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Low-carbon agricultural development in China is a prerequisite for rural revitalization and a key to achieving socio-economic green transformation. This paper used agricultural data from 30 Chinese provinces from 2001 to 2020, considering both carbon emissions from farming and livestock, agricultural low-carbon total factor productivity (ALTFP) was measured using the RSBM-GML index. Based on this, the network characteristics and driving mechanisms of low-carbon synergistic development in agriculture were explored with the help of an improved gravity model and social network analysis, and the dominant provinces in low-carbon synergistic development in agriculture are identified. The study revealed that the spatially linked network of ALTFP in China exhibits multi-threaded characteristics of spillover to non-adjacent provinces, and the whole network has a sparse structure and hierarchy. The eastern regions such as Beijing, Tianjin, Shanghai, Jiangsu, and Zhejiang are at the core of the network, with closer ties to other regions and a stronger role in allocating resources. While the western regions such as Xinjiang, Qinghai, and Gansu are located at the periphery of the network, with weaker access to the resources. Meanwhile, the spatial proximity of provinces, the widening of differences in urbanization levels and differences in financial support for agriculture, and the narrowing of differences in the educational attainment of rural labor have significantly contributed to the formation of provincial spatial linkages. This study reveals that China’s government needs to give full play to the role of core regions as “leaders”, and promote the balanced and coordinated regional development of low-carbon agriculture in China. In addition, policy makers should further optimize the spatial allocation of agricultural resource elements between provinces. The findings of the study provide reference suggestions for the development of regionally differentiated agricultural low-carbon development plans.
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1 INTRODUCTION
In recent years, the problem of excessive carbon emissions has attracted the attention of the global public, governments, and academia. To reduce carbon emissions, countries are actively taking measures (Yu and Wu, 2018; Zhao et al., 2018). China is currently the largest carbon-emitting country in the world, and the Chinese government has committed to reaching peak carbon emissions around 2030, enacting a series of laws and regulations to break down energy conservation and emission reduction in various regions and industries (Zhou et al., 2020; Yang et al., 2022a).
Agriculture is one of the core sectors in a country to ensure the security of food supply and maintain socioeconomic stability, and its sustainable development is closely related to people’s welfare. China’s total agricultural output value of 139.7 billion RMB increasing to 147013.40 billion RMB in 2021. However, the tremendous achievement has been accompanied by a transition in resource consumption and a surge in agricultural carbon emissions (Xu and Lin, 2017; Zhang L. et al., 2019). Agricultural carbon emissions account for about one-fifth of China’s total carbon emissions (Guan et al., 2008; Liu et al., 2021), as the second largest source of carbon emissions in China, agricultural production activities generate 50% of CH4, 70% of N2O and 28.5% of CO2 (Zhang X. et al., 2019; Yue et al., 2021). Hence, low carbon agricultural development for China and emerging economies like China means adopting a low carbon emission development model while maintaining total economic output and low carbon emissions (Ang and Su, 2016; Wu J. et al., 2020; Hamid and Wang, 2022).
The impact of China’s agroecology deserves high priority (Li and Wu, 2022; Wu et al., 2022). The relevant documents guiding the work of “agriculture, the countryside and farmers” further emphasize the promotion of green transformation of agriculture in 2022. With the development of agricultural mechanization and agricultural intensification, China’s agricultural production activities have become increasingly dependent on the use of chemical materials such as fertilizers, pesticides, and plastic films (Zhen et al., 2017), which are important sources of excessive CO2 emissions (Wang L. et al., 2022). In addition, advances in farming technology and increased demand for meat have led to a significant increase in CH4 and N2O emissions from livestock (Qian et al., 2018). In previous studies, the environmental and social impacts of livestock production patterns have been largely ignored (Escribano et al., 2022). Therefore, integrated consideration of carbon emissions from farming and livestock is important for China to achieve sustainable agricultural development (Paul et al., 2019). This paper examines agricultural carbon emissions based on the broad scope of agriculture. It refers to the greenhouse gas emissions directly or indirectly caused by the agricultural production process, including carbon emissions caused by agricultural land use activities such as fertilizers, pesticides, and CH4 and N2O from enteric fermentation and manure management in livestock.
Uneven regional development is a challenge for many developing countries, and the gap between backward and developed regions is not only an economic issue but also a source of social conflicts. The practice of poverty reduction in China proves that it is particularly important to focus on coordinated regional development. With the improvement of the national market mechanism and the free flow of factors across regions, the spatial connection between regions is getting closer and closer, the process of regional economic integration is advancing (Hao et al., 2021), and the exchange and cooperation of agricultural development between regions are no longer limited to neighboring areas, but presents the characteristics of a complex network, and there is a spatial interaction effect of agricultural carbon emissions between regions (Cui et al., 2021; Liu and Yang, 2021; Wu et al., 2021). In reality, there is extensive communication among farmers, and contacts between farmers or rural neighbors are the main channel to obtain agricultural technology information (Tze Ling et al., 2011; Genius et al., 2014). Social networks promote green technology diffusion by enhancing communication among farmers and are an effective way for agricultural technology to spread (Li et al., 2017; Cai et al., 2022). Agriculture has strong positive inter-regional spillover effects, so expanding inter-regional cooperation in agricultural research can increase efficiency, and in particular, training researchers in less productive areas can increase TFP (Zhan et al., 2017).
The contributions of this study are threefold. First, we incorporate both carbon emissions from farming and livestock into the research framework of green agricultural development and use them as non-expected outputs to accurately examine the spatial network characteristics of low-carbon agricultural development in China and its evolutionary trends. Second, we adopt an alternative research idea different from linear causality analysis-social network analysis, focusing on the two-way interaction between research objects, breaking the gap between micro and macro, and eliminating all kinds of dichotomous problems. The roles and functions of each region in the spatial network structure of agricultural low-carbon development were further screened. It provides a reference basis for promoting the balance and coordination of regional low-carbon development. Third, we further explore the influence of the spatially linked network characteristics of regions on their green development and analyzed the drivers of network formation, we find space for the development of green agriculture in China. As a result, this study examines the inter-regional interactions, aiming to further promote inter-regional spatial linkages and achieve inter-regional complementarities and coordinated development. It not only provides referenceable suggestions to promote the formation of China’s agricultural carbon reduction policy and the construction of a cross-regional green synergistic governance mechanism but also provides experience value to the economic transformation and stable development of other emerging real economies like China.
The rest of the paper is described as follows: Section 2 composes the relevant literature on research progress, and Section 3 includes the methodology and data sources used. In Section 4, we present the main findings and some brief discussions, and Section 5 provides an empirical analysis of the relevant network drivers. In Section 6, we provide the conclusions and policy implications of the study.
2 LITERATURE REVIEW
Accurate analysis of ALTFP growth is crucial for designing policies to obtain their effectiveness (Shen et al., 2019), especially for one of the world’s largest food producers and food consumers like China, where production efficiency that takes into account environmental factors is important for achieving sustainable agricultural development (Dakpo et al., 2016; Wang et al., 2018; Liu et al., 2022). In terms of calculation methods for agricultural TFP, most scholars use data envelopment analysis (DEA) (Gong, 2020) and stochastic Frontier analysis (SFA) approaches (Zhang L. et al., 2019). Environmental factors were not considered in earlier studies (Suhariyanto and Thirtle, 2001; Bai et al., 2012). With the increasing environmental constraints in agricultural production, scholars have started to work on agricultural green TFP that takes environmental factors into account (Zhong et al., 2021). In subsequent empirical studies, scholars have identified some limitations of the traditional ML index (Battese et al., 2004); A global measurement technique index that uses all measurement periods as a benchmark for the efficiency Frontier surface was proposed (Pastor and Lovell, 2005; Fukuyama and Weber, 2009). The global measurement technique and the ML measurement technique were combined based on Pastor and Lovell to form the Global Malmquist-Luenberger (GML) index (Oh, 2010), it is gradually used by Frontier researchers in this field (Ren et al., 2022). Compared with the traditional ML index, the GML index can effectively solve the problem of linear programming without feasible solutions. The research process considers group heterogeneity, divides the sample into several groups, and introduces the concept of common Frontier and group Frontier, which is more suitable for regional variance analysis (O'Donnell et al., 2008). In this paper, the Super-efficiency ray slacks-based measure (Super-RSBM) model and the GML index were chosen for further calculations.
At present, research on the assessment of the low carbon development level of Chinese agriculture and its influencing factors has yielded fruitful results. Cheng et al. (2016) and Qin et al. (2022) studied from the perspective of single-factor productivity, and examined the agricultural carbon productivity of 31 provinces and regions in mainland China during the period 1997–2012. Ji and Xia (2020), Guo and Liu (2021) analyzed the spatial and temporal convergence of agricultural green TFP in China from a dynamic perspective. Yang et al. (2019) explored the degree of spatial divergence of agricultural green TFP. The main influencing factors of low carbon development in agriculture are crop insurance (Carter et al., 2016; Fang et al., 2021), digital inclusive finance (Gao et al., 2022), agricultural financial subsidies (Li et al., 2021), industrial agglomeration (Wu J. et al., 2020), farmers’ characteristics, economic development level, farmers’ income level, financial support to agriculture (Adnan et al., 2018), agricultural structure, resource utilization, and environmental pollution control level (Liu et al., 2021), the foreign trade of agricultural products, and foreign direct investment in agriculture and agricultural technology input (Chen Y. et al., 2022), all of which showed that the agricultural green development in China showed a good trend, but the inter-provincial differences widened, and the spatial distribution gradually became uneven, with significant spatial dependence. Hence, it is necessary to pay attention to the spatial interaction effect between regions and gradually reduce the regional disparity in agricultural development (Li et al., 2019).
In the study of spatial linkage in carbon emissions, a portion of scholars has used spatial measures. Spatial measurement only considers the influence of “quantity”, but not the influence of “relationship”. The social network approach can overcome the shortcomings of the spatial measurement approach and is increasingly used in the spatial relationship of carbon emissions. For example, He et al. (2020) constructed a spatially correlated network of carbon emissions from the power sector in each province of China, Bai et al. (2020) examined the structure of the spatially correlated network of carbon emissions from transportation in China and its drivers, Liu and Xiao (2021) studied the spatial correlation of carbon emissions from industry in China, Huo et al. (2022) and Wang Z. et al. (2022) examined the spatially correlated network structure of carbon emissions from buildings in China network structure and its drivers, and Song et al. (2019) explored the spatial structure pattern and correlation effects of carbon emissions in the Chengdu-Chongqing urban agglomeration. However, few studies have applied social network analysis methods to carbon emission relationships in agriculture.
The current research on low-carbon development in agriculture has achieved richer results, but there is still room for further improvement and supplementation. First, in the measurement of ALTFP, most studies have taken farming as the main object and selected six aspects of agricultural production: fertilizer, pesticide, agricultural film, tillage, machinery use, and irrigation as carbon sources to measure agricultural carbon emissions. However, the fact that farming and livestock have long each accounted for half of China’s total agricultural carbon emissions, so carbon emissions from livestock should also be taken seriously. Second, the spatial linkage of ALTFP is mostly based on “attribute data”, which results in local relationships, and the variables need to satisfy the assumption of independent interconnectedness. Third, many research results empirically proved the existence of spatial linkages in low-carbon agricultural development in China but did not further clarify the reasons for the formation of spatial linkages. Therefore, the study firstly measured China’s ALTFP from 2001 to 2020 with the Super-RSB model from the perspective of farming and livestock. Secondly, drawing on the modified gravity model, the spatially linked network structure of green agricultural development in different provinces was analyzed using social network analysis. Finally, using the Quadratic Assignment Procedure (QAP) to explore the driving factors of low-carbon development in agriculture, and analyze the reasons that led to the unbalanced development of regional low-carbon agriculture.
3 METHODOLOGY AND DATA ALLOCATION
3.1 Calculation of ALTFP
Green/low carbon total factor productivity has become an important basis for judging the sustainability of the economy1(Liu et al., 2021; Hao et al., 2022). While earlier DEA models could measure environmental efficiency with undesired outputs, the weak disposable relationship that exists between undesired and desired outputs was ignored. The introduction of a DEA model with a directional distance function partially corrects this deficiency. However, the designation of direction vectors is subjective, the improvement of each decision-making unit (DMU) may not be unique, and these models do not take into account the weak disposable relationship between desired and undesired outputs, to solve this problem, Song et al. (2018) introduced polarity theory into the SBM model and proposed the RSBM model. In this paper, RGML index is used to measure ALTFP, which was measured by referring to Song et al. (2018). The constructed Super-RSBM model is:
[image: image]
Where [image: image] represent the slack in inputs, desired, and undesired outputs. In slack variables, the objective function is monotonically decreasing. For the effective DMUO to be evaluated, the DEA unit is effective only when [image: image], while the higher the value [image: image] the higher the efficiency.
The above equation can calculate the efficiency value of the evaluated unit under certain technical conditions, but technical efficiency at this point is a static analysis that cannot reflect the direct impact of productivity changes on agricultural production and development. For this reason, the GML index is introduced. Compared with the ML index, the GML index can effectively solve the problem of linear programming without feasible solutions. Referring to (Oh, 2010), the RGML index is defined as follows:
[image: image]
If [image: image]<1, then desired output decreases and non-desired output increases, and ALTFP is lower than the previous period level, conversely, the ALTFP is higher than the previous period level. When [image: image] taking the non-negative value and its value is greater than 1, it indicates that ALTFP increases. Considering that Malmquist is a chain index, which is a dynamic growth rate, this paper transforms ALTFP into a fixed base index to reflect the cumulative trend of ALTFP. [image: image], The ALTFP in 2000 is 1 and [image: image] is the Malmquist index in 2001. By analogy with this formula, we can obtain the TFP values for all years, with 2000 as the base period and excluded in the empirical test summary.
3.2 Determination of spatial correlation of ALTFP
Determining the spatial linkages of ALTFP is the key to effective analysis, and this paper draws on an improved trade gravity model to determine. Provinces are the points in the association network, and inter-regional linkage relationships are the lines in the network, thus constituting the spatial network of regional development. According to the existing literature, most scholars generally use vector autoregressive (VAR) models, gravity models, and Moran’s I index to determine spatial relationships. However, the VAR model is deficient in providing reasonable economic theoretical explanations, it cannot reflect the simultaneous relationships between variables or portray the evolutionary trends of spatial structures, and it is too sensitive to the choice of lag order, which can seriously degrade the network structure characteristics (Lui et al., 2007). Gravity models can integrate relevant economic geographic factors and reveal the evolutionary characteristics of spatially linked relationships in time series and cross-sections. In our study, the gravity model was introduced into the field of agricultural green development concerning (Chen Z. et al., 2022). To improve the applicability of the model, the model was modified as in Eq. 3:
[image: image]
Where [image: image] denotes the association strength of ALTFP in provinces i and j. [image: image] is the ALTFP for province i, [image: image] is the geographical distance expressed as the spherical distance between the capital cities of province i and province j. [image: image] is the economic distance expressed in terms of the GDP per capita of the two provinces. [image: image] is the gravitational constant, usually take 1. However, considering the inter-provincial differences in resource endowments and development approaches. There is a two-way and non-reciprocal spatial correlation in ALTFP, so we use the proportion of ALTFP to correct [image: image].
The spatial correlation matrix of inter-provincial ALTFP is obtained from the modified gravity model, and the average value of each row of the gravity matrix is taken as the threshold value. When greater than the threshold than 1, it indicates a correlation between the provinces in each row and the provinces in this column for ALTFP; otherwise, it takes 0, which means there is no correlation between this row and the provinces in this column.
3.3 Social network analysis
With the gradual deepening of regional coordination strategy and the enhancement of the mobility of market factors, the spatial correlation effect of the regional economy is becoming more and more significant, and there are complex economic links between regions. The same is true of the agricultural economy. Spatially linked networks of low-carbon economies in agriculture are an important part of the economic network, its inner mechanism of formation is a network organization system combining points, lines, and surfaces of capital, resources, labor, low-carbon technologies, and management methods under the guidance of the concept of low-carbon development and the role of several mechanisms, such as factor gathering and dispersal, market regulation, government control, and circular feedback.
Specifically, due to the spatial heterogeneity of geographical location, factor endowments, agricultural development patterns, and agricultural low-carbon technologies in each region, the agricultural economy does not develop in a balanced manner, which leads to a certain “potential energy difference” in the development of agricultural low-carbon economy in each region, providing a “source of power” for the flow of various factors between regions. In this process, the market regulation mechanism guides the flow of agricultural low-carbon development factors to regions with high marginal benefits through supply and demand and prices, forming the core and peripheral areas of a low-carbon economy. The government’s macro-control mechanism is mainly through financial transfer payments, a performance appraisal system, and a regional coordinated development strategy to guide the “reverse gradient” flow of factors, promote regional advantages to complement each other, and achieve balanced and coordinated regional development (Yang et al., 2022b). Therefore, the factors of agricultural low-carbon development are constantly flowing and reconfiguring in space with human, logistics, and information technology flows as carriers, conducting and radiating to neighboring and other regions, it forms a complex spatially linked network of inter-regional agricultural low-carbon economic development. At the same time, under the role of the circular feedback mechanism, the low-carbon economy linkage network will also have an impact on the efficiency of agricultural green development in each region and the “potential energy difference” of inter-regional factor flow, which will eventually promote the accumulation of low-carbon agricultural economy cycle and gradual evolution.
The social network approach is unique in that the unit of analysis is not primarily the actors (e.g., individuals, groups, organizations, etc.), but rather the relationships between the actors. From the “relational” point of view, the object of study can be behavioral, political, social, and economic structures, so this approach is widely used in different fields. The RGML spatially relevant metrics in this paper are relational data, since relational data do not satisfy the “assumption of independence of variables” in the conventional statistical sense, multivariate statistical methods in the general sense do not apply to the analysis of relational data. Social network analysis was used to analyze overall network characteristics, regional network characteristics, and individual network characteristics, and the influence of network structure was tested empirically.
3.3.1 Whole network characteristics
Assessing the whole network characteristics of the spatial association network of ALTFP in Chinese agriculture using network density (D), network connectedness (C), network efficiency (E), and network hierarchy (H). Among them, D reflects the closeness of the connections between individuals in the network. The greater the network density, the greater the network’s influence on the individuals. C reflects the robustness of the network, mainly measuring the reachability of each node, and if C is equal to 1, the network is robust. E reflects the number of redundant lines in the spatial network, the lower the network efficiency, the more stable the network. H reflects the position of each region in the spatial network, and the higher it is, the higher the position of a region in the ALTFP spatial association network. The calculation of network density (D), network connectedness (C), network efficiency (E), and network hierarchy (H) is as presented in Eq. 4:
[image: image]
M is the number of relations existing in the network, N is the total number of network nodes, V is the number of unreachable point pairs in the network, L is the number of redundant lines in the network, and K is the logarithm of symmetric reachable points.
3.3.2 Regional network characteristics
The E-I distribution index is used to analysis of regional development differences of ALTFP spatial association network in Chinese agriculture, it is equal to the ratio of subgroup density to overall density, so the index takes a threshold value in the interval [−1, +1]. The closer the index is to 1, the closer the district subgroups are to each other (external relations) and the less factional forestry. The closer the index is to -1, the less inter-subgroup (external relationships) and the more relationships tend to occur between subgroups, implying a greater degree of factionalism. The closer the index is to 0, the more the number of relationships inside and outside the subgroups is similar, and the relationships tend to be randomly distributed, making it impossible to distinguish between subgroups. The formula for measuring the E-I distribution index is as follows:
[image: image]
EL represents the number of relationships between subgroups and IL represents the number of relationships between subgroups within。
3.3.3 Individual network characteristics
The degree-centrality (Dc), betweenness-centrality (Bc), and closeness-centrality (Cc) are used to analyze the individual network characteristics. Whereas, the degree-centrality reflects the local centrality index of the research subject, and measures the ability of individuals in the network to connect themselves to other individuals, without considering whether they can control others. In a directed network, the degree of each point can be divided into out-degree centrality (Oc) and in-degree centrality (Ic). The in-degree centrality indicates the extent to which the province is influenced by others, the out-degree centrality indicates the ability of the province to influence other provinces, and if the in-degree is greater than the out-degree, it shows a net benefit effect, and vice versa. Is a net spillover effect. Bc measures the actor’s control over resources, in other words, a point is said to have a high Bc if it is on a shortcut to multiple other pairs of points, indicating that this point plays an important mediating role, and is therefore an index of control. Cc is a measure of control by others, if the “distance” between a point in the network and other points " are short, then the point is said to have a high Cc and is stronger in terms of its ability to transmit information. The expressions of degree-centrality (Dc), betweenness-centrality (Bc) and closeness-centrality (Cc) are respectively as follows:
[image: image]
n is the total number of network nodes, [image: image] is the number of shortcuts that exist between point j and point k, [image: image] is the number of shortcuts that exist between point j and point k through the third point i, [image: image] is the distance of the shortcut between point i and point j (the number of lines contained in the shortcut).
3.3.4 The analysis of QAP
To investigate the influencing factors of Chinese ALTFP spatial association networks with the help of the Quadratic Assignment Procedure. Agricultural carbon emissions and subject to multiple and complex factors, the correlation between independent variables is a key issue affecting the reliability of regression results. QAP is based on the permutation of matrix data, and the similarity analysis of each element in the two matrices is performed to obtain the similarity coefficients, while the coefficients are tested nonparametrically. It does not require the assumption of mutual independence between explanatory variables, thus it can well deal with the endogeneity of relational data. It mainly includes QAP correlation analysis and QAP regression analysis.
In performing QAP correlation analysis, QAP first permutes the rows and columns of a matrix simultaneously and then calculates the correlation coefficient between the permuted matrix and the other matrix, which guarantees that the independent and dependent variable matrices have interdependence in rows and columns, and then calculates the significance and the probability that the magnitude of the correlation coefficient is either smaller or smaller than the actual coefficient. In the QAP regression analysis, the first step is to perform a conventional multiple regression estimation for the long vector elements corresponding to the independent and dependent variable matrices, and the second part is to perform a random permutation of the rows and columns of the dependent variable matrix simultaneously, and then re-estimate and save the estimated coefficient values and R2 values. The procedure is repeated several hundred times to obtain the standard error of the estimated statistic.
3.4 Panel quantile regression model
To further examine the evolutionary process of the change in the coefficient of influence of network structural characteristics on ALTFP, a fixed effects panel quantile regression is used with reference to (Powell, 2020). Five representative quartiles were estimated: 10%, 25%, 50%, 75%, and 90%.
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where [image: image]is the conditional quantile of τ for a given condition of X, X denotes all explanatory and control variables, and φ(τ) is the quantile regression coefficient.
3.5 Data allocation
3.5.1 ALTFP
The data description of input and output variables in the calculation of ALTFP is shown in Table 1.
TABLE 1 | Description of agricultural production input and output variables.
[image: Table 1]Among them, the undesired outputs are mainly carbon emissions from farming and livestock, which is calculated by the following formula:
[image: image]
[image: image] is the total carbon emissions from farming, [image: image] is the carbon emissions from all types of carbon sources, [image: image] is the amount of each type of carbon source, [image: image] is the emission factor for each type of carbon source.
The sources of carbon emissions from livestock are mainly methane (CH4) emissions from ruminant gastrointestinal fermentation and livestock manure management anoxia and nitrous oxide (N2O) emissions from livestock manure collection, storage, and composting processes, calculated as:
[image: image]
[image: image] is the total carbon emissions from livestock, [image: image], [image: image] are the greenhouse benefit indices of CH4 and N2O, [image: image] is the average annual stocking of livestock, [image: image], [image: image], [image: image]are emission factors for livestock gastrointestinal fermentation CH4, manure fermentation CH4 and N2O. The carbon sources and emission factors for each type of carbon emission are shown in Table 2.
TABLE 2 | Carbon sources, emission factors and sources of agricultural carbon emissions.
[image: Table 2]3.5.2 Data sources
The data were obtained from the public data of the China Statistical Yearbook, China Population and Employment Statistical Yearbook, China Agricultural Yearbook, China Rural Statistical Yearbook, China Agricultural Statistics, China Environmental Yearbook, and some provincial and municipal statistical yearbooks from 2001 to 2020. The geographical distances between provincial capitals were calculated with the help of ArcGIS10.8.
4 RESULTS AND DISCUSSIONS
4.1 Dynamic distribution of ALTFP in China
The RGML index of ALTFP was measured according to Eqs. 8, 9, and the probability distribution of the RGML index in different regions is plotted in Figure 1. Overall, the RGML index is highest in the east, followed by the west, and lowest in the northeast. In terms of the dispersion of values, there are more discrete values of high loci in the eastern region, while ALTFPs in other regions are not high and are more evenly distributed, especially the smallest and most concentrated values in the northeastern region. In terms of temporal trends, ALTFP gradually increases over time, and in 2001, the RGML indices among the four major regions were all low but with small differences, and in 2005, the RGML indices in the central and western regions tended to converge, while the discrete values of the low loci in the northeast increased. Starting from 2015, the RGML index in the eastern region further increased, accompanied by an increase in the discrete values of the high points. In other regions, the increase of RGML index is smaller than that in the eastern region, but the dispersion value decreases, it indicates that the balanced development of the region has achieved some success.
[image: Figure 1]FIGURE 1 | Dynamic distribution of ALTFP from 2001 to 2020.
Note: Violin diagram as a combination of box line diagram and kernel density diagram, The box line plot shows the location of the quantile, and the violin plot shows the density at any location. The white dots are the medians, the red box shapes range from the lower to upper quartiles, and the thin blue lines indicate whiskers. The external shape is the kernel density estimate.
4.2 Spatial association network characteristics and evolutionary trends
Inspired by Luo et al. (2021), we used ArcGIS to conduct a comparable analysis. Figure 2 visualizes the intensity of spatial association of provincial ALTFP in China in 2020. According to Eq. 6, considering the bidirectional and asymmetric nature of provincial ALTFP, if two provinces are connected by only one line, the difference in the magnitude of their bidirectional association cannot be reflected. Therefore, if the left graph in Figure 1 shows the gravitational intensity of province i to province j, the right graph shows the gravitational intensity of province j to province i.
[image: Figure 2]FIGURE 2 | Spatial correlation intensity of ALTFP in China in 2020. Note: The map is made based on the standard map downloaded from the standard map service website of the National Bureau of Surveying, Mapping and Geographic Information, with the review number GS (2019) 1,673 and no modification of the base map (https://service.tianditu.gov.cn/#/).
In Figure 2, the spatial association network of ALTFP in China’s province has broken the traditional geographical limitation of neighbor as friend, has a complex, multi-threaded spatial association network overflowing to non-neighboring provinces, showing a situation of “dense in the east and sparse in the west”. From the gravitational strength of the line colors, the whole network forms a radiation network with Shanghai and Beijing as the south and north centers, and the association strength of Beijing-Tianjin-Hebei and Yangtze River Delta urban agglomeration is significantly higher than that of other regions.
Further, to analyze the spatial association network structure morphology of ALTFP, the spatial association intensity data obtained from Eq. 6 were binarized to turn the attribute-based data into relational data, and the spatial network topology of Chinese ALTFP in 2001 and 2020 was plotted using the visualization tool Net draw of UCINET (Figure 3). It can be seen that from 2001 to 2020, the density of the spatial association network of China’s ALTFP has increased significantly, and the inter-regional connections have gradually become closer. Among them, Beijing, Shanghai, and Tianjin have been in the core position in the whole network, while most of the western provinces are at the edge of the network and have less connection with other provinces. Mainly because these regions have strong economic development capacity, strong capital, talent, and agricultural green innovation base, and have good transportation infrastructure and strong factor mobility. This greatly reduces the cost of green technology spillovers and thus forms the core region of the spatially linked network of agricultural green development.
[image: Figure 3]FIGURE 3 | Structure of ALTFP in China in 2001 (A) and 2020 (B).
4.2.1 The whole network characteristics
In terms of network density (Figure 4), network relevance and network density maintain the same evolutionary trend during the sample period, showing an “inverted U-shape” evolutionary trend that slopes first and then decreases. In terms of specific values, the number of network relationships was 150 in 2001, peaked at 187 in 2017, and dropped to 181 in 2020. Correspondingly, the overall network density increased from 0.17 in 2001 to 0.22 in 2015, and then decreased to 0.21 in 2020, it still has a large gap between the maximum number of possible network relationships (870) and the maximum possible network density 1, indicating that the spatial correlation of ALTFP is still at a low level and the linkage spillover effect between them is low.
[image: Figure 4]FIGURE 4 | Network association and network density.
In terms of network relevance, we adopt network connectedness, network efficiency, and network hierarchy to reflect the connectedness of the spatially connected network structure of ALTFP in China (Figure 5). The network connectedness showed an obvious stepwise upward trend from 0.776 in 2001 to 0.871 in 2020, indicating that the connectivity and robustness of the network were gradually strengthened, and provinces could be spatially linked through direct and indirect means. In terms of network hierarchy, the value declined from 0.385 to 0.245 from 2001 to 2020, showing a stepwise decline, indicating that the hierarchy structure of Chinese ALTFP is gradually loosening, but there is still a hierarchy gradient and the network structure needs to be further optimized. In terms of network efficiency, the network efficiency declined from 0.783 in 2001 to 0.727 in 2020, with a less pronounced decline than the network hierarchy, indicating that although the connectivity of inter-provincial nodes is gradually increasing, there is still a high number of redundant relationship numbers, and there is an obvious phenomenon of overlapping association in the network of each province.
[image: Figure 5]FIGURE 5 | Network association, network efficiency, and network hierarchy.
4.2.2 Regional network structure characteristic
The study shows that there are significant differences in economic and social development between regions in China (Wu H. et al., 2020), and the regional differences in agricultural carbon emission rates mainly come from the regional differences between East-Central-West. To further investigate the spatial correlations of low-carbon agricultural development between regions, the 30 provinces in China were divided into four regions: eastern, central, northeastern, and western. The association network E-I index and the density matrix of each zone of the Chinese ALTFP were obtained by measuring the four major sectors as a unit.
The degree of faction throughout the network from 2001 to 2020 of ALTFP shows a narrowing trend (Figure 6). The E-I association index of the entire network of China’s ALTFP was 0.543 in 2020, indicating that relationships tend to occur among the four major segments, with a smaller degree of factional forestry. In terms of regional density (Table 3), the northeastern network has the highest density of 0.67, indicating that resources are more closely linked to agricultural development in the northeast. The density of 0.40 in the eastern region may be confined to the obvious natural resource-dependent attributes of agricultural development, the large north-south span, the different natural resource attributes, and the north-south policy differences, thus reducing the spatially linked network density of ALTFP in the eastern region. The density in the central and western regions is smaller, which may be limited by the regional economic development base and natural resource endowment differences.
[image: Figure 6]FIGURE 6 | The trend of the E-I index of ALTFP in China from 2001 to 2020.
TABLE 3 | Spatial correlation density matrix of ALTFP in four major regions of China in 2020.
[image: Table 3]In terms of inter-regional connections, the East is more strongly connected to the Midwest and generally connected to the Northeast. The Central region has strong connectivity with the East, little connectivity with the West, and almost no connectivity with the Northeast. The western region also has almost no connection with other regions except for the strong connection with the east. The northeast is only connected to the east. It is found that the four major regions are spatially connected, with the eastern region being more closely connected to other regions, while the central, western, and northeastern regions have very few connections with each other. Combined with the spatial linkage density of the regions themselves, the East is more connected both internally and externally, with the Northeast having a higher density value of its internal connections than that of its connections with other regions, indicating that the northeastern region has formed a “cohesive subgroup” locally. The central and western regions, on the other hand, are highly factionalized, with relatively few internal and external linkages.
4.2.3 Individual network structure characteristics
To further illustrate the position and role of each province in the spatially linked network of agricultural low-carbon development, we measured the centrality of each province. The results show that there are no significant changes in the indicators for each province during the sampling period; therefore, we analyzed the indicators for 2020 as an example, which are reported in Table 4.
TABLE 4 | Centrality of spatially linked networks of ALTFP in China in 2020.
[image: Table 4]First, degree centrality is used to discriminate whether each province is at the center of the ALTFP spatial network. The results show that six provinces are higher than the mean value of 32.18 of the degree-centrality, and all of these provinces are located in the economically developed areas of the eastern coastal region of China. Indicating that the eastern coastal region is more closely related to other provinces in the ALTFP network and is in the central dominant position in the spatially linked network of ALTFP. However, Anhui, Jilin, Liaoning, Shanxi, Xinjiang, Hubei, and Heilongjiang are in the last positions and are at the edge of the network. The in-degree is greater than the out-degree in 7 provinces, Beijing, Tianjin, Shanghai, Jiangsu, Zhejiang, Fujian and Anhui in 2020. It shows that these provinces benefit from the driving effect of ALTFP in other provinces, and their high level of agricultural low-carbon development can effectively attract resource elements of agricultural green development and transform them effectively to promote ALTFP, showing a significant spatial polarization effect.
Second, closeness-centrality was used to discriminate the ease of ALTFP spatial association generation among provinces. The mean value of closeness-centrality is 60.81, and the provinces that exceed the mean value and rank in the top five are Shanghai, Beijing, Tianjin, Jiangsu, and Zhejiang, indicating that these provinces have shorter distances from other provinces, and can quickly make connections with other provinces, and are central actors in the ALTFP spatial association network. This may be because these provinces are located in the eastern region with high inter-provincial resource mobility, and developed economic strength and accessibility expand access and capacity to agricultural development resources. In contrast, Xinjiang, Shanxi, Liaoning, Jilin, Anhui, Hebei, and Henan are ranked low, mainly because these provinces are mainly located in the geographical periphery of China and have weak links with other provinces, playing a marginal role in the linkage network.
Finally, the betweenness-centrality is used to reflect the ability of each province to control resources and information in the process of low-carbon development of agriculture. The mean value of betweenness-centrality is 2.42, with Shanghai, Tianjin, Beijing, Jiangsu, and Zhejiang exceeding the mean value. It shows that these provinces play the role of “intermediary” and “bridge” in the linkage network, have strong control and dominant role in the flow of talent, technology, and capital in low-carbon agricultural development, and are the important hubs in the linkage network. These provinces are located in the economically developed eastern region, with a high level of technological innovation and relatively high government regulation of extensiveness. It is easier to absorb the inflow of green development factor resources from other provinces and achieve strong control over other provinces. In contrast, Shanxi, Hubei, Xinjiang, Jilin, and Shanxi have lower betweenness-centrality and rank lower, indicating that these provinces are in the marginal position of “dominated” in the correlation network.
4.3 Network structure effect analysis
Spatially linked networks are not only networks of relationships between regions, but also spatial flows and connections that contain knowledge and technology. The characteristics of the spatial network structure reflect the region’s access to resources and the degree of connection with other regions, therefore, different characteristics of the network structure will affect the level of development of the region.
The indicators of overall network structural characteristics, regional network structural characteristics, and individual network structural characteristics were obtained using the previous calculations as explanatory variables, the agricultural low carbon TFP was selected as the explanatory variable for the sample survey period, and Ordinary Least Squares (OLS) was used to estimate. The explanatory and explanatory variables were treated using a logit strategy to avoid differences between indicators and multicollinearity. In addition, to examine the evolutionary process of the change in the impact effect of network structure, further fixed-effects panel quantile regressions were used to estimate representative five quartiles:10%, 25%, 50%, 75%, and 90%, as shown in Table 5. Among them, the estimation results of the 50% quantile are only slightly different from the results of the other quantile in terms of coefficient magnitude, and the direction of the coefficient is consistent with the estimation results of the other quantile, so it is not shown in Table 5.
TABLE 5 | Results of the impact of the overall network structure on ALTFP.
[image: Table 5]4.3.1 Impact of overall network structure on ALTFP
Table 5 reports the estimation results of the impact of overall network structure on ALTFP. Where model (1) is the result of OLS estimation and models (2) to (5) are the results of panel quantile estimation. It can be seen that the OLS estimated coefficients of network density, network connectedness, network hierarchy, and network efficiency are 5.045, 8.050, −2.008, and −0.147, all of which pass the 1% significance test, indicating that the overall network structure has a significant effect on the level of ALTFP. Increasing network density and network relevance, reducing network hierarchy and network efficiency can significantly improve the level of low carbon TFP in agriculture. The quantile regression estimation results showed that each indicator of network structure characteristics passed the 1% significance test at each quantile, and the signs were all consistent with the OLS estimation results, further indicating the reliability of the above results. This result is consistent with the findings of Qu and Huang (2021) and Chen Z. et al. (2022).
This may be because, firstly, the increase in network density indicates an increase in the number of associated relationships in the network, and the core provinces will exert a strong diffusion effect to drive the development of inter-provincial complementarities, ultimately promoting the growth of the ALTFP. Second, increased network connectivity can enhance the robustness and inter-regional connectivity of the network, all provinces can join the network, there is no isolated area, and the enhanced spatial spillover effect promotes the growth of ALTFP. Again, the reduction of network hierarchy can make the original one-way connected provinces develop into two-way connectivity, the advantageous provinces and the disadvantaged provinces gradually tend to be equal, and the provincial-led low-carbon TFP development model with the high level of economic development and rich agricultural science and technology resources changes to the overall agricultural green and coordinated development model, thus improving the overall agricultural green development level. Finally, the reduction of network efficiency has increased the connections in the relevant networks, that is, the network hierarchy has been reduced, thus reducing the factor endowment differences among provinces in agricultural low-carbon development, lowering the inter-provincial flow costs of agricultural low-carbon development factors, enhancing the relevance of regional resources to agricultural low-carbon development, and significantly improving the overall level of ALTFP.
4.3.2 Effect of regional network structure on ALTFP
The E-I index reflects the severity of regional assignment, and as shown in Table 6, regional network structure under OLS estimation significantly affects ALTFP at the 5% level with a coefficient of 0.380, indicating that the weakening of regional factional forestry is conducive to promoting agricultural low-carbon development. The quantile regression results show that the regional network structure can only play a role in the enhancement of ALTFP if the level of ALTFP is at the 75%.
TABLE 6 | Results of the regional network structure influencing the effects.
[image: Table 6]4.3.3 Effect of individual network structure on ALTFP
Model (1) in Table 7 is an OLS estimation using a panel data model, and models (2) to (3) are panel quantile regressions under the adaptive Monte Carlo method. Among them, the estimation results for the 25%, 50%, and 75% quantile points differ only slightly from those for the 10% and 90% quantile points in terms of the magnitude of the coefficients and are otherwise basically the same, so they are not shown in Table 7.
TABLE 7 | Results for individual network structure effects.
[image: Table 7]The OLS regression coefficients of degree-centrality, closeness-centrality, and betweenness-centrality are 0.418, 4.734, and 0.129, all of which are significant at the 1% significance level, indicating a significant positive effect of provincial centrality on increasing the level of ALTFP. This finding is consistent with that of Chen Z. et al. (2022).
Possible reasons are: firstly, the higher the centrality, the closer the relationship between a province and other provinces, and accordingly the higher the degree of local relevance, the more favorable it is that all provinces can benefit from the whole network structure and improve their ALTFP. Secondly, higher closeness-centrality means that the greater the sum of shortcut distances between a province and other provinces, the less likely the province’s agricultural low-carbon development is constrained by other provinces, the closer the inter-provincial relationship, the higher the degree of inter-provincial communication and cooperation, the lower the cost of factor flow and resource allocation, and the increasing level of the province’s agricultural low-carbon development. Finally, the provinces with higher betweenness-centrality have obvious comparative advantages in the ALTFP network, which can effectively guide the rational allocation of resource factors, effectively control the correlation effect with other provinces, and make the huge network structure regionally effective and reasonable, thus contributing to regional agricultural low-carbon development.
5 THE ANALYSIS OF DRIVING FACTORS ABOUT SPATIAL DIFFERENCES OF ALTFP
5.1 Analysis of driving factors of spatial association network of ALTFP
According to the mechanism analysis, the “potential energy difference” due to the difference between regions is the main driving force for the spatial closeness of the association of ALTFP. Next, the factors affecting the spatial association network are discussed, and the following nine relational variables are selected to examine the factors affecting the spatial association: 1) spatial proximity of Provincial adjacency (RO) is expressed as 1 if the two provinces are adjacent, otherwise it is 0. It has been confirmed that low carbon efficiency in agriculture between neighboring regions affects each other (Wu et al., 2015); 2) agricultural industry structure differences (ST) are expressed by the proportion of the output value of the farming in the total output value of agriculture, forestry, livestock, and fishery. Different crops differ in terms of resource consumption, marginal benefits, and carbon effects. Accordingly, the structure of farmland use determines the input mix, desirable output, and environmental burden. Therefore, the restructuring of farmland use may affect the flow and allocation of factors, which in turn affects agricultural low-carbon development generating spatial correlations (Zhu et al., 2019); 3) urbanization level differences (UR) are expressed by the proportion of the urban resident population to the total population. The essence of the urbanization process is a multidimensional transmutation process accompanied by the flow of capital, labor, technology, and other factors from the countryside to the city, and the reconfiguration of factors between urban and rural areas, which has a great impact on the production scale and cultivation structure of agriculture (Tian et al., 2016; Xiong et al., 2020; Joséf, 2022); 4) rural labor education level differences (ED) is expressed by the average years of education of rural residents. The labor force is the decision maker of agricultural production methods and its level of education has a significant impact on the adoption and application of pioneering technologies (Wang et al., 2019; Wu et al., 2021; Khanh and Nguyen, 2022); 5) financial development level differences (FI) is expressed by the ratio of deposit and loan balance of financial institutions to GDP, a sound financial service system can provide financial support for agricultural transformation and upgrading and green technology progress (Huang et al., 2014; Cao et al., 2022; Gao et al., 2022); 6) agricultural irrigation water utilization rate differences (WA) is expressed by the ratio of effective irrigated area to cultivated area in each region, agricultural irrigation water use efficiency can affect agricultural carbon emissions and output efficiency by changing inter-regional agricultural production costs and intra-agricultural production structure (Xu et al., 2022); 7) farmland operation scale differences (SC) is expressed by the per capita crop sown area, it has been proven that the scale of agricultural production leads to differences in the cost of adoption of agricultural technology, and that larger scale of operation makes it easier to obtain economies of scale and adopt advanced technology (Helfand and Taylor, 2021; Mao et al., 2021); 8) financial support differences (IN) is expressed by the proportion of local financial expenditure on agriculture, many scholars have found that financial support for agriculture significantly affects agricultural carbon emissions (Guo et al., 2022); 9) marketization level differences (MA) is expressed by the marketization index measurements, according to (Fan et al., 2011). The level of marketization determines the flow and allocation of production factors and therefore has an impact on the spatial association network (Guo et al., 2021). The model was constructed as follows:
[image: image]
Where R is the spatial correlation matrix of ALTFP after binarization, the rest of the indicator data are variance matrices consisting of the absolute differences in the mean values of the corresponding indicators for each province from 2001 to 2020. Figure 7 shows the results of the QAP analysis of the driving factors, it can be seen that there are different degrees of correlation between the drivers, implying that the impact of the driving factors on the spatial correlation network overlaps significantly and there is a high degree of multicollinearity among the driving factors, further indicating that the QAP regression analysis is more appropriate.
[image: Figure 7]FIGURE 7 | Heat map of correlation coefficients of driving factors.
5.2 QAP correlation analysis
The correlation coefficients of each influencing factor with the structure of the spatial correlation network of low-carbon TFP in Chinese agriculture were first tested using the QAP method of the quadratic assignment procedure, as shown in Table 8. It can be seen that the correlation coefficients for province adjacency, differences in urbanization levels, differences in the education level of the rural labors, differences in financial development levels, and differences in agricultural irrigation water utilization rates are all significant, indicating that these influencing factors had a significant impact on the formation of the spatial correlation network. In contrast, the correlation coefficients of differences in agricultural industry structure, the scale of farmland operation, financial support to agriculture, and the level of marketization are not significant, indicating that their inter-provincial differences do not play a significant role in the spatial association structure of ALTFP.
TABLE 8 | The analysis of driving factors of spatial association network of ALTFP.
[image: Table 8]5.3 QAP regression analysis
Using QAP regression to analyze the relationship between the spatial association network and the drivers, the results of regression fitting were obtained by 2000 random permutations (Table 8). The adjusted decision coefficient was 0.301, indicating that the drivers could explain about 30.10% of the variation in the structure of the spatial association.
The spatial proximity of provinces, differences in urbanization, differences in financial support for agriculture, differences in financial development levels, and differences in marketization have a positive effect on the formation of spatially linked networks. Among them: the coefficient of spatial proximity is significantly positive, which indicates that inter-provincial geographical proximity can break down the barriers to resource flow and promote provincial mobility for low-carbon agricultural development. The specific reason may be the geographical proximity of the location with many similar characteristics, such as geographical environment, resource endowment, cultivation structure, and technology level, etc. These similarities reduce the cost of production factor flow and low-carbon technology diffusion and promote closer inter-regional linkages. The coefficient of urbanization differences is significantly positive, which indicates that provinces with greater urbanization differences are more likely to have economic linkages between regions, probably mainly because of the difference in urbanization levels, with factors such as labor and capital tending to flow more from provinces with low levels of urbanization to those with high levels of urbanization, in the process promoting the spread of technological progress and radiation to neighboring regions. The coefficient of the difference in fiscal support to agriculture is significantly positive, which indicates that the greater the difference in the level of fiscal support to agriculture between provinces, the more likely it is to cause spatial correlation, mainly because finance provides the foundation for agricultural production, infrastructure, and advanced technology, the higher the level of financial support for agriculture in a province, the more it helps the region to establish a model for low-carbon agricultural development, attracting regions that are lagging behind in development to learn from and exchange with these regions, and promoting policy references and the diffusion and application of low-carbon technologies among provinces. And the regression coefficients of differences in the level of financial development and differences in the level of marketization are not significant (p > 0.1), indicating that inter-provincial differences do not yet significantly affect the formation of ALTFP spatial association networks in China.
Differences in the education level of rural labor, differences in irrigation water use efficiency in agriculture, differences in agricultural industry structure, and differences in agricultural production scale have negative effects on the formation of spatial association networks. Among them: the coefficient of influence of the difference in the education level of the rural labor is significantly negative, which indicates that the greater the difference in the education level of the regional rural labor force, the fewer its agricultural economic linkages, this is mainly because agricultural human capital largely affects the application of advanced agricultural technologies, and if the difference in human capital between regions is too large, it is not conducive to the absorption and digestion of technological overflows from advanced regions by regions with relatively low technology levels and will hinder the spread of advanced agricultural production technologies, thus not conducive to the formation of ALTFP spatially linked networks. Regression coefficients for differences in agricultural irrigation water use efficiency, differences in agricultural industry structure, and differences in agricultural production scale are not significant (p > 0.1), indicating that inter-provincial differences do not yet significantly affect the formation of ALTFP spatial association networks in China.
Agricultural irrigation water use efficiency reflects resource endowment. Generally speaking, the greater the difference in resource endowment, the stronger the complementarity between regions, and the more frequent the flow of logistics, capital, and technology with resource flow as the carrier, the more conducive to the formation and development of a spatially linked network of green economic efficiency. However, the results of this paper show that the effect of differences in agricultural irrigation water use efficiency on the spatial linkage network is not significant, probably because the role of resource endowment differences on the spatial linkage of green economic efficiency has been reduced in recent years as the development approach has shifted from factor-driven to innovation-driven, and technology substitution effects have become prominent. The main reasons for the insignificant effect of agro-industrial structure and marketization on the association network are: Due to the sticky nature of agricultural production and the inherent characteristics of agriculture such as strong dependence on natural resources and environmental endowments and weak risk resistance, the internal industrial structure of agriculture is more stable, resulting in the slow development of agricultural factor markets. At the same time, Chinese agriculture has been a distinctive “big country, small farmer” model since ancient times, so the impact of differences in agricultural production scale on spatial association networks is not obvious. The smaller penetration of financial development into the agricultural economy compared to other sectors may be the reason for the insignificant effect of differences in financial development on spatial association relationships.
6 CONCLUSION AND IMPLICATIONS
6.1 Conclusion
In our study, by examining the ALTFP of 30 Chinese provinces from 2001 to 2020, we explored the network characteristics and driving mechanisms of spatially linked relationships with the help of UCINET visualization tools and social network analysis methods, and we mainly obtained the following conclusions and insights.
1) In terms of network structural characteristics, the spatially linked network of low-carbon development in China’s agriculture has broken the traditional geographical limitation of “neighbors as friends” and exhibited a complex network of links. However, the overall network structure is relatively loose, and there is still much room for improving the coordinated development of low-carbon agriculture between provinces. The connectivity and robustness of the network are gradually strengthened, but the network still has a certain hierarchical gradient and some redundant relationship numbers, the network structure needs to be further optimized. In terms of regional network structure characteristics, the correlations of China’s agricultural low-carbon development during 2001–2020 tend to occur among the four major plates in the east, center, west, and northeast, with a smaller degree of factional forestry, the eastern region is more connected to other regions, while there are fewer connections between the central, western and northeastern. Individual network characteristics show that there is a significant “Matthew effect” in China’s agricultural low-carbon development. The eastern provinces of Shanghai, Beijing, Tianjin, Jiangsu, Zhejiang, and Fujian are at the heart of the entire network and have a stronger role in allocating resources needed for agricultural low-carbon development, while remote provinces such as Xinjiang, Jilin, Liaoning, and Anhui are at the edge of the network and have a weaker ability to access resources for agricultural low-carbon development.
2) The analysis of the network structure effect shows that network structure has a significant effect on the level of low carbon in agriculture, and increasing the overall network density and network relevance, decreasing the network hierarchy and network efficiency can significantly increase the ALTFP. The weakening of regional factional forestry is conducive to promoting low-carbon agricultural development. The province’s central position in the network and its dominance and control over resources and factors in low-carbon agricultural development are conducive to increasing the ALTFP. The panel quantile regression model further verified the reliability of the above findings.
3) The QAP results show that the spatial proximity of provinces, the widening of differences in urbanization levels and differences in financial support for agriculture, and the narrowing of differences in the educational attainment of the rural labor have significantly contributed to the formation of provincial spatial linkages And differences in the level of financial development, differences in the level of marketization, differences in the efficiency of agricultural irrigation water use, differences in the structure of agricultural industries and differences in the scale of agricultural production do not have significant effects on the spatial correlation network of ALTFP, and their response mechanisms and response effects need to be further explored.
6.2 Implications
Firstly, inter-provincial geographical proximity can break down barriers to resource flows and facilitate provincial flows of low-carbon development in agriculture, for example, the development of city clusters such as Yangtze River Delta and Pearl River Delta is conducive to promoting the formation of related networks, so the linkage leading effect of China’s city clusters and metropolitan areas should be accelerated. At the same time, it is necessary to promote the construction of agricultural low-carbon development demonstration areas, strengthen the interconnection of core and peripheral regions, eliminate the Matthew effect of agricultural low-carbon TFP, and give full play to the role of the “leader” of Beijing-Tianjin-Hebei and the Yangtze River Delta, which are regions with high levels of economic development, to radiate and drive the balanced development of the region, to narrow the gap between provinces in the spatially linked network of green economy in terms of capital, technology, and management methods, effectively reduce the network hierarchy, and realize the spatial synergy of green economy development.
Secondly, the central and western regions need to strengthen spatial ties with developed regions, ride on the coattails of the urbanization process, undertake the overflow of factor resources such as capital, industry, and technology from the eastern regions, and formulate more precise regional policies to enable the flow of factors to the central and western regions under the guidance of market mechanisms. At the same time, the construction of agricultural low-carbon development demonstration regions within the central and western regions should also be accelerated to form a polycentric pattern of agricultural low-carbon development, which reduces the rising transaction costs in the central and western regions and accelerates the flow of agricultural resources and factor capital in the marginal regions.
Finally, local governments should clarify the position and role of each region in the low-carbon development of agriculture, give full play to the role of government macro-control and market regulation mechanisms to promote the spatial correlation of green economic development, minimize the intervention in the financial system leading to financial distortion, and effectively guide the financial expenditure to support the low-carbon development of agriculture. At the same time, we should also focus on the improvement of education level in the backward areas and gradually narrow the gap between the educational level of the labor force in the backward areas and the developed areas.
6.3 Research deficiencies and future directions
Although the paper makes an obvious contribution to the low carbon development of agriculture, there are still some limitations: First, considering the limitation of data availability, this paper examines the spatial correlation network of low carbon development of Chinese agriculture from the provincial level, and the results are relatively rough; in the subsequent research, the data should be further explored in depth to refine the research results and make the paper more valuable in the application. Second, for the analysis of spatially linked network drivers of low carbon development in agriculture, the paper selects nine aspects of influencing factors, and inevitably there are other influencing factors, such as climate and soil type, which should continue to be explored more deeply in future studies.
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FOOTNOTES
1In this paper, we mainly measure agricultural green/low carbon total factor productivity with agricultural carbon emissions as non-expected output, which is also the currently adopted method, and all will appear in the paper as agricultural low carbon TFP for conceptual clarity.
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This study explores how promoting e-commerce participation impacts the adoption of green agrotechnology by resettlers in China’s Three Gorges Reservoir area and helps rural revitalization and the realization of value from ecological produce. First, we combine induced innovation model theory with the risk perception factor of expected utility theory. A model of resettlers’ green agrotechnology adoption under different levels of e-commerce participation is constructed, and research hypotheses are proposed accordingly. Survey data gathered from resettled farmers in Zigui, the first county of the studied area, are tested empirically with an ordered probit model. The results show first, that e-commerce participation significantly and positively affects the level of green agrotechnology adoption at the 1% level; and second, that expectations of the ecological value of agricultural products and the agrotechnology support provided by e-commerce are important driving factors. The promotion effect of different modes of e-commerce participation on agrotechnology adoption differ. The risk-averse behavior of resettlers can weaken the promotion effect of e-commerce participation on agrotechnology adoption.
Keywords: e-commerce participation, green agrotechnology adoption, risk perception, reservoir resettlers, ordered-probit model
1 INTRODUCTION
The increasing number of hydropower plants being built around the world to achieve clean energy has led to a large number of compulsory population movements, resulting in the emergence of resettled farmers as a group. In accordance with the World Bank’s resettled guidelines, rural resettlers in China are mostly resettled in the back-to-back mode of “returning land to land and agriculture to agriculture” for the sake of continuing their original livelihoods (Yan et al., 2018). However, due to the limited resource-carrying capacity of the Three Gorges Reservoir area, the arable land available there has become increasingly scarce. Most of the compensation land received by resettlers is fragmented and low in quality, causing not only limited output but also significant increases in the cost of crop cultivation (Zhang 2021). Chinese rural re-settlers’ per capita income was only about 76% of that of ordinary farmers in 2014. Therefore, fewer than 30% of resettlers actually cultivate the land that the government transferred to them at a high cost, and many tend to abandon the land and go out to work instead (Ni and Shao 2013). Currently, in the context of natural capital stock constraint, the only way to guarantee that resettlers can increase their income from local farming is by applying and promoting green agrotechnology.
Green agricultural technology aims to solve environmental problems and promote sustainable agricultural development. It will improve the soil by reducing pollution, leverage the ecological value of agricultural products, and raise crop yields (Zuo and Fu 2021). The waste of resources and environmental pollution caused by the unscientific nature of traditional agricultural technology hinders the green development of agriculture in resettlement areas. Achieving a green transformation of agricultural development is an important way to solve the current agricultural development challenges in resettlement areas. As resettlers’ livelihoods are highly vulnerable and they struggle to withstand the ex-post effects of risks, they mainly choose to avoid risk. Their conservative behavior in agricultural production hinders the adoption of green agrotechnology to a certain extent. Therefore, a long-term mechanism of green agrotechnology adoption is needed to solve the current problem of low level of green agrotechnology in resettlement areas and to achieve sustainable development of resettlement areas and individual income of resettlers.
For involuntary resettlers with impaired livelihood capital and broken social networks of origin, rural e-commerce, a new rural industry with convenient participation channels and an almost zero threshold for resource consumption, has become the first choice to improve the production and marketing of agricultural products (Yin and Choi 2022). For example, in the Three Gorges Reservoir area of China, the town of Xingshan is located in a mountainous area with a low land stock, but resettlers have achieved an average daily sale of 100,000 kg of citrus by using live streaming. The strong development of Internet technology has enriched agricultural e-commerce models, with traditional e-commerce, social e-commerce, and live e-commerce all expanding in scale (Chen et al., 2022). Heterogeneous participation in rural e-commerce brings innovation to the traditional agricultural products business model and concept while effectively enhancing the income of resettled households. At the same time, the online sales model requires quality standardization and ecological branding, which will certainly promote the application of green agrotechnology and bring high-quality change to resettled areas (Xiao et al., 2021).
Current research on empowering rural agents to promote the adoption of green agrotechnology focuses on three aspects. The first is the promotion of environmental regulations and government subsidies, which can be used to guide technology application behavior in agricultural production. Reducing the costs involved in such production will support and guarantee the sustainable application of green agrotechnology (Dong et al., 2022). Second, research has explored the contribution of regional resource endowments, where the level of development, farming history, and soil quality are direct factors determining individual adoption intentions and behaviors (Zeng et al., 2019; Wu and Zhou 2021), while population aging and the stock of agricultural technicians have obvious indirect effects (Natkhov and Vasilenok 2021). A third stream, focusing on the role of rural households and individual characteristics, has found that the degree of green agrotechnology adoption is constrained by farmers’ relational capital (Wang et al., 2020), socioeconomic status (Bidogeza et al., 2009), and learning and training opportunities (Chatzimichael et al., 2014).
In contrast, risk preferences play a dominant role in individual production decision behavior (Gao and Niu 2019), and risk perceptions, in turn, positively moderate the degree of association between risk preferences and agrotechnology adoption (Qiu et al., 2020). For example, perceived risk from agricultural production affects the use of irrigation technology (Koundouri et al., 2006), fertilizers (Adnan et al., 2019), etc. Since it is difficult for individuals to fully understand the benefits associated with the use of green agrotechnology, they tend to have doubts about the risks they need to take in technology adoption (Chavas and Nauges 2020). However, further studies have shown that farmers may use subjective risk judgements to weigh the pros and cons; that is, there is a negative relationship between the perceived risk of using green agrotechnology and the probability of adoption (Duong et al., 2019). The research outlined above is limited by the fact that the paths between variables have only been tested empirically, while specific influence mechanisms have not yet been theoretically deduced. Hence, such mechanisms are based only on the summary of phenomena and experiences and lack a scientific basis. Further exploration is required of such mechanisms and the paths whereby the interactive feedback model of e-commerce operation–agrotechnology application–income enhancement can be realized.
The Chinese government has implemented appropriate support policies for Reservoir resettlers, and the livelihood level and social integration of this group have been significantly improved. Ensuring the sustainable self-development of involuntary project resettlers has attracted research attention globally (Karimi and Taifur 2013). The current research was conducted as follows. First, we constructed a model of the benefits of green agrotechnology adoption by resettled households under different e-commerce participation scenarios, based on utility optimization theory and induced agricultural technological innovation theory. Second, we introduced risk perception as a moderating variable and combined it with expected utility theory to improve the multi-factor influence mechanism model of resettled technology adoption. Third, we proposed research hypotheses according to the theoretical derivation and empirically tested the theoretical model using the ordered probit model with survey data gathered from resettled farmers in Zigui, Hubei province, China, the first county in the Three Gorges Reservoir area. Next, we explored how the promotion of rural e-commerce participation affects the adoption of green agrotechnology by resettlers and the core elements within this process and investigated the perturbing influence of the particular risk preferences of involuntarily relocated populations in regard to promoting modern agricultural technology and achieving sustainable livelihood development. Last, we provide support for decision making in regard to compensating and supporting resettlers in water conservancy and hydropower projects.
2 THEORIES AND HYPOTHESIS
In the theory of agricultural supply chain integration, in response to the impact of the agricultural business segment on the production segment, induced agricultural technological innovation theory was proposed at the start of the 20th century. This theory argues that the business model is closely related to agricultural technological innovation (Cowan et al., 2015) and that a proposed increase, decrease, or change of production and business factors will necessarily bring about technological innovation (Schultz 1987). Accordingly, it is clear that the promotion of Internet technologies and the development of rural e-commerce will inevitably promote changes in production by farmers, namely the use of green technologies in agriculture. On the one hand, the combination of e-commerce and the digital economy completes the construction of a digital system for the agricultural industry which is more conducive to the value-added and market demand transfer of green agricultural products and allows for more convenient mining and teaching of green agricultural technologies (Fu and Zhang 2022). On the other hand, the expansion of agricultural product sales by e-commerce and logistics platforms has led to a surge in the number of end customers with green consumption needs. The trend of standardization and branding of agricultural products has led to increasingly stringent requirements for the production process, which has also forced the improvement and standardization of the use of resettled agricultural technologies (Dong et al., 2021) as shown in Figure 1.
[image: Figure 1]FIGURE 1 | Analytical framework based on induced agricultural technological innovation theory.
In the process of compulsory relocation, Reservoir resettlers lose their livelihood capital, livelihood capacity, and social network. Thus, the focus of subsequent development has been on how to achieve maximum benefits under resource constraints (Zhang 2021). It is a requirement of the principle of developmental resettled for hydropower projects in China that the post-resettled production and living standards of resettlers should not be lower than those before relocation. Therefore, whether resettled farmers can promote the application of green agrotechnology in agricultural production after participating in rural e-commerce is mainly determined by the related profit, so it can be judged according to the profit function corresponding to different participation situations of e-commerce, as shown in Eq. 1.
[image: image]
where [image: image] is the profit of resettlers selling household agricultural products; [image: image] means through an online e-commerce channel, and [image: image] means along the traditional offline channel. [image: image] is the agricultural production level of resettled households in the resettled area, [image: image] is the total income derived from agricultural cultivation, and [image: image] is the corresponding total expenditure. Here, it is assumed that the production level Q of resettled households can be expressed by Eq. 2.
[image: image]
In the above equation, g is the degree of green agrotechnology adoption by resettled households, and I is other agricultural production factor inputs. The degree of households’ inputs is closely related to the level of agrotechnology they use, so the latter can be expressed in the functional form [image: image]. Assuming that the price of agricultural production factor I is [image: image] and the unit price of green agrotechnology input is [image: image], the profit of resettled agricultural output can be shown as in Eq. 3.
[image: image]
At this point, it is necessary to find the optimal level of adoption of green agrotechnology for resettlers under the profit maximization condition, which is the derivative of profit πi to the degree of adoption of agrotechnology g as shown in Eq. 4.
[image: image]
In the above equation, [image: image] can be regarded as the marginal benefit of green agrotechnology adoption by resettlers, denoted as [image: image], while [image: image] is the marginal cost of agrotechnology adoption, denoted as [image: image]. While the network direct sales model allows customers to sell their products directly, it also allows customers to obtain ecological and high-quality agricultural products more conveniently (Tian et al., 2022). Then it feeds this demand to resettled households quickly, which becomes a source of motivation for this group to apply green agricultural technology. For example, in the resettled area of Guojiaba Township, Zigui County in the Three Gorges Reservoir area, a water and fertilizer integrated navel orange planting base was built with the help of an e-commerce platform, and the track from the orchard to the road was electrified and a full production cycle traceability system with an integrated QR code was designed.
The results calculated from Eq. 4 is shown in Figure 2. In the case of resettled households participating in e-commerce, when [image: image], the optimal green agrotechnology adoption level is [image: image], and when resettled households do not participate in e-commerce, the optimal value of green agrotechnology adoption at this point can be obtained from [image: image] as [image: image]. The current participation of resettlers in e-commerce will significantly increase the sales price of agricultural products. For example, the traditional channel sale price of pomegranate in Yunnan reservoir area of the lower Jinsha River hydropower station in 2021 was 0.5 USD/kilogram (kg). While through e-commerce do boutique retailing, it can be sold at 0.62 USD/kilogram (kg), an increase of more than 20%. So, when [image: image], there is [image: image], and the following research hypothesis can be proposed.
[image: Figure 2]FIGURE 2 | Linkages between e-commerce participation and resettlers’ green agrotechnology adoption.
Hypothesis 1. Participation in e-commerce has a catalytic effect on resettled growers’ green agrotechnology adoption behavior.Different e-commerce participation models will have different benefits for resettled households as the participating subjects and circulation links vary. This paper classifies resettled households’ e-commerce participation model as either platform e-commerce or social e-commerce, according to the survey data. The platform e-commerce model refers to resettled households selling through online trading platforms, such as Taobao and Jindong. The social e-commerce model refers to such households selling through a network of acquaintances to form a fixed source of online customers, such as through WeChat or QQ. The platform e-commerce model may obtain higher product revenue as a large number of merchants are participating: While the platform products are highly competitive barriers to entry, the requirements for technical investment are also higher. The social e-commerce model has price advantages, but resettled households have a limited network group of acquaintances, and the fact that e-commerce has a limited effect on increasing income leads to less willingness to adopt technical innovation and lower rates of green agrotechnology adoption. Accordingly, the following research hypothesis can be proposed.
Hypothesis 2. There are differences in the promotion of green agrotechnology adoption among resettled households according to various e-commerce participation models, with the platform e-commerce model outperforming the social e-commerce model.However, a single profit-seeking factor is not sufficient in explaining the motivation of resettled households when they adopt green agrotechnology (Adnan et al., 2021). The increased vulnerability of livelihood and the relatively scarce livelihood capital led to a weakening in the ability of involuntary resettled groups to tackle risks to their livelihoods (Gong et al., 2020). However, the application of green agrotechnology may also give rise to additional risks, including technological, natural, and market risks. For example, compared with chemical pesticides, organic pesticides are difficult to operate and highly targeted. Resettlers faced with planting new crops in resettled areas may be vulnerable to yield reduction after application of a new technology. Especially if they are not familiar with pesticide selection, application dosage, and application time (Fang et al., 2021). In addition, resettlers whose original social networks are a great distance away from the resettled area and who have poor information channels may face failure to achieve high quality and high prices for their agricultural products, and with high technology costs (Lu et al., 2018). Therefore, resettlers have a lot of uncertainty when adopting green agrotechnology, and thus perceive the existence of risks, and in view of their relatively weak risk tolerance, they are mostly risk-averse subjects. In other words, the greater levels of risk perception in the resettlers’ technology adoption behavior will directly affect the role played by e-commerce in the promotion of such behavior. From the expectation-utility theory, the utility function of resettlers’ participation in rural e-commerce is shown in Eq. 5.
[image: image]
Where U and E are the utility and expected utility functions of resettled households, respectively, [image: image] is the production and marketing input, ɛ is the stochastic return, and [image: image] is the risk premium, which indicates the degree of resistance to green agrotechnology among resettled e-commerce participants. In order to analyze whether risk perception affects the propulsive effect of e-commerce on agrotechnology adoption behavior, the relationship between resettled risk perception and risk preference e must first be clarified. It is assumed that the benefit utility [image: image] of resettled e-merchants is second-order derivable. Then a Taylor series expansion is carried out for both sides of Eq. 5 based on the point [image: image]. The results are shown in Eq. 6.
[image: image]
R in the above equation is the higher order remainder term of Eq. 6, and the process of transforming the resettled participation in the electric utility U in Eq. 5 by the equation is shown in Eq. 7.
[image: image]
Similarly, an equation transformation of the resettled expected utility function [image: image] in Eq. 5 is shown in Eq. 8.
[image: image]
Since resettlers are mostly risk-averse after experiencing loss of livelihood, R is basically negligible and has [image: image], therefore at this point, [image: image]. According to Eqs 5, 7, 8 are equivalent by association, which leads to Eq. 9.
[image: image]
An equation transformation of Eq. 9 can locate the willingness to resist green agrotechnology [image: image] of e-commerce resettled households, as shown in Eq. 10.
[image: image]
It can be calculated that [image: image] in the above equation, while [image: image] represents the external factors affecting resettlers’ returns. This is the variance of random returns, which can be considered as being the perceived income risk held by resettled households. In the case that resettled households tend towards risk-aversion, [image: image] is relatively stable. If the degree of resettled risk perception [image: image] is higher, the value of e increases, indicating that resettlers are more resistant to green farming techniques. According to the above analysis, the following research hypothesis can be proposed:
Hypothesis 3. Individual risk perceptions will constrain the degree to which e-commerce participation promotes the adoption of green agrotechnology by resettled households.
3 DATA, MODELS AND VARIABLES
3.1 Location selection and data sources
The Three Gorges Reservoir has flooded 260 km2 of arable land, and there are 354,000 rural resettlers settled in the area. This has resulted in an extremely limited environmental capacity to produce food. Zigui County in Hubei, at the head of the Three Gorges Project Reservoir, is both a resettled area and classed as a “national poverty-stricken county,” with 25% of its total population being Reservoir resettlers. As the climate and soil environment are very suitable for the growth of Navel oranges, Zigui County has become famous as China’s “Navel Orange Township.” Therefore, in recent years, through the Three Gorges resettled support funds and other promotional projects, Zigui County has been encouraged to adopt green agriculture. At present, the Zigui navel orange production area covers 23,200 ha and has an annual output of 605,000 metric tons. Across the area’s 12 towns and 116 villages, about 198,000 people are engaged in related industries, and this is the only national citrus production area that produces fresh fruit throughout the year.
In order to solve the difficulties caused by the lack of land to compensate resettlers in the county, as well as a lack of social resources and the low premium capacity of agricultural products, Zigui County took the lead in innovating an e-commerce development model in 2014 and was selected as one of the second batch of national “e-commerce-demonstrating rural counties” in 2019. In recent years, the proportion of online sales of Navel oranges has accounted for about 55% of total sales, and the per capita net income of orange farmers increased from 1,967 USD in 2014 to 3,372 USD in 2018, becoming an important way to enhance the income of resettlers. In addition, e-commerce promotes the adoption of solar pest control lights, water and fertilizer integration, Internet of Things (IoT, through which things are connected through the Internet) management, and other green agrotechnology, using networks to strengthen the ecological brand marketed as “a river of clear water, green mountains on both sides of the river, four seasons of fresh oranges.”
The data used in this study come from the Navel orange electric business and green agrotechnical survey conducted in the resettlement area of Zigui County, Hubei Province during December 2020. The sampling points were selected from a total of 34 resettlement villages and groups in three towns and one township, namely Maoping Town, Guojiaba Town, Guizhou Town, and Shuitianba Township. At present, each of the four has an electric e-commerce logistics center, an e-commerce service center, and other infrastructure and service facilities and has several green agrotechnology demonstration orchards or planting bases, such as the Bajiaolou Green Technology Tour Park, the Flying Green Plant Protection base in Guogutai Village, Guojiaba Township, and the Alibaba Group’s Future Farm in Choumushu Village, Shuitianba Township. All these were sampled.
The specific sampling method was to randomly select eight to 10 sample villages in each township, then randomly conduct household surveys. A total of 688 resettlers were interviewed. After samples with no response or doubtful key information were excluded, 660 valid questionnaires were obtained. The number of resettled households’ adoption of various green agricultural technologies is shown in Table 1.
TABLE 1 | Number of resettled households’ adoption of various green agricultural technologies.
[image: Table 1]According to the list of technical systems in the “Technical Guidelines for Green Agricultural Development (2018–2030),” resettled households mainly apply six types of green agrotechnologies: physical control technology, pollution-free pesticide technology, soil formula fertilizer technology, film and water control technology, water and fertilizer integration technology, and grafting technology. Of these, 120 households (18.2%) have adopted two kinds of technologies, and 249 households (37.7%) have adopted four or more kinds of technologies, which shows that green agrotechnologies are in the emerging stage in the resettlement area.
3.2 Model construction
Using Li et al. (2020) classification of degree of agrotechnology adoption, we divided resettlers’ agrotechnology adoption into five categories, from low to high, and assigned them the following values: lower adoption = 1, low adoption = 2, moderate adoption = 3, high adoption = 4, and higher adoption = 5. Since, as an explanatory variable, the degree of resettlers’ agrotechnology adoption g is a multi-valued ordered variable, we used the ordered probit model to explore the influencing factors involved, and the underlying regression model constructed is shown in Eq. 11.
[image: image]
In Eq. 11, [image: image], [image: image], and TTSi represent e-commerce participation, agricultural price expectation, and agrotechnology training of the ith resettled household, respectively, while [image: image] represents a series of control variables and [image: image] is a random disturbance term. [image: image] is a latent variable of the degree of green agrotechnology adoption of resettled household i. Let C1<C2<C3<C4<C5 be the threshold, then [image: image] values can be discretized by [image: image] as shown in Eq. 12.
[image: image]
If the random disturbance term [image: image] obeys the standard normal distribution, X is a vector of actual observations of sample households for all independent variables, and [image: image] denotes the cumulative distribution function. The impact mechanism of each adoption degree is shown in Eq. 13.
[image: image]
After an ordered-probit model is constructed in Eq. 13, the regression coefficients can be estimated using the maximum likelihood estimation (MLE) method. In addition, we conducted additional analyses independent of the probit model. To analyze the extent to which e-commerce participation drives the adoption of agricultural technologies, we analyze the marginal effects of each independent variable, as shown in Eq. 14.
[image: image]
Where n = 1,2,......5 represents the five degrees of resettled green agrotechnology adoption, [image: image] is the jth independent variable of sample [image: image], and [image: image] is the coefficient to be estimated for [image: image]. The marginal effects were analyzed according to the sign and coefficients of the results.
3.3 Variable selection
3.3.1 The dependent variables of this paper is resettled households’ adoption of green technologies in navel orange cultivation
The specific measurement has six categories of green agricultural technologies adopted by resettled households, and the value is assigned as 1 if adopted, and 0 if not. Due to variations in natural capital among resettled households, it is not suitable to use equal weighting among the categories because of limitations placed on the use of different green agricultural technologies. Therefore, the four dimensions of economic benefits, resource saving degree, ecological benefits, and operational feasibility are considered comprehensively, and the entropy value method is applied to determine their weighting coefficients. The steps are as follows: 1)Calculate the indicator weight [image: image] for item i under the jth indicator of resettled household Xij, where m is the number of evaluation dimensions. 2) Measure the entropy value of indicator j [image: image]. 3) Derive the entropy weight [image: image] of the jth indicator. 4) Obtain the weight coefficients by calculating the weight of each secondary indicator of the evaluation dimensions, as shown in Table 2.
TABLE 2 | Evaluation indicators and weights of the degree of adoption of various types of green agrotechnology by resettled households.
[image: Table 2]3.3.2 Independent variables
According to the model deduction of the previous theoretical analysis, it can be seen that the participation behavior of e-commerce. The expected sales price of agricultural products are the keys to promoting the adoption of green agrotechnology among resettlers. The improvement of agrotechnology application capacity through training is also an important factor (Liu et al., 2022
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HCV 1—Rare, threatened, endangered species

Protected areas (protected forest,
conservation areas)

Patch size of natural forest

With natural forest cover

> 12500 ha

With no forest cover

> 250 ha and < 12500 ha

Seruyan District Spatial Planning Regent
of Seruyan Decree (2019)

Official land-cover maps MoEF (2019a)

Orangutan population

Estimated > 200 orangutans within village
administrative boundary with natural
forest cover

Estimated > 200 orangutans within village
area with non-forest natural vegetation

Orangutan population Santika et al.
(2017); Land cover MoEF (2019a);
Administration boundary GIA (2016)

Riparian area

1 km buffer of Seruyan River, or 100 m
buffer of other rivers and lakes, with
natural forest cover

1 km buffer of Seruyan River, or 100 m
buffer of other rivers and lakes, with non-
forest natural vegetation

River and lake map GIA (2016)

HCV 2—Landscape-level ecosystems

Intact Forest Landscape (IFL)

Ramsar sites

Wetlands

Production forest

Areas which qualify as IFL
Ramsar wetland
Wetlands with natural forest cover area

(primary and secondary swamp forest)

With natural forest cover patches >100 ha

Areas that are not IFL

Not Ramsar wetland

Degraded wetlands

With natural forest cover patches <100 ha

Intact Forest Landscapes (hitps://
intactforests.org/)

Ramsar Sites Information Services
(https:/rsis.ramsar.org/)

Official land-cover maps MoEF (2019a)

Seruyan District Spatial Planning Regent
of Seruyan Decree (2019)

HCV 3—Rare, threatened, endangered ecosystems and habitats

Natural Forest

Existing Mangrove

Covered by natural forest

Intact/healthy mangroves

Covered by non-natural forest cover (e.
plantation)

Degraded, fragmented mangroves

Official land-cover maps MoEF (2019a)

Official land-cover maps MoEF (2019a)

Swamp Area

Peatland

Intact/healthy swamp area

With natural forest cover

Degraded, fragmented swamp

Degraded/drained peatland

Official land-cover maps MoEF (2019a)

Peatland maps MoEF (2019); Official
land-cover maps MoEF (2019a)

HCV 4—Ecosystem services

Wetlands

Steep slope areas

Intact/healthy wetlands

Slopes of > 40% with natural forest cover

Fragmented, potentially polluted, wetlands

Slopes of 25%-40% with natural forest
cover

Official land-cover maps MoEF (2019a)

SRTM data Jarvis et al. (2018); Official
land-cover maps MoEF (2019a)

Swamp areas Present Absent Official land-cover maps MoEF (2019a)
River River > 50 m width, good water quality | River < 50 m width, polluted, suffering | River map GIA (2016)

siltation
Lake Permanent Lake Seasonal Lake Lake map GIA (2016)
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Accepted = 15 Not accepted = 0

Perceived risk in green agrotechnology application: very small = 1; relatively
small = 2; average = 3; relatively large = 4; very large = 5

Male = 1, Female = 0
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Average Standard
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Sample Resettlers  E-commerce Physical Pollution- Soil Laminated Grafting  Fertilizer

townships participation  control free testing water integration
pesticides fertilizer ~ control

Maoping 159 126 54 48 36 27 51 9

Guojiaba 240 153 126 129 126 24 192 21

Guizhou 186 81 105 114 93 24 156 18

Shuitianba 75 39 51 30 36 3 57 18

Tatal 660 399 336 321 291 66 456 66
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Degree of adoption of green Physical control technology Economic benefits 0.019 0.075
agrotechnology Resource conservation 0019
degree
Eco-friendly effect 0018
Operability 0.019
Pollution-free pesticide technology Economic benefits 0018 0.070
Resource conservation 0018
degree
Eco-friendly effect 0.017
Operability 0017
Soil testing and fertilizer technology Economic benefits 0.014 0.056
Resource conservation 0014
degree
Eco-friendly effect 0.014
Operability 0.014
Lamination and water control Economic benefits 0.096 0383
technology Resource conservation 0095
degree
Eco-friendly effect 0.096
Operability 0.096
Water and fertilizer integration Economic benefits 0.095 0.386
technology Resource conservation 0,098
degree
Eco-friendly effect 0.096
Operability 0.097
Grafting and splicing technology Economic benefits 0.007 0.030
Resource conservation 0.007
degree
Eco-friendly effect 0.007
Operability 0.009
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Inputs

Outputs

TE

Actual value  Optimal value ~ Changes (%)  Optimal value  Changes (%)
Low-Polluting | Potassium 567 146 -7425 622 971
Phosphate 117 102 9089 1834 6423
Manure 3219 2351 2695 3238 061
Manpower 972 488 -49.77 981 091
Electricity 22383 12278 ~45.14 22,383 0003
High-Polluting | Nitrogen 6237 2089 6651 3618 -41.99
Fungicides 172 127 -2624 132 -23.23
Machinery 4196 2787 -3359 3074 -26.75
Fuel 535.16 32357 -3954 359.66 -32.79
Independent | Seed 5682 2349 -58.66 2,937 4830
Water 4,901 3816 -2213 3,948 -19.43
Desirable Yield (stigma) 838 | 8.38 0 839 009
Undesirable Carbon dioxide equivalent 7714 - - 7,153 -727
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Vihie sumbocs i parmilaies indicate s parcesiings ok the BIMTE:

TE EEE
Statistical description of efficiency Average 0862 0744
Minimum 0.689 0011
Maximum 1 1
Coefficient of variation 441 01738
Fully efficient units 51 (22.60%)° | 97 (42.90%)
Categorized efficiency [ <02 0 14 (6.2%)
02-05 lo 35 (15.5%)
05-0.8 61 (27%) 60 (26.5%)
0.8-1 | 165 (73%) 117 (51.8%)
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Inputs  Low-Polluting

High-Polluting

Independent

Outputs Desirable

Undesirable

Average um Maxi
Potassium kg 567 0 96 27796
Phosphate kg 1117 0 250 275.70
Manure Ton 3219 10 90 5320
Manpower hour 972.56 27 3,024 4559
Electricity kWh 2238301 8,384 39,300 18.38
Nitrogen kg 6237 0 350 7987
Fungicides kg 172 0 3 48.80
Machinery M) 4196 8.67 93.33 39.04
Fuel Liter 535.16 9% 1,535 4237
Seed kg 568274 500 50,000 7851
Water Cubic meter 490133 3,000 6,500 2355
Yield (stigma) kg 839 5 12 1842
Carbon dioxide equivalent kg 771453 0 17,300.23 6201
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I Unit Equivalent to kg of CO2 per unit Sources
Potassium kg 015 Lal (2004)
Nitrogen kg 13 Lal (2004)
Phosphate kg 02 Lal (2004)
Manure Ton 0.005 Mohammadi et al. (2014)
Fungicides kg 39 Lal (2004)

» Machinery M) 0071 Khoshnevisan, Rafiei, et al. (2013a)
Fuel Liter 276 Khoshnevisan, Rafiei, et al. (2013b)
Electricity kWh 0.608 Khoshnevisan, Rafiei, et al. (2013a)
Manpower hour 07 Nguyen & Hermansen (2012)
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Variables

Whole network
R?

N

Variables

Whole network

R?
N

Density
(1)OLS

5,045+
(0.540)
0828

20
Hierarchy
(HoLs
~2.008"*
(0.248)
0785

20

(2)Q1o

4468
(0.330)
0.746
20

Q10
~1.999°%
(0.270)
0514

20

(3)Q25

4479
(0421)
0722
20

(3)Q25
-1783%
(0.362)
0450

20

4Q75

4534
(1.260)
0527
20

Q75
-2027
(0.327)
0592

20

(5)Q90

6288+
(0917)
0539
20

(5)Q90
~2.189"
(0302)
0617

20

Connectedness

(1)OLS (2)Q10

8.050%* 7.904%4
(0.908) (0833)
0814 0542

20 20
Efficiency

(HoLs @Q10
—0.147 ~0.124%
(0.134) (0.007)
0863 0785

20 20

Notes: ***, ** and * show the significance level at 1%, 5%, and 10%. The values in parentheses are standard errors. Same below.

3)Q2s

8727
(1.350)
0533
20

(3)Q25
0129
(0.009)
0.765

20

(4)Q75

8216
(1.240)
0617
20

Q75
~0.135%*
(0023)
0585

20

(5)Q90

8.500%*
(0.978)
0650
20

(5)Q90
~0.157+**
(0.021)
0538

20
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Explained variables LTFP

Estimation methods (1)OLS (2)Q10 (3)Q25 (4)Q75 (5)Q90

E-l index 0380 0.155 0215 0453 0.139
(0.147) (0.267) (0292) (0:226) (0221)

R 0998 0.966 0.964 0956 0953

N 20 20 20 20 20
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Variables (1)OLS (2)Q10 (3)Q90 (1)OLS (2)Q10 (3)Q90 (1)OLS (2)Q10 (3)Q90
Degree-centrality 0418+ 01794 0181
(0.041) (0.004) (0.005)
Closeness-centrality 47340 1087+ 1088+
(0.776) (0.057) (0.045)
Betweenness-centrality 0,129 0,056+ 0,055+
(0.012) (0.002) 0.002)
N 600 600 600 600 600 600 600 600 600
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Classification of indicators

Input Indicators

Outputs Indicators

Desired output

Non-desired outputs

Carve metrics

Labor
Capital

Machinery

Land

Natural Resources

Total agricultural output

Agricultural carbon emissions

Indicator description

Number of people working in agriculture, forestry, livestock and fishery
Capital stock of agriculture, forestry and fisheries

Total power of agricultural machinery

Crop sown area and aquaculture area

Irrigated area measures water inputs

Total output value of agriculture, forestry, livestock and fishery at constant prices in 2000

Carbon emissions from farming and livestock
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‘bon
sources

Fertilizer
Pesticides

Agricultural film

Diesel
Plowing
Irrigation

Carbon sources

Pig
Rabbit
Poultry
Dairy cattle
Non-Dairy
cattle

Horse
Donkey
Mule

Goat

Sheep

Camelot

Emission factors

0.8956
4.9341
51800

05927
3.1260
25.0000
Emission factors of CH,

Gastrointestinal
fermentation
1.00

025

0.00

61.00

5140

18.00

10.00

10.00

5.00

5.00

46.00

Fermentation of

‘manure

4.00

0.08

0.02

18.00

150

1.64

0.90

0.90

0.17

0.15

192

Emission factors
of N,O

053

002

0.02

1.00

139

139

139

139

033

033

139

Unit

Kg/Kg
Kg/Kg
Kg/Kg

Kg/Kg
Kg/hm2
Kg/Cha

Kg/head/
year

Kg/head/

year

Ke/head/
year

Kg/head/
year

Kg/head/
year
Kg/head/
year

Kg/head/
year
Kg/head/
year
Kg/head/
year
Kg/head/
year
Kg/head/
year

Kg/head/

year

References sources

Oak Ridge National Laboratory (2009)
Oak Ridge National Laboratory (2009)

Agricultural Resources and Ecological Environment Institute, Nanjing
Agricultural University

The Intergovernmental Panel on Climate Change (2006)
School of Biology and Technology, China Agricultural University
Dubey (2009)

All coefficients are from The Intergovernmental Panel on Climate
Change (2006), where the CH, greenhouse efficiency index is taken as
25, and The N,O greenhouse efficiency index was taken as 298
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Region

East
Middle
West

Northeast

East

0.40
0.55
0.56
0.40

Middle

055
0.00
0.02
0.00

West

056
0.02
022
0.00

Northeast

040
0.00
0.00
067
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Provinces

Beijing
Tianjing
Hebei
Shanxi
Neimenggu
Liaoning
jlin
Heilongjiang
Shanghai
Jiangsu
Zhejiang
Anhui
Fujian
Jiangxi
Shandong
Henan
Hubei
Hunan
Guangdong
Guangxi
Hainan
Chongging

ichuan

Guizhou
Yunnan
Shanxi
Gansu
Qinghai
Ningxia
Xinjiang

Degree-centrality Closeness- Betweenness-
centrality centrality
Out-degree In-degree Degree No. Degree No. Degree No.
7 23 79310 3 82857 3 13.003 3
6 b2 82759 2 85204 2 14.862 2
3 3 13793 28 53704 23 0.022 29
5 3 17241 24 54717 2 0.091 2
6 6 31034 7 59.184 7 0732 7
4 2 17.241 25 54717 25 0.071 27
5 1 17241 26 54717 26 0132 24
6 0 20690 20 55769 20 0305 19
4 27 93103 1 93548 1 23.484 1
5 19 65517 4 74359 4 7.514 4
3 16 55172 5 69.048 5 4559 5
4 5 17241 27 54717 27 0126 25
6 9 37931 6 61702 6 1.706 6
7 5 24138 16 56.863 16 0359 16
3 2 10345 30 52727 30 0.022 30
4 3 13793 29 53.704 29 0.050 28
6 2 20690 21 55769 21 0.196 20
7 2 24138 17 56,863 17 0.359 17
7 7 27586 12 58.000 2 0.647 8
8 ) 31034 8 59.184 8 0.589 9
8 1 27586 13 58000 13 0359 18
9 5 31034 9 59.184 9 0.545 10
9 1 31034 10 59.184 10 0.528 11
8 4 31034 11 59.184 1 0.528 12
8 2 27586 14 58000 14 0.528 13
5 2 20690 2 55769 2 0170 23
7 1 24138 18 56.863 18 0.190 21
8 2 27586 15 58,000 15 0383 15
6 1 20690 23 55769 2 0.190 2
7 0 24138 19 56.863 19 0.410 14
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Treatment Significant difference from continuous corn by year

2013 2014 1) 2016 2017 2018 2019
Dry matter (Yield at 35% dry kg ha')
NTCC2020 NA | NA NA NA | NA NA NA NA NA | ns 049
NT2011 ns ns ns ns ns ns ns ns ns ns -0.43
ROTC2014 ns | - ns ns | ns ns ns | ns - | ns -0.90
ROTC2020 | ns . . . ns - ns ns 27
waeca009 w | m | om | w | mw ns w | om | m | om | 041 7
Crude protein (Standardized dm/ha)
NTCC2020 NA NA NA N NA N owa NA ns 088
NT2011 NA NA ns ns ns ns ns ns ns ns 0.18
ROTC2014 NA NA ns ns | ns ns ns | ns - hd 23.98
ROTC2020 NA NA L L s b »* i ns ns 70.07
wacc2009 NA NA ns i || s ns ns ns ns ns 076
NDF (% of DM)
NTCC2020 NA NA NA NA NA NA NA NA NA ns -9.95
NT2011 NA NA ns ns ns ns ns ns ns ns -2.34
ROTC2014 NA NA ns ns ns ns ns ns e ns 25.35
ROTC2020 NA NA 4 ns % L ns ns ns ns 103.30
‘WCCC2009 NA | NA ns ns | ns ns ns | ns ns | ns —4.07
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Treatment Significant difference from continuous corn by year

2012 2013 2014 2015 2016 2017 2020 2021

Aggregate stability (%)
NTCC2020 NA NA NA NA NA NA NA NA NA = 248
NT2011 N ns ns ns - - ns - - ns 240
ROTC2014 * ns ns ns ns ns ns ns ns ns 163
ROTC2020 B s s o . * . . o 327
WCCC2009 ns ns ns - | ns ns ns ns ns 34
Organic matter (%)
NTCC2020 NA NA NA NA NA NA NA NA NA ns 026
NT2011 ns ns ns ns ns ns ns ns ns " 030
ROTC2014 ns ns “ ns ns ns ns ns ns ns 042
ROTC2020 ns * ns ns ns ns ns ns # ns 088
WCCC2009 w | m ns ns ns ns ns ns ns ns 000
Surface hardness (psi)
NTCC2020 NA NA NA NA NA NA NA NA NA ns -6.00
NT2011 ns ns ns ns s ns ns ns ns ns 2487
ROTC2014 ns ns ns ns - ns ns ns ns ns 1326
ROTC2020 ns ns ns ns ns 4 ns i ns ns 4266
WCCC2009 ns A ns ns ns ns ns ns ns ns 1047
Active carbon (ppm)
NTCC2020 NA NA NA NA NA NA NA NA NA ns -132
NT2011 ns ns ns ns ns ns ns ns ns ns 219
ROTC2014 s ns ns ns ns ns ns ns ns ns 192
ROTC2020 ns ns ns ns s ns ns ns 3 ns 746
WCCC2009 s ns ns ns ns ns ns ns ns ns -167
Respiration (CO, mg/g)
NTCC2020 NA NA NA NA NA NA NA NA NA ns 016
NT2011 NA NA ns 5 ns ns % ns ns ns 011
ROTC2014 NA NA & ns ns ns ns ns ns ns 013
ROTC2020 NA NA ns ¥ i ¥ ns ns ns d 040
WCCC2009 NA NA ns ns w | m ns ns ns ns 006
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Ecosystem service Indicator Treatment
T NTCC WCCC ROTC2014  ROTC2020

Climate regulation through carbon storage | Soil organic matter (%) - + - 5 2
Soil health supporting services Active carbon (ppm) ~ ~ ~ i -

Respiration (mg CO, g dry weight) = + 4 % ”
Soil conservation Aggregate stability (%) + + & + +
Resilience to extreme precipitation Aggregate stability (%) + + ~ + +
Drought resilience Available water capacity (g g") - = ” - -
Food provisioning Corn yield (35% DM) ~ - - o -

Dry matter yield, annual and perennial (kg hectare”) ~ - - - =

Crude protein (% DM) - = 2 . +

NDE (% DM)

NDE30 (% NDF)

Among the treatment abbreviations; T, is no till; NTCC, is no till and winter cover crop; WCCC, is winter cover crop, ROTC2014 is 2 years hay-6, years corn-2 years hay, and ROTC2020 is 7

years hay-3, years corn.
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quality parameters

Marginal R’

Corn yield (35% DM) # 0213 0614 0694 0122
Difference in corn yield from CC 0818 0217 0633 0602 0133
DM yield (perennial and annual) 014 0840 L 0249
Difference in DM yield from CC 0.09 0704 * 0.359
Crude protein 0726 0.657
Difference in crude protein from CC, 0498 0706 0.665
Neutral detergent fiber content (NDF) 10 0.495
Difference in NDF from CC 0.335 e 0.993 il 0.472
Neutral detergent fiber content at 30 h (NDED30) 0219 0260 10 0953 0.051
Difference in NDFD30 from CC 0.693 0289 0999 0871 0.051
Significance codes: 0 *** 0.001 ** 0.01 * 0.05 "/ 0.1 " 1
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health indicators Treatmen! Treatment:Year interaction Marginal R?

Aggregate stability “ 54 0483 = 0.658
Difference in aggregate stability from CC e s 0.489 e 0.817
soM e - o - 0655
Difference in SOM from CC P I 0.699
Available water capacity 0364 0992 086 0232
Difference in available water capacity from CC | oes 0427 s 0.567 0.107
Surface hardness e - 0511 0123 0.509
Difference in surface hardness from CC 0173 it 0.330
Subsurface hardness 0458 027 0719 0.394
Difference in subsurface hardness from CC 0.595 * * 013 0.166
Active carbon # ' 0.187 0242
Difference in active carbon from CC 0346 - % i 0.320
Respiration it 0.156 0.686
Difference in respiration from CC 0.553 - 0.167 s 0734
Significance codes: 0 *** 0.001 ** 0.01 * 0.05 " 0.1 “ 1
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Crop

Management method

Treatment abbreviation

Corn silage Continuous corn, tilled CC2009
Corn silage Winter cover crop, tilled WCCC2009
Corn silage No-till corn, established into PF plots in 2011 NT2011
Corn silage No-till com with cover crops, established in 2020 within plots that had been in no-till since 2011 NTCC2020
Corn silage & Perennial Forage | Perennial forage, rotated into continuous cor in 2014, and then rotated back to perennial forage in 2020 | ROTC2014
Corn silage & Perennial Forage | Perennial forage, rotated into continuous corn in 2020 | rotcao
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Number of Cooperatives E 81 24 ‘

Number of Non-Cooperatives 63 19 76 ‘

Total 100 100 100 ‘

*: §, is Irrigation modern technologies.
b. 5, is pattern based on WEFN.
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| Wheat 0207 0073 0261 0.101 5151
‘ Barley 0218 0076 0259 0.101 5,151
Rapeseed 0221 0072 0246 0.096 4,896

‘ Rice 0211 0110 0342 0.133 6,782
‘ Tomato 0.066 0.188 0741 0.288 14,687
0.080 0208 0722 0.281 14,330

 Green-maize
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Crops wc EG Wp EP WEP
Wheat 0047 | 0031 | 0018 | 0.006 0094 | 0028
Barley 0.038 0.025 0.014 0.004 0.072 0.022
Rapeseed 0043 | 0026 0013 | 0.004 0068 | 0022
Rice 0114 | 0031 | 0006 | 0.005 0142 | 0103
Tomato 0084 | 0032 0149 | 0083 0.141 0.074
Green-maize | 0.057 0026 0186 | 0.086 0095 | 0.041
Action min min max max max max
Ideal 0038 | 0025 0186 | 0.086 0142 | 0.103
Anti-Ideal 0114 | 0032 | 0006 | 0.004 0068 | 0022
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EC wpP ER WEP

0.07 024 012 026
0440 0.074 0.048 0360 0.203
0357 0058 | 0037 0278 | 0156
0374 | 0053 | 0036 0262 | 0156
0445 0027 | 0.041 0547 | 0736
0452 0622 | 0.695 0541 0.531
0371 0775 | 0715 0365 | 0294
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'C (M3/ha) EC (Mj/ha) WP (kg/m3) EP (kg/Mj) WEP ($/M3) EEP ($/Mj)

‘ Wheat 36,060 11,562 46,260 0429 0.107 00311 00078
‘ Barley [ 5,151 | 9,445 37,52 [ 0333 | 0.084 00240 [ 0.0060
‘ Rapeseed 515 10450 39,321 0.308 0.082 00226 0.0060
‘ Rice | 2061 28,000 46,776 0.154 0.092 00472 | 00283
 Tomato 2060 20,728 47,556 3582 1561 0.0467 0.0204
 Green-maize | 5,150 14017 38,985 4467 1.606 00315 [ 00113

WC, water consumption; EC, energy consumption; WP, water physical productivitys EP, energy physical productivity; WEP, water economic productivitys and EEP, energy economic
productivity.
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RSC field Soil depth (cm) Time period

pre-burning 5- minutes

CF-15Y 05 243 - 218 220 241
510 148" - 144 154 181

10-20 | 211 - 197 255" [ 312

20-30 | 201° - 2010 220* 281"
Total | 8034 - 7.59% 8490 10.16*

RSC-12Y I Upper slope | 0-5 | 161" 120° | 1.06* 1 0.89" 062"
510 141 132 135 146 099

1020 275" | 275 2,03 248" 172>

20-30 | 230" [ 244 [ 143 | 1.63° 110°

Total | 8.07% F7 5.87% 646 443"

Middle slope 05 | 1510 [ 110° 085" 074 051"
5-10 121 243" 112" 1.30* 0.90*

10-20 | 245 [ 240° 113" 1.54° 1.05"

20-30 1.73a 182" 1.41% 141* 092

Total | 690" 7.75% 451% 499" 338"

Lower slope 0-5 198" 13 | 149 156" 7 108"
510 | 174 [ 157 [ 150" | 160" Lt

10-20 225 239 243" 265" 182

20-30 | 193 [ 198 198" 198" 138"

Total 7914 7.26™ 7.40% 7.79% [ 5.40%

RSC-6Y Upper slope 05 | 134 [ 036 0.62" 0.69" 046"
510 | 111 1.07 [ 097 116 I 079

10-20 | 214 [ 214 [ 214 | 222 155"

20-30 164° 183 183 188" 127

Total | 622" [ 5.89%" 556" 596" 407

Middle slope 05 123 0.68" 054" 0.45" 030"
510 | 091 [ 036" 076" 073 048"

10-20 1810 I 195 191 190* 126"

20-30 | 106" [ 139" 144 153 Lo1*

[ Total 5.00™ | 4.88™ a64™ 462" 305"

Lower slope 05 | 173 | 123 091" 127 088"
510 147 140° 119' 137 094"

10-20 163 175 171t 195 134

2030 127 130" 144 144 094"

Total | 610" 5.68" 526" 603" 410%

inilicates siaiicant diirences amons e peiiod of eadh-Held (b < 0i8% analimeil by postihioe Takeys M

ns (p < 0.05), a-
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RSC field Soil depth (cm) Time period

pre-burning 5- minutes 3-mon

CF-15Y 05 33.90 - 3345 2021 2974
510 1887 - 1854 1628 1644

10-20 | 2296 - 2312 19.35° 1877

20-30 1455 - 15.19 13.19 1536

Total | 9027 - 90.30" 78,03 80.31°

RSC-12Y Upper slope 0-5 | au25r 2027* 15.16" 16.16" 16.79"
510 1521 15.04 1289 1457 1484

10-20 15.67" | 15.80° 2407° 24.75" 25.58"

20-30 | 1057 [ 1044 1777 | 23.30° 2464

Total 63.96™ 61.55% 69.88" 78.78* 81.85%

Middle slope 05 | 2825 [ 2487 2143 21.88° 21.29°
5-10 1099 1071 141" 1430 15.18"

10-20 | 1515 [ 1475 1618 19.89° 21.28°

20-30 10.07* 9.99* [ 1247 14.66" 17.57"

Total | 64.45" 60324 64.19% 70.74% 75.32%

Lower slope 05 2757 2.20° 2026" 22.39° 24.38"
510 | 1143 [ 1136 [ 1374 | 18.12° 2115

10-20 1639" 1629° 180" 2383 3408

20-30 | 1153 1143 14.66" 1621° 27.73
Total 66.92% 6127 6747% 8055% T

RSC-6Y Upper slope 05 | 233 [ 19.37 2017 2142 217

510 8.99* 895 | 1521° 15.49° ser

10-20 | 13510 [ 1337 1643° | 17.09% 19.65°

20-30 9.35¢ 946" 9.77* 14.89° 18.40°

Total | 54.18> [ 5115 61577 68,88 75834

Middle slope 05 2314 19.80° 19.62° 2044 21.05*
510 | 1293 [ 1274 15.08" 1494 16.58"

10-20 1922 I 1922 2112 2127 [ 261

20-30 1256' [ 1259 15.89% 1553 17.95

Total 67.85% 7 64.34% 7L71™ 72.18™ 78.18™

Lower slope 05 | 27.50° | 2152 1972 2035 2165
5-10 15.57 15.31 12.46 1449 16.12

10-20 2133 2090 27,68 29.56" 31.90°

20-30 1047° 1039 2410" 23.90" 25.81"

Total | 74.88% 68.12° 83.95% 88.30% 95.48"

o b <008, 4c intlicates: siiicant difiarences among heme peiiod of eadh-Held (< 08} analyzed by post-hioe Takey's ML
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df: degree of freedom (n-1), MSE: Mean sum of squares, ** values are

RSC field (L) 2 11730 48.05 o 1547 21831 -
‘Time point (T) 4 398.20 163.19 444 62.66
Topography position (P) 2 231.70 9497 d 287 4048 d
Soil depth (D) 3 162040 664.04 1584 22358 -
LxT 4 4190 17.15 el 028 399
LxP 2 120.60 49.42 a2 017 9.66 009
LxD 6 126.00 5164 e 069 995 el
TxP 8 4330 1776 o 071 236 -
TxD 12 138.10 56.59 032 452
PxD 6 42.80 1753 - 042 595 o
LxTxP 7 1850 758 L 012 163 013
LxTxD 12 1370 561 - 018 255 b
LxPxD 6 84.10 3446 044 627 kol
TxPxD 4 1120 461 - 010 134 014
LxTxPxD 21 2310 947 ol 159 005
Error 288 240 007
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Regit

Explanatory variable Threshold estimate Coefficient value Standard error

Whole region ATL ATLZ0.603 0207 3035 0.001
ATL>0.603 0394 2986 0025

Eastern region | ATL [ ATL=0573 0.221%* 5098 0.007
ATL>0573 0416+ 3.805 0.087

Central region ATL [ ATL=0.581 0.298*** 4981 0.002
ATL>0581 | 0.4117% 3912 0011

Western region | ATL | ATL=0.621 0177 1.093 0.132
ATL>0621 0289 2775 0014

Northeast region ATL [ ATL=0.594 0.172* 2313 0072
ATL>0.594 0207 3211 0032

Note: *, **, and *** denote significance at confidence levels of 10%, 5%, and 1%, respectively.
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Threshold variable Model test Threshold estimate F statistic Critical values

ATL Single threshold 0.603 28.117 0.001 ‘ 26.097 15654 | 9813
Double threshold Threshold 1:0.603 0.098 0298 13911 7.987 4874

Threshold 2:0.702
Triple threshold 0.581 2432 0.198 ‘ 8.987 6.686 [ 4.116

Note: *** denotes significance at confidence levels of 1%.
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Eastern region Central region Western region Northeast region

Direct effect 0251** (3.195) | 0312 (2947) 0.137** (3.191) 0.123** (3.131)
Indirect effect 0.131* (2.931) ‘ 0.099* (3.125) 0.076** (2.626) 0.045 (1.005)
Total effect 0382** (2.814) ‘ 0411** (3.163) 0.203** (2:853) 0.168* (1.982)

Note: ** denotes significance at confidence level of 5%.
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Variable

AGTEP,,

Eastern region

0385 (4.279)

Cei

al regi

0376 (3.770)

Western region

0343*** (4.379)

Northeast regiol

0365 (4.760)

ATL,
AIT,,

INC,

0276** (2578)
0.155* (2.113)

—0.114* (-1.985)

0.314** (3213)
0.145* (1.995)

—0.154* (-2.011)

0.191%* (3.174)
0129* (2411)

~0.143* (-2.341)

0.166™ (2.665)
0,137 (1.997)

—0.151% (-2.168)

TRD,,
DIS,,
EDU,

WWATL,
Adj R

P

0281%* (3.241)
-0232* (-2.132)
0.302* (2215)
0272* (2332)
08911

0214 (2.841)

0.276" (3.186)
~0.265* (-3.211)
0.265** (3.164)
0.155** (2.575)
08432

0.243** (2.601)

0.164 (1.663)
~0.309* (~3.042)
0.209 (1.223)
0.149** (2.791)
08224

0.197** (2.645)

0.149* (2.086)
~0215* (-3.121)
0246 (3.214)
0.093 (1.175)
0.7857

0.146™ (2.635)

LogL

115.632

143721

119.654

Wb ™4, Sl M s ncrats it MosaRcaticn st BanidRRGe Tonls B 100, 206 a0 196 Wil T salies il i Bt

74.054
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Variable ATL;, AlS;¢ @ TRD; DIS;, EDU;,

Direct effect 0182 (3.043) 0.116°* (3.316) ~0.101%* (-2.639) 0.194* (3.242) 0299 (-2.916) 0.172* (2.684)
Indirect effect 0.130% (2.143) 0105+ (4.027) ~0.026 (-2.734) 0.095* (2.293) 0040 (-0.021) 0.071* (2.459)
Total effect 0.312* (2.283) 0221 (3.982) ~0.137* (~1.999) 0289+ (2235) ~0.339%* (-3.164) 0243 (2.961)

Klobes F M. 50 9% sompaetivels-dbn it Sipniacance st conlidess lrel-of TOM.: 536, snd 10k with T saloes: ihow i bruclats
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Dynamic spatial Durbin model

Static spatial Durbin model

Model 1 (W71) Model 2 (W2) Model 3 (W1) Model 4 (W2)
AGTFP,,., 0298%%(3.379) 0.243%(3.670)
ATL; 0.358*(3.909) 0.311+*%(3.487) 0.254*%(4.652) 0.223%%(4.094)
AlS, 0.203*(3.113) 0.1324*%(4.191) 0.132%%(4.926) 0.287*(3.151)
INC, ~0.144" (-1.969) 0075 (~3.103) ~0.123* (-2.158) ~0.111% (-3.125)
TRD,, 0.304% (3.743) 0273 (4211) 0219 (2.765) 0,186 (4.176)
DIS,, -0.212* (-2.180) ~0.152* (-2.041) 0231 (-3.045) -0.234** (-3.240)
EDU, 0.114% (2.496) 0185 (2989) 0.201% (2.393) 0132 (2599)
WAATLy 0171 (3.197) 0.181* (2.153) 0234** (3.195) 0.179* (3.135)
Adj R 0811 0.786 0821 0781
P 0.411%** (3.841) 0.306** (4.635) 0.225** (4.819) 0243 (5.032)
LogL 142321 109.043 156453 142542

Noter*, **, and *** respectively denote significance at confidence levels of 10%, 5%, and 1% with T values shown in brackets. This table does not report the spatial interaction coefficient of control
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Test methods Statistics  Test methods Statistics

LM-lag test 45543 Wald-spatial lag test 198654

Robust LM-lag test 43655 [ LR-spatial lag test 89.087+*% ‘
LM-error test 148.553** | Wald-spatial error test ‘ 65437 ‘
Robust LM-error test | 68.643*** LR-spatial error test ‘ 79.086%** ‘

Note: *** denote significance at confidence level of 1%.
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Global Moran'’s | values of ATL Global Moran’s | values of AGTFP

Year Moran’s | p-value Year Moran's| p-value Year Moran's| p-value Year Moran's | p-value
2008 ‘ 0233 0.041 2014 0269 0022 2008 03217 0.078 2014 0.383* 0.075
2009 [ 0234+ 0.002 2015 0273 0.034 2009 0334 0019 2015 0.401% 0.083
2010 ‘ 0247 0.085 2016 | 0271 | oo 2010 0.331° 0.096 ‘ 2016 oas | 006
2011 ‘ 0248° 0.097 2017 | 0269 T 0.345% 0.045 2017 oar | o019
2012 \ 0253 0.039 2018 | 0284 0.004 2012 0.363* ‘ 0.021 2018 0422 0.004
2013 ‘ 0258 0.002 2019 | 0289 0.008 2013 03717 ‘ 0.044 ‘ 2019 0434 0.001

Note: *, **, and *** respectively denote significance at confidence levels of 10%, 5%, and 1%, respectively.





OPS/images/fenvs-11-1164781/fenvs-11-1164781-t005.jpg
Year Eastern region Central region Western reg Northeast reg
2008 0572 0609 0563 0564 0541
2009 0593 0612 0.586 0579 0563
2010 0611 0631 0597 0611 0592
2011 0631 0655 0.629 0627 0.602
2012 0648 0670 0632 0631 0611
2013 0655 0684 0.634 0642 0621
2014 0661 0687 0655 0651 0633
2015 0674 0691 0671 0666 0647
2016 0.693 0703 0.678 0671 0.658
2017 0.699 0715 0.681 0676 0.665
2018 0714 0732 0708 0683 0.678
2019 0722 0743 0721 0699 0.688
Mean value 0.656 0678 0.646 0642 0.625
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Variables

QAP correlation analysis
Correlation coefficient

0.127
~0.067
0.467
-0.013
0.239
0.123
~0.063
0.084
-0.031

p-value

0.001
0.140
0.000
0.014
0.003
0.063
0.176
0.124
0326

pz0

0.001
0.860
0.000
0987
0.003
0.063
0724
0.124
0675

P<o0

0.999
0.140
1.000
0.014
0.997
0.937
0.176
0.876
0.326

QAP regression analysis

Regression coefficient

0.180
-0.233
0018
-0.138
0012
-0.124
-0.022
1397
0.003

p-value

0.000
0.176
0.057
0.001
0.402
0419
0235
0.086
0435

PA

0.000
0.825
0.000
1.000
0402
0581
0766
0.086
0435

PB

1.000
0.176
1.000
0.001
0.599
0419
0.235
0915
0566

Notes: PA, represents the probability that the regression coefficient from random substitution is not smaller than the observed regression coefficient in the two-tailed test, and PB, represents
O b T s N SRy T s AR M Bt I S G R e SR
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Variable Variable Unit Calculation m ata source
Explained variable ~ AGTFP Calculated by super-SBM method Shown in Table 1
Core explanatory  ATL _ Calculated by coupling coordination degree model Shown in Table 2
variable
Control variable  Agriculture industrial % | Represented by proportion of the added value of plantation industry in | China Rural Statistical Yearbook
structure (AIT) added value of agriculture, forestry, animal husbandry, and fishery
Disaster-affected %  Represented by proportion of disaster-affected area in total sown area
degree (DIS) of crops
Income distribution (INC) | % Represented by ratio of urban per capita disposable income to rural per | China Statistical Yearbook
capita net income
Trade dependency (TRD) %  Represented by ratio of the total amount of regional agricultural China Agricultural Yearbook and
imports and exports to gross agricultural product China Agricultural Trade report
Educational level of the %  Represented by average years of schooling China Population and Employment

labor force (EDU)

Statistical Yearbook






OPS/images/fenvs-11-1164781/fenvs-11-1164781-t002.jpg
Elements

Characteristic agriculture

Rural tourism

Indicators
Number of geographical indications of agricultural products
Number of brands in the “One Brand in One Village” Project
Output value of characteristic agricultural products (1 billion CNY)
Number of advantaged agricultural products with local characteristics
Area of fruit orchards (1 thousand hectares)
Number of A-level scenic spots
Number of key villages and towns for rural tourism in China
Number of demonstration counties for leisure agriculture and rural tourism
Revenue of rural tourism and leisure agriculture (1 billion CNY)

Number of famous towns and villages of national characteristic landscape tourism

ute

ta sources

Ministry of Agriculture and Rural Affairs

China Rural Statistical Yearbook

Ministry of Culture and Tourism
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Class Description

HCV 1 | Rare, threatened, endangered species Concentrations of biological diversity, including endemic, rare, threatened, or endangered species

HCV 2 | Landscape-level ecosystems Large landscape-level ecosystems, ecosystem mosaics, and Intact Forest Landscapes (IFL), which contain viable
populations of the great majority of naturally-occurring species

HCV 3 | Rare, threatened, endangered ecosystems and | Rare, threatened, or endangered ecosystems, habitats and refugia

habitats
HCV 4 | Ecosystem services Basic ecosystem services in critical situations, including protection of water catchments and control of erosion of
vulnerable soils and slopes
HCV 5 | Community needs Sites and resources fundamental for satisfying the basic necessities of local communities or indigenous peoples (for
livelihoods, health, nutrition, water, etc)
HCV 6 | Cultural values Sites, resources, habitats and landscapes of global or national cultural, archacological or historical significance,

and/or of crifical cultural, ecological, economic or religious/sacred importance for local communities or
indigenous peoples

‘Watson (2020).
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Type of variables

Input indicators

Output indicators

Input of labor
Input of land

Input of capital

Input of energy

Input of water
Desirable output

Undesirable output

Evaluation of indicator
Number of people employed in agriculture, forestry, husbandry, and fishery
Crop sown area and aquaculture area
Total power of agricultural machinery

Application amount of converted agricultural chemical fertilizer

Unit

10 thousand people
1 thousand hectares
1 million kw

10 thousand tons

Pesticide usage

Agricultural film usage

Agricultural diesel usage
Agricultural electricity consumption

Agricultural water consumption

“Total output value of agriculture, forestry, husbandry, and fishery

Agricultural carbon emission

Agricultural pollution composite index

10 thousand tons

Ton

10 thousand tons

Kwh

100 million m*

100 million CNY

10 thousand tons
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ECCA

HCV screel

9

Unit/level Jurisdiction area (i.e., district or provincial administrative area) Conventional HCV assessments focused on the concession level, while the
HCV Sereening focuses on a landscape or jurisdiction, to be defined as part
of the screening exercise.

User Government bodies (national and local level) Government bodies, NGOs, donors, and investors, for example, to meet
objectives of spatial planning, jurisdictional certification or supply chain
risk management.

Regulation Compulsory (Act 32/2009 on Environmental protection and management | Voluntary; there is no regulation mandating HCV Screening

plan)
Data source Guidelines and parameters are mostly from the Indonesian Ministry of | Spatial and non-spatial data, including socio-culture-economic and

Environment and Forestry (MoEF), including spatial data (landscape,
natural vegetation, land cover). Non-spatial data can come from other
sources (e.g. Seruyan District Statistic, expert consultation)

biodiversity data from disparate global datasets, reports, and publications
from government bodies (e.g., MOEF, Geospatial Agency, spatial planning),
NGOs, research institutions, and expert consultations.

Spatial resolution

Implementation

Medium spatial resolution of input data (¢.g, SPOT and Landsat satellite
sensor processed as 1:250,000 scale); relatively high spatial detail or nuance
in HCV-area designation

Desktop study, ideally alongside biodiversity survey and ground check

High to medium resolution of input data; relatively low spatial variation or
nuance to HCV-area designations depending on the data available

Desktop study—can be combined with targeted field work and consultation

HCV indicators

Indicators of likely HCV area are defined for the jurisdiction as a whole. The
selection of ecosystem services for analysis, and the thresholds for their
estimation, is guided by official regulation.

Indicators are static, typically presence/absence variables, and selected
specifically for each HCV classes (HCV 1—6). Indicators selection reflects
analyst judgement and data availability.

Outputs

Delineation of where HCV areas are relatively more or less likely to be
present, by ecosystem service

Delineation of where HCV areas are relatively more or less likely to be
present, by HCV class; summaries of HCV threats; overlay of HCV
likelihood and threats to define ‘HCV priority areas’

Post-analysis

Incorporate HCV assessment into regional development planning

Discuss screening result implications with stakeholders and determine next

actions steps

Advantage Regionally holistic; allows for gradations of HCV likelihood; backed by | Amenable to a wide range of data sources; flexible criteria for HCV-area
regulation to ensure protection and management at jurisdiction scale designation

Disadvantage Potential subjectivity in weighing and scoring variables of ecological Uncertain adoption by government development plans; inconsistent

integrity/threat; potential cullity to the inclusion or estimation of certain
ecosystem services

implementation between regions or contexts
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