGDP 2,673 10.88 0553 | 9.084 | 10869 | 13.056
Edu 2,673 | 22539 | 0788 | 19054 | 22531 | 25486
FD 2673 | 26031 L171 | 23379 | 25819 | 29.898
Gov 2673 | 0475 0218 | 0058 | 0447 ‘ 1.541
Service 2,673 | 44012 | 10.055 114 4384 83.9

This table reports the summary statistics of the variables included in the empirical analyses
over the period of 2012-2022. Within the table, variables are lsted with their corresponding
number of observations (N), mean, standard deviation (SD), and the values at the
minimun (Min), median (P50), and maximum (Max). Regression t-statistics are reported
in parentheses. ***, **, and “indicate significance at the 1%, 5%, and 10% levels,

iamectively Soa Tible ) for dotailed AeGuiatians of thess wariabla,
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Variables (1) (2) (3) (4) (] (6)

Distance matrix (W1) Adjacency matrix (W2) Economic matrix (W3)
Northwest Southeast Northwest Southeast Northwest Southeast
~0.169° ~0027 ~0.147 ~0.021° 0162 -0015
SL_sum 1
(-1.78) (2.14) (-146) (-1.74) (-1.58) (-125)
~1.095" -0672"" -0297" ~0.049" -0192 ~0.069"
WSL_sum T
(:3.56) (-4.34) (-235) (-2.05) (-1.26) (-177)
13518 0.635 14.268"" 0497 15162 0709
PopDen T
(4.44) (1.41) (4.30) (1.15) (4.49) (1.67)
13010 1787 18.696™ 2233 21914 0.690
PerGDP T
(2:50) (2.39) (3:52) (322) (77 (1.09)
20831 0770 31496 0036 -27.102" -0.189
Edu t
(262) (113) (-361) (0.06) (3.13) (-:030)
15.826™ 1119 17507 -1.715"* 16.779"* -2211""
FD :
(283) (-1.99) (2.93) (-327) (@.74) (-4.20)
~24.009" 0916 -24732" 0,667 -17654 1792
Gov
(-1.93) (0.58) (-1.85) (0.46) (-1.33) (1.27)
-0272° -0015 ~0.171 -0.020 -0218 -0.036"
Service
(-1.93) (-0.66) (-117) (-097) (-1.40) (-179)
~0359"" 0,895 0180 0505 0135 06107
¥ |
(3.91) (29.06) (-334) (2449) (239) (23.00)
94.646° 13.927° 105637 11983 110374 12.285°
7@
(10.95) (34.80) (10.93) (33.99) (10.97) (34.41)
WControls Yes Yes Yes Yes Yes Yes
~0.120 ~0.0657" -0.19 ~0.030° 0151 -0022
Direct effect T
(-1.24) (271) (-116) (-224) (-1.45) (-1.64)
0854 -7769" -0254 0114 0189 0207
Indirect effect T
(377) (-1.88) (252) (272) (-1.40) (224)
~0974" -7834" -03737 0144 ~0340 ~0.228"
Total effect
(:3.99) (-1.89) (-2.86) (-2.84) (217) (-2.30)
City FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Obs 242 2431 242 2431 242 2431
R 0015 0481 0.008 0,008 0.025 0232

This table presents the regression results analyzing the impact of economic development on shadow lending activities across different regions divided by the Hu Line. Column (1), (3) and (5)
present results for the Northwest, while Column (2), (4) and (6) report results for the Southeast, Two-way fixed effects are included. t-statistics are shown in parentheses. **, **,and “indicate
significance at the 1%, 5%, and 10% levels, respectively.
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Variables (1) () (3)

Distance matrix (W1) Adjacency matrix (W2) Economic matrix (W3)
~0.064"" -0.054"" -0.053""
SL_sum
(-3.23) (-2.74) (-270)
-1775"" -0.176"" ~0.371"
WSL_sum
(-7.76) (-4.73) (-663)
3450 3.186™ 3193
PopDen
(5.20) (4.70) (4.87)
5707 6.016" 4854
PerGDP
(5.24) (5.54) (4.94)
-1.520 ~1.594 =2.109""
Edu
(-1.46) (-1.55) (-2.07)
-0.265 -0.112 0595
FD
(-031) (-:013) (-070)
-0.359 -1.891 -1750
Gov
(-:0.15) (-081) (-078)
~0.008 ~0.003 ~0.009
Service
(:025) (:0.09) (-:030)
0461 0191 0166
P
(6.03) (9.90) (7.54)
35,593 35.256™" 34896
@
(36.34) (36.50) (36.54)
WControls Yes Yes Yes
-0.077"* ~0.064"" ~0.060"""
Direct effect 1
(-381) (-3.16) (-301)
-0.221"" ~0.459"
Indirect effect
(-5.01) (-5.58) (-7.49)
~3536"™" ~0.285"" ~0.519""
Total effect 8
(-5.09) (-5.82) (-7.66)
City FE Yes Yes Yes
Year FE Yes Yes Yes
Obs 2,673 2673 2,673
R 0358 0011 0.135

This table reports the results of regressions including alternative proxies for the independent variables under different spatial weighting matrices: distance matrix, adjacency matrix, and
economic matrix. The independent variable s replaced by SL._surm, refers to the sum of SL, and the amount that listed companies indirectly involving in shadow banking activites through

purchasing trust products, bank WMPs, and internet financial products. Two-way fixed effects are included. t-statistics are shown in parentheses. ***, *, and “indicate significance at the 1%,
5%, and 10% levels, respectively.
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This table presents the time-lagged effects of shadow lending on the micro and small enterprises mortality rate across contemporancous and lagged periods (t, t+1, and t+2). The panel
regression models include two-way fixed effects. Standard errors clustered at the firm level.t-statistics are shown in parentheses. ***, *",and “indicate significance at the 1%, 5%, and 109 levels,
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This table reports the results of our main regression model of Equation 1. See Table 3 for detailed variable definitions. The dependent variable is the micro and small enterprises mortality rate
(MSEMR), while the independent variable is shadow lending by local non-financial listed firms (SL).The results are reported under different spatial weighting matrices: distance matrix
[Column (1)-(2)}, adjacency matrix [Column (3)-(4)}, and economic matrix [Column (5)-(6)), each under both random and fixed effects models. Two-way fixed effects are included where
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This table decomposes the spatial spillover effects into direct, indirect, and total effects under different spatial weighting matrices: distance matrix, adjacency matrix, and economic matrix.

Two-way fixed effects are included. t-statistics are shown in parentheses.

', and “indicate significance at the 1%, 5%, and 10% levels, respectively.
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