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Introduction: Enhancing industrial resilience is the key to achieving sustainable growth in the agricultural economy. The rapid development of information technology nowadays provides innovative solutions for stabilizing agricultural production and supply chains.

Methods: Based on panel data from 270 Chinese cities from 2012 to 2023, this study employed a series of econometric methods, such as two-way fixed effects, two-stage least squares, threshold models, and spatial Durbin models, to analyze the impact of information technology advancements represented by digital inclusive finance (DIF) on the agricultural economy.

Results: The results of data analysis show that DIF has significantly enhanced the agricultural resilience (AR). This positive effect still holds true after robustness tests and the elimination of endogeneity issues. However, this promoting effect is not linear but shows a threshold effect that first declines and then rises. In other words, there is a clear U-shaped relationship in the impact of DIF on the AR. The results of the heterogeneity analysis show that it can present a significant positive effect in different regions, but the effect is more intense in the eastern region. The results of the spatial Durbin model show that this positive effect has a spatial spillover effect. DIF will also have a technological spillover effect on neighboring regions through information platforms, economic exchanges, and trade transportation channels. The results of the mechanism analysis show that entrepreneurial activity is a very important mediating variable.

Discussion: This study takes China's DIF practice as a specific analytical perspective, revealing the positive role of information technology progress on the agricultural economy. Our findings contribute to the achievement of United Nations Sustainable Development Goals 1 and 2.
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1 Introduction

A strong country must first strengthen agriculture, and only when agriculture is strong can the country be strong. An agricultural power is the foundation of a modern socialist power. In view of this, the Chinese government has always attached great importance to the work of “rural areas, rural areas, and rural areas.” From 2004 to the present, the No. 1 document of the Central Committee has always been with the theme of “three rural areas” and has continuously issued documents to strengthen the policy of financial support for agriculture and promote the coordinated development of urban and rural areas. The 2025 Chinese government work report further pointed out that “efforts should be made to do a good job in the work of ‘three rural areas' and further promote the comprehensive revitalization of rural areas.” As a basic industry of the national economy, the improvement of agricultural resilience (AR) is crucial for ensuring national food security, promoting rural revitalization, and achieving sustainable economic development. Agricultural economic resilience means that agricultural economic systems can maintain stable operations, adapt quickly, and achieve sustainable development in the face of multiple challenges such as natural disasters, market fluctuations, and technological changes. At present, geopolitical conflicts are continuing, international trade conflicts are intensifying, extreme climate disasters are frequent, and the international environment is becoming increasingly turbulent. At the same time, the domestic “urban-rural dual structure” has not yet been broken, and the “scissors difference” between workers and peasants still exists, coupled with the inherent vulnerability characteristics of agriculture itself, resulting in a decline in the stability of our country's agricultural development and the urgent need to enhance the AR. As shown in Figure 1, the added value of China's primary industry has been continuously rising from 2000 to 2024, but the growth rate has fluctuated sharply. Especially since 2014, the growth rate of the total output of the primary industry has shown a significant downward trend. The growth rate in most years was less than 5%. The reasons for such fluctuations might be changes in market supply and demand, but they could also be natural factors. Natural factors, such as environmental pollution, climate change, and resource depletion, pose a serious threat to the sustainability of the food and agriculture system (Yang et al., 2025; Guo et al., 2023). As shown in Figure 2, China's agriculture has been severely affected by natural disasters, especially drought. It can be found from the data in Figures 1, 2 that the resilience of China's agriculture is strengthening. This can be observed from the affected area and the growth rate. For instance, in 2020, agriculture showed an upward trend due to the impact of natural disasters, yet the growth rate of agriculture also increased. However, due to the inherent fragility of agriculture, it is highly necessary to continuously enhance AR. From the perspective of social transformation, how to apply science and technology to enhance the resilience of agriculture is an urgent scientific issue that needs to be addressed at present.


[image: Bar and line graph showing the output value of the primary industry in billion CNY and growth rate from 2000 to 2024. The green bars represent output value, increasing steadily. The blue line shows fluctuating growth rates with peaks around 2004 and 2010.]
FIGURE 1
 The growth value and growth rate of China's primary industry from 2000 to 2024.



[image: Bar chart showing affected areas from 2000 to 2024 in thousand hectares. Total affected area is highlighted in blue, with peaks in 2001 and 2007. Floods (green) and droughts (red) fluctuate, with visible increases in flood impact around 2010.]
FIGURE 2
 The area of agriculture in China affected by natural disasters from 2000 to 2024.


Data, information technology, and the Internet have been widely applied in agricultural production (Shi et al., 2025). With the continuous innovation and popularization of digital technology, digital inclusive finance (DIF) has flourished in the wave of digitalization, relying on new generation information technologies such as big data, cloud computing, and mobile Internet to break the shackles of low coverage, high cost, and information asymmetry of traditional financial services, and accurately and efficiently invest financial resources in all aspects of agriculture. It provides farmers and agricultural enterprises with convenient payment and settlement, microcredit support, agricultural insurance, and other diversified financial services, effectively reducing the financial pressure faced by agricultural business entities, stimulating the vitality of agricultural innovation, and becoming the core force to strengthen the AR. At the same time, innovation and entrepreneurship in the agricultural field are becoming more and more active due to scientific and technological progress and diversified market demand, including agricultural production technology innovation, agricultural product variety improvement, and business model transformation, etc., while entrepreneurship is reflected in the creation of new agricultural enterprises, the rise of agricultural product e-commerce and the development of socialized service organizations. These activities not only improve the efficiency and quality of agricultural production, expand the industrial chain, but also enhance the ability of agriculture to cope with markets and risks. It is of great significance to deeply explore the internal logical correlation, interaction mechanism and policy suggestions between DIF, innovation, entrepreneurship, and agricultural economic resilience. It is also an important topic that needs to be studied urgently in the field of agricultural economic research. However, the published literature mainly explores the channels to enhance AR from external factors, such as climate change (Zhou et al., 2025; Bhatnagar et al., 2024), green finance (Zhang et al., 2025), land use (Hartman et al., 2025), and agricultural brands (Liao et al., 2025), while neglecting the role played by the coordinated development of information technology progress and financial applications. The scientific goals that this research needs to achieve are as follows: (1) To analyze whether the impact of DIF on AR is positive or negative. (2) If positive effects take the lead, is this relationship always valid? Are there any characteristics of phased transformation? (3) Are the benefits enjoyed in different regions the same? (4) Does the influence effect have a spatial spillover effect? (5) Importantly, DIF is of great significance to farmers' creativity. Then, can it easily strengthen the channels of entrepreneurial willingness to enhance AR? A comprehensive answer to these questions is of great significance for achieving Sustainable Development Goals (SDGs) 1 and 2.



2 A literature review

DIF has the advantages of low cost, low risk, wide coverage, and high penetration, effectively solving the long-standing problems of high cost, low coverage, and low penetration of traditional finance (Guo et al., 2020). With digital technologies such as big data, the Internet, cloud computing, and artificial intelligence, DIF can broaden the service targets, enable economically backward agricultural main areas to enjoy financing facilities, and accurately identify the credit risks of borrowers and provide necessary financial support for agricultural producers (Guo et al., 2022; Wang and Zhang, 2025). Therefore, it is reasonable to study the impact of DIF on agriculture.


2.1 The impact of DIF on rural society and agricultural economy

At present, the academic community has carried out extensive research on the impact of DIF on agriculture. Many scholars have found that in terms of industrial development, DIF has a positive impact on rural industrial integration (Ge et al., 2022), agricultural industrial structure optimization (Hong et al., 2022), high-quality agricultural development (Li et al., 2023), agricultural function expansion (Wang et al., 2023), rural revitalization (Xiong et al., 2022; Zhang and Huang, 2025; Zhao et al., 2025; Zeng and Zhou, 2025), and agricultural factor mismatch (Hong et al., 2024). The above research holds that modern digital technology has unlocked the potential of rural financial services for agricultural economic growth. This enabling effect mainly relies on the advantages of information technology in alleviating information opacity, optimizing approval processes and enhancing lending efficiency. Relying on the characteristics of combining “digitalization and inclusiveness,” information technology can provide financial services to all social strata and groups, achieving comprehensive coverage of financial services. Published literature has also analyzed the impact of DIF on rural society from the perspectives of the income gap between urban and rural areas and common prosperity (Guo et al., 2024a; Zhang et al., 2024). In terms of environmental protection, DIF has a significant role in promoting agricultural carbon emissions (Sun et al., 2022), agricultural low-carbon transformation (Liu et al., 2022; Wang et al., 2023; Liu and Ren, 2023), agricultural green development (Guo et al., 2024b), and agricultural ecological benefits (Huang and Wang, 2024). At the same time, DIF will effectively improve agricultural green total factor productivity through green technology innovation (Zhang and Li, 2025), land transfer (Shen et al., 2023), and improving the misallocation of agricultural production resources (Zhang and Wang, 2024). The published literature suggests that, thanks to DIF's low-cost and differentiated business strategies, farmers tend to adopt clean production equipment and green technologies in the production process. Against the backdrop of the growing popularity of green consumption, consumers are paying more attention to the quality and “green and organic” attributes of agricultural products. As a result, producers covered by rural finance will actively take measures to achieve a clean and low-carbon transformation. Importantly, DIF has actively integrated the mission goals of green finance into its practice in China, making it easier for environmentally friendly agricultural product producers to access financial resources. This market-guiding role has strengthened the role of DIF in environmental protection (Shen et al., 2023; Shen and Zhang, 2024a,b). In terms of food security, DIF can effectively ensure food security by increasing financing supply, accelerating inventory liquidity, supporting R&D investment (Huang and Nik, 2023), and large-scale farmland management (Lin et al., 2022; Jiang et al., 2024). It can be seen that DIF has a positive effect on many fields related to agriculture.



2.2 The impact of DIF on the AR

Reggiani et al. (2002) were the first to incorporate the term “resilience” into economic research. Martin and Sunley (2015) defined economic resilience as the economic system, after enduring external shocks, making adaptive changes to its economic structure to return to its original development state, so as to make fuller use of resources and achieve new development. As one of the subdivisions of agricultural research, agricultural economic resilience has received increasing attention from the academic community in the context of external shocks such as intensified trade conflicts, frequent extreme natural disasters, and continuous geopolitical conflicts. Since the concept of economic resilience was proposed, Scholars have thoroughly discussed the external factors influencing AR. From the perspective of agricultural policy, the separation of market prices and subsidy policies has strengthened the enthusiasm for agricultural production and market competition, which has a positive effect on agricultural technological innovation and leads to an increase in AR (Yang et al., 2023). The insurance premium subsidy policy has encouraged more farmers to participate in agricultural insurance, leading to an improvement in agricultural risk resistance (Zheng and Zhao, 2025). There are also studies that have analyzed their impacts on AE from the perspectives of population mobility (Qiao and Li, 2025), ecological efficiency (Qiao et al., 2023), social networks (Bahta et al., 2025), and property rights system (Wei et al., 2025).

The endogenous growth theory holds that although capital and labor are important sources of economic growth, the role of endogenous technological innovation within the economy cannot be ignored. It even determines the huge economic disparity between countries. Therefore, it is particularly important to analyze the impact of information technology on the agricultural economy from the perspective of technological innovation. Relevant literature has analyzed from the perspective of information technology innovation and application how digital technology affects economic resilience and achieved fruitful results (Cheng et al., 2024; Yang et al., 2024a; Guo et al., 2025). The powerful application capabilities of digital technology have a good promoting effect on the transformation of agricultural production models, especially the adjustment of industrial structure (Quan et al., 2024; Luo et al., 2025a). A small number of research results have been obtained on how DIF affects agricultural economic resilience. Some scholars have found that DIF can not only directly enhance the AR (Zhao et al., 2023; Shen and Hu, 2024) but also has a positive threshold effect based on its own and traditional financial competition (Zhang and Yu, 2025). The greatest advantage of information technology is to eliminate the information asymmetry between the agricultural product supply chain and the consumer end, making the information of financial borrowers more transparent (Ding et al., 2025; Luo et al., 2025b). In terms of the mechanism of DIF on agricultural economic resilience, some scholars have found that DIF mainly significantly enhances agricultural economic resilience through the upgrading of rural industries (Dai et al., 2023), agricultural technology innovation (Zhu and Sun, 2021; Bao et al., 2025), and rural industrial integration (Peng et al., 2025). From the perspective of micro-individuals, the low-cost financial assistance provided by DIF increases the possibility of rural families increasing their fixed asset investment. This kind of credit assistance will also trigger micro-behaviors such as entrepreneurship and the adoption of new technologies, which will enhance the economic resilience of rural households (Wu and Zhang, 2025).



2.3 Research gap

After reviewing the relevant literature, it can be seen that the current research on DIF in agriculture-related fields has achieved many results, but the correlation between DIF and agricultural economic resilience is relatively lacking. From the perspective of information technology, although there is already a large amount of literature exploring how to enhance the AR (Xue et al., 2025; Xie et al., 2025). However, they are mainly analyzed from the perspectives of the digital economy and digital transformation. Research combined with the economic practice of rural inclusive finance is still insufficient. Previous studies have mostly been based on China's interprovincial panel data, which make the research conclusions lacking in representativeness and prone to divergence between different studies (Gao and Gao, 2024; Yang et al., 2024b; Shen and Hu, 2024). Therefore, in order to improve the credibility and accuracy of empirical results, it is imperative to use more refined panel data for empirical testing. In addition, the exploration of the mechanism of DIF on agricultural economic resilience is still weak, and it needs to be carried out in depth and in many aspects. Based on the above situation, this study selects the panel data of 270 prefecture-level cities in China to carry out an empirical analysis of the impact of DIF on agricultural economic resilience, and innovatively introduces the mechanism variable of “entrepreneurial activity,” and deeply analyzes the internal mechanism between DIF and agricultural economic resilience from the entrepreneurial dimension, in order to provide a more detailed and reliable basis and reference for research in this field. The unique literature contributions of this study are as follows: (1) Data contribution: we refined the data samples to the city level and observed the time series extension. Generally speaking, the estimation results obtained from large-sample empirical data are more reliable. (2) New research findings: based on linear regression, we also analyzed the non-linear relationship between DIF and the AR using a threshold model. The published literature has merely analyzed their linear relationships, ignoring the non-linear effects produced by complex factors in the real world. Just as the law of diminishing marginal returns in economics holds, the positive benefits of any good always change with the variation of demand. We also employed spatial econometrics models to discover potential spatial spillover effects. This is of great significance in the digital economy era, as information exchange among individuals has become more convenient compared to the industrial age. (3) The insight into the research results. Based on the different dimensions of DIF, we also conducted a comprehensive examination of the aspects of coverage breadth, digitalization degree, and user usage depth. (4) New mechanism variables. The mechanisms of technological innovation, industrial transformation, and land transfer have been fully verified; however, the entrepreneurial behaviors of onlookers still need to be studied. We innovatively discovered the mediating role of entrepreneurial activity in DIF, enhancing the AR.




3 Theoretical analysis and research hypothesis


3.1 The direct impact of DIF on the AR

Agricultural economic resilience refers to the ability of agriculture to maintain its status quo and achieve rapid development in the face of crisis, which can be divided into three dimensions: resistance, resilience, and renewal (Li et al., 2022). Among them, good resistance refers to the ability of agriculture to maintain its status quo in the face of a crisis; while resilience refers to the ability of agriculture to recover quickly after a crisis. Renewal power refers to the ability of agriculture to further develop on the original basis. According to the theory of digital empowerment, information technology and inclusive finance have provided agricultural producers and farmers with abundant and low-cost financial funds, enabling them to improve their production and operation models to a greater extent and enhance their ability to resist risks (Li et al., 2025). DIF has a positive impact on the three dimensions of resistance, resilience and renewal, so as to achieve the goal of strengthening the AR.

(1) The credit rationing theory holds that due to information asymmetry and moral hazard, banks are unable to accurately identify the risks of borrowers (Park et al., 2003; Choudhary and Jain, 2022). Therefore, financial institutions would rather reject loan applications from some people at interest rates lower than those that are market-clearing than raise interest rates. In rural areas, information on credit, assets, profitability, and collateral is more uncertain than in urban areas. Meanwhile, the theory of financial exclusion holds that traditional financial institutions, driven by the goal of maximizing profits, will actively exclude low-income groups, small and micro-enterprises, and residents in remote areas, resulting in these groups being unable to access necessary financial services and exacerbating social injustice and the gap between the rich and the poor (Johnen et al., 2025). For a long time, agriculture and rural areas were excluded by financial institutions (Zhao and Wang, 2025). Digital technology is the key to cracking credit rationing. Big data, artificial intelligence, satellite remote sensing, blockchain, and other technologies can effectively alleviate information asymmetry (Feng et al., 2023). For instance, by analyzing farmers' online transaction records, social data, land remote sensing images, etc., financial institutions can conduct more precise risk pricing, enabling farmers who were previously unable to obtain loans due to a lack of collateral and credit records to also receive credit support. DIF can effectively improve the anti-risk ability of agricultural development. On the one hand, with digital technologies such as big data, the Internet, and mobile communications, it has gotten rid of the dependence of traditional finance on physical outlets, which not only greatly improves the coverage of financial services but also effectively improves the efficiency of credit approval. This allows agricultural business entities to alleviate credit constraints and provide equal access to financial services, thereby enabling them to easily and quickly obtain financial support in the face of crises such as natural disasters, market fluctuations, and trade conflicts, thereby improving their resilience in the face of crises. On the other hand, the innovative practice and in-depth application of digital technology in the financial field have reduced the dependence of financial institutions on human capital, thereby significantly reducing their labor costs and significantly reducing the price of financial services provided. This lowers the financing threshold for agricultural business entities and allows them to obtain sufficient financial support to deal with the crisis within the scope they can afford, thereby enhancing their resilience to the crisis.

(2) DIF can effectively enhance the post-disaster recovery capacity of agricultural production. Agriculture is a typical weak industry, facing serious natural risks, market risks, and technological risks. Economic resilience is reflected in the ability of entities to respond and recover from risk shocks. According to risk management theory, complete risk management tools are at the core of building resilience. DIF can collect the lending information of agricultural business entities to the greatest extent with the help of digital technologies such as the Internet and big data, thereby effectively alleviating the troubles caused by information asymmetry. Based on artificial intelligence and other technical means, it can accurately identify the credit risks of agricultural business entities, so as to launch diversified financial services in a targeted manner, and finally efficiently realize the optimal allocation of resources, so that agricultural business entities can obtain credit support in a timely manner after the crisis and quickly resume agricultural production (Tang and Tang, 2025). Digital agricultural insurance has significantly enhanced the efficiency and coverage of claims settlement, helping farmers smooth out consumption and stabilize production, thereby strengthening their resilience to shocks. DIF can accurately identify agricultural risks and reasonably price insurance with the help of digital technologies such as big data and artificial intelligence, thus accelerating the development of digital agricultural insurance (Xu et al., 2025). This enables agricultural insurance to play its role in the event of a crisis, so as to minimize the loss of agricultural business entities and enable them to quickly resume production after the crisis. DIF offers unprecedented risk management tools. Digital payment facilitates savings and capital turnover. Digital credit provides start-up funds for post-disaster production recovery.

(3) DIF can greatly strengthen agricultural renewal. On the one hand, DIF promotes the non-agricultural occupation of rural labor, which, in turn, produces land abandonment and accelerates land circulation, so as to promote large-scale agricultural operation through “small fields and large fields” (Shen et al., 2023; Yang and Meseretchanie, 2024). This further produces economies of scale, reduces the cost and increases the income of agricultural business entities, and then has enough funds to invest in scientific and technological research and development, so as to enhance the renewal power of agriculture. On the other hand, the amount of capital involved in the mechanization and digitalization of agriculture is huge, and the problems of high production risk, unstable income and difficulty in establishing credit in agriculture itself have exacerbated the credit constraints of traditional finance on agricultural business entities. Relying on digital technologies such as big data and the Internet, DIF can provide financial support services to a wider range of groups under the premise of minimizing risks. This enables “long-tail groups” such as agricultural business entities to obtain sufficient financial support to realize agricultural mechanization and digital transformation, thereby promoting the revolutionary improvement of agricultural production efficiency (Gao et al., 2022).

Based on the above analysis, we propose the first research hypothesis:

Hypothesis 1 (H1): DIF can enhance the AR.



3.2 The mediating effect of DIF on agricultural economic resilience

The productivity effect and information spillover effect of modern information technology have a positive impact on employment and entrepreneurship (Shen, 2024; Shen and Zhang, 2024c). As a traditional online tool, the Internet has already had a positive effect on the subjective wellbeing and entrepreneurial behavior of rural residents (Wu et al., 2025). This positive effect will be magnified for emerging digital technologies. Relying on the rapid development and in-depth popularization of digital technology, DIF can effectively solve the pain points of high cost, insufficient coverage and high risk in the traditional financial field, so as to effectively solve the long-standing shortage of funds for entrepreneurial activities in the agricultural field. First of all, DIF breaks the time and space limitations formed by traditional finance relying on physical outlets, and effectively covers all kinds of “long-tail groups” with digital technologies such as the Internet and mobile communications, and relaxes its credit qualifications for relevant practitioners in the agricultural field, so that they can obtain sufficient funds to engage in entrepreneurial activities (Yue et al., 2025). Second, with the help of relevant technical means, it can effectively obtain the loan information of entrepreneurs, so as to accurately assess the credit conditions of entrepreneurs, provide diversified financial services for all kinds of entrepreneurs under the premise of minimizing risks, and provide financial support for their entrepreneurial activities to the greatest extent (Yu et al., 2024; Chen et al., 2025). Finally, with the continuous improvement in the depth of integration between digital technology and the financial industry, the cost of DIF-related services has been significantly reduced, which allows financial institutions to provide financial services to entrepreneurs at a lower price threshold, thereby stimulating the enthusiasm of entrepreneurs and increasing entrepreneurial activity. Based on the above analysis, the article believes that DIF can enhance entrepreneurial activity (Shao et al., 2023).

Entrepreneurship is an important factor influencing regional resilience (Hoffmann et al., 2024; Uzzol and Uddin, 2025). Improving entrepreneurial activity can promote the AR. On the one hand, the increase in entrepreneurial activity can accelerate the innovation and application of agricultural science and technology, thereby promote the optimization and upgrading of agricultural structure, give birth to emerging industrial clusters and diversified formats, and activate new engines for agricultural development, thereby significantly enhancing the AR. On the other hand, the increase in entrepreneurial activity will directly create a large number of jobs, which in turn will drive people's employment level to increase, thereby promoting their income, putting forward new demands for agricultural production, and ultimately promoting the AR. Based on the above analysis, this study believes that the increase in entrepreneurial activity can enhance the AR.

Based on the above analysis, we propose the second research hypothesis:

Hypothesis 2 (H2): DIF can strengthen the anti-volatility ability of the agricultural economy by improving the activity of entrepreneurship, and ultimately enhance the AR.




4 Research design


4.1 Variable setting
 
4.1.1 Interpreted variables

The interpreted variable of the article is agricultural economic resilience (AER). Regarding the measurement methods of agricultural economic resilience, the comprehensive evaluation value based on the comprehensive evaluation index system and the sensitivity index based on a single indicator are mainly concentrated. Compared with the sensitivity index, the comprehensive evaluation value can more comprehensively reflect the multi-dimensional characteristics of agricultural economic resilience. Therefore, based on the availability and scientific nature of the data, this study evaluates the AR from three dimensions: resistance, resilience and renewal. In the selection of secondary indicators, resistance is characterized by two indicators: industrial economic buffer and food security, and is represented by two specific indicators: agriculture, forestry, animal husbandry, and fishery output value and comprehensive grain production capacity. The resilience is characterized by two indicators: traffic accessibility and efficiency support, and is represented by two specific indicators: village road hardening rate and per capita total power of agricultural machinery. The renewal power is characterized by two indicators: efficiency and quality improvement, and scientific and technological innovation ability, which are represented by two specific indicators: the average number of years of education of rural residents and the total number of agricultural patent applications. In summary, this study constructs a comprehensive evaluation index system of agricultural economic resilience consisting of three first-level indicators, six second-level indicators and six specific indicators. The detailed information is shown in Table 1. Finally, the data involved in the comprehensive evaluation index system are standardized, translational, entropy method weighting and linear weighting, and finally, a comprehensive evaluation system of agricultural economic resilience is obtained.

TABLE 1 Comprehensive evaluation index system of AR.


	Evaluation objectives
	First-level indicators
	Secondary indicators
	Specific indicators
	Unit
	Attribute
	Weight





	AR
	Resistance
	Industrial economic buffer
	Output value of agriculture, forestry, animal husbandry, and fishery
	100 million yuan
	+
	0.1668


 
	Food security
	Comprehensive grain production capacity
	10,000 tons
	+
	0.1669


 
	Resilience
	Traffic accessibility
	Village road hardening rate
	%
	+
	0.1669


 
	Efficiency support
	The total power of agricultural machinery per capita
	kw
	+
	0.1670


 
	Renewal power
	The foundation for quality improvement
	The average number of years of education of rural residents
	Year
	+
	0.1669


 
	Scientific and technological innovation capabilities
	Total number of agricultural patent applications
	Item
	+
	0.1653







4.1.2 Core explanatory variables

The core explanatory variable of the article is digital financial inclusion (DIF). This variable is characterized by the Digital Financial Inclusion Index jointly compiled by Peking University and Ant Financial. At the same time, to ensure dimensional consistency, divide the index by 100 as the final core explanatory variable.



4.1.3 Mediating variables

The mediating variable of the article was entrepreneurial activity (EAL). This variable is characterized by the number of start-ups per 100 people.



4.1.4 Control variables

According to the published literature, six indicators related to agricultural economic resilience are selected as control variables (Xu, 2025; Xu and Lu, 2025). (1) Agricultural enterprise development level (AEDL). The logarithmic value of the main business income of agricultural product processing enterprises above a designated size. (2) Rural transportation level (RTL). It is expressed by the logarithmic value of the number of cars per 100 households. (3) Rural resource utilization efficiency (RRUE). It is expressed by the proportion of comprehensive utilization of livestock and poultry manure to the total amount of livestock and poultry manure generated. (4) Rural environmental protection (REP). It is expressed by the proportion of green vegetation coverage area to the total area of the village. (5) Rural education level (REL). It is expressed by the proportion of full-time teachers with bachelor's degrees or above in rural compulsory education schools in the total number of teachers. (6) Rural communication level (RCL). It is expressed by the proportion of administrative villages that have opened Internet broadband services to the total number of villages.




4.2 Model construction
 
4.2.1 Benchmark regression model

This article selects the dual fixed-effect model of fixed city and year to empirically test the direct impact of DIF on agricultural economic resilience. The model is built as follows:

ARit=α0+α1DIFit+α2Controlit+γi+μt+εit      (1)

Among them, ARit represents the AR in the t year of city i, DIFit represents the digital financial inclusion index of city i in t year, Controlit represents the relevant control variables of city i in the t year, γi represents the individual fixed effect, μt represents the time fixed effect, εit is the random perturbation term, α0 is the constant term, and α1 and α2 are the coefficients of variables.



4.2.2 Mediation effect model

To identify the mediating mechanism by which DIF affects the AR, this study, following the approach of the published literature, conducted an empirical test using a three-stage mediating effect model (Yang and Shen, 2023; Hu et al., 2025).

EALit=β0+β1DIFit+β2Controlit+γi+μt+εit      (2)

ARit=θ0+θ1EALit+θ2DIFit+θ3Controlit+γi+μt+εit      (3)

Among them, β0 and θ0 are both constant terms. the coefficients, β1, β2, θ1, θ2, and θ3 all are the coefficients of the corresponding variables, the EALit represent the entrepreneurial activity of city i in the t year, and the rest of the symbols are consistent with model (1).




4.3 Data sources

This article selects the panel data of 270 prefecture-level cities from 2012 to 2023 as research samples. The data mainly comes from the “Peking University Digital Inclusive Finance Index,” the “China Urban Statistical Yearbook,” the “China Rural Statistical Yearbook,” and the authoritative data website (https://mark.com/). For some missing data, the interpolation method is used to supplement it. The descriptive statistics of each variable are shown in Table 2.

TABLE 2 Descriptive statistics.


	Variable
	Abbreviation
	Observations
	Average value
	Standard deviation
	Minimum
	Maximum





	Agricultural resilience
	AR
	3,240
	0.3210
	0.1107
	0.0244
	0.8194



	Digital financial inclusion
	DIF
	3,240
	1.9227
	0.7559
	0.1702
	3.6107



	Coverage breadth
	CB
	3,240
	1.8658
	0.8038
	0.0186
	3.9278



	Use depth
	UD
	3,240
	1.8392
	0.7130
	0.0429
	3.5430



	Digitization
	DS
	3,240
	2.2624
	0.8287
	0.0270
	5.8123



	Entrepreneurial activity
	EAL
	3,240
	1.3460
	1.3148
	−3.7550
	20.5720



	The development level of agricultural enterprises
	AEDL
	3,240
	7.8790
	0.4352
	6.2646
	8.8894



	Rural transportation level
	RTL
	3,240
	2.8367
	0.4374
	1.0986
	3.8918



	Rural resource utilization efficiency
	RRUE
	3,240
	18.50394
	6.438422
	3.14284
	48.8685



	Rural environmental protection
	REP
	3,240
	8.361261
	3.043926
	1.28443
	24.356



	Rural education level
	REL
	3,240
	15.09094
	5.255906
	2.5038
	40.722



	Rural communication level
	RCL
	3,240
	15.12434
	5.28682
	2.75875
	39.8452








5 Empirical results


5.1 Benchmark regression results

Table 3 presents the analysis results of baseline regression: Column (1) is the regression data without the control variable, and Columns (2)–(7) are the regression results after the control variable is added step by step. The data show that the impact of DIF on the AR is significantly positive at the statistical level of 1%, regardless of whether control variables are included, which indicates that DIF can effectively enhance the AR. DIF has excellent characteristics, including wide coverage, low cost, and low risk, and can work together on the AR from the three aspects of resistance, resilience, and renewal, thereby promoting its significant enhancement. Therefore, Hypothesis 1 is proven.

TABLE 3 Baseline regression results.


	Variable
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)





	DIF
	0.0513*** (0.0078)
	0.0548*** (0.0064)
	0.0531*** (0.0064)
	0.0493*** (0.0059)
	0.0478*** (0.0058)
	0.0474*** (0.0058)
	0.0465*** (0.0057)



	AEDL
	
	0.1629*** (0.0040)
	0.1325*** (0.0060)
	0.0902*** (0.0058)
	0.0861*** (0.0057)
	0.0758*** (0.0057)
	0.0693*** (0.0055)



	RTL
	
	
	0.0346*** (0.0053)
	0.0211*** (0.0049)
	0.0195*** (0.0049)
	0.0159*** (0.0047)
	0.0124*** (0.0046)



	RRUE
	
	
	
	0.0053*** (0.0003)
	0.0048*** (0.0003)
	0.0040*** (0.0003)
	0.0033*** 0.0003



	REP
	
	
	
	
	0.0021*** (0.0003)
	0.0018*** (0.0003)
	0.0014*** (0.0003)



	REL
	
	
	
	
	
	0.0028*** (0.0003)
	0.0023*** (0.0003)



	RCL
	
	
	
	
	
	
	0.0029*** (0.0003)



	Cons
	0.2224*** (0.0151)
	−1.0675*** (0.0337)
	−0.9232*** (0.0400)
	−0.6411*** (0.0375)
	−0.6119*** (0.0371)
	−0.5449*** (0.0369)
	−0.4999*** (0.0358)



	Year
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	City
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	N
	3,240
	3,240
	3,240
	3,240
	3,240
	3,240
	3,240



	R2
	0.9573
	0.9738
	0.9742
	0.9779
	0.9783
	0.9791
	0.9799



***indicates significant at the 1% level. The standard error is reported in parentheses.



In terms of control variables, the development level of agricultural enterprises, rural transportation, rural resource utilization efficiency, rural environmental protection, rural education level, and rural communication level are positive at the 1% significance level, indicating that these control variables can also enhance agricultural economic resilience. The improvement of the development level of agricultural enterprises can enhance the ability of the agricultural economy to cope with market fluctuations by expanding the scale of production, optimizing the industrial structure and increasing jobs. The progress of rural transportation can accelerate the circulation of agricultural products, reduce transportation costs, and make the agricultural economy more resilient in the logistics link. The improvement of rural resource utilization efficiency will help to achieve sustainable use of resources, reduce dependence on external resources, and stabilize the foundation of agricultural economic development. Good rural environmental protection can promote the development of ecological agriculture, improve the brand quality and market competitiveness of agricultural products, and enhance the AR. The improvement of rural education level can cultivate professionals for agriculture, innovate agricultural technology and management models, and help the agricultural economy adapt to changes. The upgrading of rural communication level facilitates the dissemination and exchange of agricultural information, timely grasps market dynamics, makes accurate decisions, and effectively enhances the AR.



5.2 Robustness test

In order to verify the robustness of the benchmark regression results, the robustness of the model is tested by the following three methods: 1% bilateral tailing, replacement of interpreted variables, and lagging treatment of core explanatory variables. Table 4 shows the robustness test results, where Columns (1)–(3) are the robustness test results of 1% bilateral tailing treatment, replacement of the interpreted variable and the lag of the core explanatory variable by one period, respectively. The test results show that DIF still significantly enhances the AR at the 1% level. This proves that the benchmark regression results are reliable and robust.

TABLE 4 Robustness test.


	Variable
	(1)
	(2)
	(3)



	1% Bilateral tail retraction
	Replace the interpreted variable
	The core explanatory variables lag one period





	DIF
	0.0435*** (0.0055)
	0.9081*** (0.0954)
	0.0337*** (0.0059)



	Control variables
	Yes
	Yes
	Yes



	Cons
	−0.5220*** (0.0375)
	−11.64788*** (0.5511)
	−0.4982*** (0.0375)



	Year
	Yes
	Yes
	Yes



	City
	Yes
	Yes
	Yes



	N
	3,240
	3,240
	2,970



	R2
	0.9798
	0.9759
	0.9804



***indicates significant at the 1% level. The standard error is reported in parentheses.





5.3 Endogenous test

In order to avoid the endogenous problem caused by a mutual causal relationship, the instrumental variable method is used to carry out endogenous analysis. In the process of selecting instrumental variables, based on the ideas that have already been published, the interaction between the number of post offices per 100 people and the number of Internet users in the previous year, as well as the digital inclusive financial index that lags two periods behind, are selected as two instrumental variables (Huang et al., 2025; Li and Han, 2025; Su et al., 2025). The early Internet infrastructure had a very weak correlation with the economic growth of modern agriculture. It took a long time for Internet applications to rise in rural areas. As an important channel for economic exchanges and shipping cooperation, the post office made a significant contribution to economic growth when information technology was not yet widely applied. With the increasing demand for information exchange among people, traditional mail delivery cannot meet the needs of residents. This has directly led to the rapid development of the Internet, digital connectivity and digital finance. Therefore, post offices have historically promoted economic development, and their density has also influenced economic intensity. Therefore, we have reason to believe that instrumental variables meet the requirements of correlation and exclusivity.

Columns (1)–(4) in Table 5 show the endogenous test results of these two instrumental variables. The regression data in the first stage showed that the F-value of both instrumental variables was greater than 10, and both were significantly positive at the statistical level of 1%, which indicated that the selected instrumental variables did not have the problem of weak instrumental variables, and were positively correlated with DIF. The results of the second stage of regression show that the enhancement effect of DIF on agricultural economic resilience still exists significantly at the level of 1%. It can be concluded that even considering the endogenous problem, digital financial inclusion can still significantly improve the AR, and Hypothesis 1 is further validated and supported.

TABLE 5 Endogenous discussion.


	Variable
	2SLS
	2SLS



	(1)
	(2)
	(3)
	(4)


 
	1st stage
	2nd stage
	1st stage
	2nd stage





	DIF
	
	0.1480*** (0.0530)
	
	0.0707*** (0.0155)



	POST
	1.17e−08*** (2.25e−09)
	
	
	



	DIF-2
	
	
	0.3836*** (0.0365)
	



	Control variables
	Yes
	Yes
	Yes
	Yes



	Cons
	0.9102*** (0.1315)
	−0.4705*** (0.0614)
	1.2567*** (0.1391)
	−0.4548*** (0.0443)



	City
	Yes
	Yes
	Yes
	Yes



	Year
	Yes
	Yes
	Yes
	Yes



	F
	27.13
	110.48



	N
	3,168
	3,168
	2,700
	2,700



	R2
	0.9946
	0.9749
	0.9926
	0.9811



***indicates significant at the 1% level. The standard error is reported in parentheses.





5.4 Mechanism analysis
 
5.4.1 Mechanism analysis of subsystems

Columns (1) and (2) in Table 6 show the mechanism test of entrepreneurial activity in the process of DIF to enhance agricultural economic resilience. Among them, the data of Column (1) shows that the impact of DIF on entrepreneurial activity is significantly positive at the statistical level of 1%, which indicates that DIF can significantly improve entrepreneurial activity; Column (2) shows that the regression coefficient of entrepreneurial activity is significantly positive at the statistical level of 5%, indicating that this variable can effectively strengthen the AR. It can be seen that DIF can effectively enhance the AR by improving the activity of entrepreneurship, and the mechanism based on entrepreneurial activity is established. At the same time, in order to further enhance the reliability of the mechanism of action, the Sobel test was used to carry out the test. The results showed that the Z-value was 2.647, which passed the significance test at the 1% level, and the proportion of the mechanism of action was 0.052, which confirmed the robustness of the mechanism. On the one hand, DIF lowers the entry threshold for financial services and effectively stimulates their entrepreneurial enthusiasm by providing low-interest and low-risk financial products to all kinds of entrepreneurs, thereby promoting the increase of entrepreneurial activity. On the other hand, entrepreneurial activity further has a positive impact on the AR by accelerating the promotion of agricultural science and technology and creating jobs. Therefore, Hypothesis 2 is confirmed.

TABLE 6 The result of the mechanistic analysis of subsystems.


	Variable
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)



	EAL
	AR
	EAL
	AR
	EAL
	AR
	EAL
	AR





	DIF
	2.1643*** (0.2432)
	0.0440*** (0.0057)
	
	
	
	
	
	



	CB
	
	
	1.3292*** (0.2320)
	0.0209*** (0.0051)
	
	
	
	



	UD
	
	
	
	
	1.3524*** (0.1591)
	0.0221*** (0.0045)
	
	



	DS
	
	
	
	
	
	
	0.2827*** (0.0691)
	0.0092*** (0.0014)



	EAL
	
	0.0011** (0.0005)
	
	0.0015*** (0.0005)
	
	0.0014*** (0.0005)
	
	0.0015*** (0.0005)



	Control variables
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	Cons
	−0.1666 (1.5147)
	−0.4997*** (0.0358)
	2.2780 (1.5398)
	−0.4401*** (0.0355)
	1.4899 (1.4164)
	−0.4539*** (0.0349)
	3.8204** (1.4995)
	−0.4321*** (0.0340)



	Year
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	City
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	N
	3,240
	3,240
	3,240
	3,240
	3,240
	3,240
	3,240
	3,240



	R2
	0.7050
	0.9799
	0.7004
	0.9796
	0.7026
	0.9797
	0.6981
	0.9797



	Sobel Inspection
	Z = 2.647***
	Z = 6.288***
	Z = 3.079***
	Z = 2.747***



	Proportion of mechanism role
	0.052
	0.086
	0.077
	0.044



*** and **indicate significance at the 1% and 5% levels, respectively. The standard error is reported in parentheses.



Columns (3)–(8) are the subsystems of DIF, that is, the test results of the mechanism of coverage, depth of use and degree of digitalization. The results show that the subsystem can also significantly enhance the AR by improving entrepreneurial activity, and both pass the Sobel test, indicating that the mechanism based on entrepreneurial activity still exists in the subsystem of DIF. The goal of DIF is to provide financial service support for all levels and groups of society, and the improvement of the coverage of its subsystem will directly benefit the “long-tail group,” so that they can obtain sufficient financial support for entrepreneurial activities, and then effectively promote the improvement of new agricultural productivity. The increase in the depth of use means that the types of financial services for the “long-tail group” have increased, which enables them to have equal access to financial services and make full use of these financial services to carry out entrepreneurial activities, so as to promote the AR through the promotion of science and technology and the increase of employment. The increase in digitalization will directly reduce the cost and price of various financial services, lower the threshold for obtaining financial services, and stimulate the enthusiasm of agricultural business entities to carry out entrepreneurial activities, thereby having a positive effect on the AR.



5.4.2 Mechanism analysis of regional heterogeneity was included

In order to explore whether this mechanism is established in different regions, 270 prefecture-level cities are divided into the following three regions: eastern, central, and western, and the mechanism is tested, respectively. Table 7 shows the results of the mechanistic analysis of regional heterogeneity. Columns (1), (3), and (5) show that in the eastern, central and western regions, DIF can improve entrepreneurial activity; Columns (2), (4), and (6) show that entrepreneurial activity can significantly enhance agricultural economic resilience in the eastern region, but not significantly in the central and western regions. At the same time, the Sobel test shows that this mechanism of action is established in the eastern region, but not in the central and western regions. The above results show that the mechanism of DIF to enhance agricultural economic resilience by increasing entrepreneurial activity is established in the eastern region, but not in the central and western regions. The eastern region has a complete network infrastructure, dense financial service outlets, a developed economy and diversified industrial structure, and rich educational resources, so that entrepreneurs have high financial literacy, advanced financial culture, strong policy support and sufficient market competition. These conditions are conducive to the efficient reach of DIF to entrepreneurs, online and offline collaborative services, entrepreneurs can use diversified financial products and multi-industry integration to start businesses, with the help of policy preferences and obtain high-quality services in competition, so as to effectively enhance entrepreneurial activity and enhance the AR. However, the central and western regions have insufficient network coverage, few financial outlets, lagging economic development, a single industrial structure, and a limited education level, resulting in weak financial awareness, poor policy implementation and insufficient market competition. This makes it difficult for DIF to carry out smoothly, and entrepreneurs have limited access to resources and a weak ability to use financial tools, making it difficult to fully use them to enhance their entrepreneurial activity, and then it is difficult to enhance the AR.

TABLE 7 Results of mechanistic analysis of regional heterogeneity.


	Variable
	Eastern region
	Central region
	Western region



	(1) EAL
	(2) AR
	(3) EAL
	(4) AR
	(5) EAL
	(6) AR





	DIF
	2.7027*** (0.5849)
	0.0440*** (0.0057)
	1.2530*** (0.2583)
	0.0277*** (0.0092)
	1.8992*** (0.4105)
	0.0374*** (0.0097)



	EAL
	
	0.0014** (0.0007)
	
	−0.0002 (0.0008)
	
	0.0007 (0.0010)



	Control variables
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	Cons
	−1.7864 (5.1327)
	−0.6671*** (0.1025)
	2.2780 (1.5398)
	−0.5864*** (0.0669)
	0.4467 (1.6863)
	−0.4682*** (0.0501)



	Year
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	City
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	N
	1,044
	1,044
	1,176
	1,176
	1,020
	1,020



	R2
	0.7448
	0.9447
	0.5106
	0.9719
	0.6790
	0.9865



	Sobel inspection
	Z = 2.060**
	Z = −0.291
	Z = 0.788



	Proportion of mechanism role
	0.055
	−0.010
	0.036



*** and ** indicate statistical significance at the 1% and 5% levels, respectively. The standard error is reported in parentheses.







6 Further analysis


6.1 Analysis of threshold effect
 
6.1.1 Threshold effect test

The critical value theory holds that if market entities want to utilize external resources, they must first possess certain internal capabilities to absorb and transform them. DIF varies significantly in different regions and at different stages, and thus, the resulting impact effects will also differ. Both theory and reality strongly suggest that the relationship between DIF and AR is more likely to be non-linear. Its influence may have critical points or thresholds. Before and after reaching these points, the influence mechanism, direction, and even magnitude will undergo significant changes. Ignoring this non-linearity may lead to biased or even incorrect conclusions. In order to determine the number of thresholds, the threshold effect is tested. Table 8 shows the test data for the threshold effect. The test results show that the model passes the single threshold effect and double threshold effect at the significance level of 1% and 10%, respectively, while the triple threshold effect test fails. Based on this, it was decided to construct a double threshold model to explore the non-linear effect of DIF on AR.

TABLE 8 Threshold effect test.


	Variable
	Threshold number
	F-number
	p-number
	Critical value



	1%
	5%
	10%





	DIF
	Single threshold
	97.57
	0.0000
	18.3151
	14.5129
	11.2694


 
	
	Double threshold
	17.04
	0.0567
	26.4235
	18.0084
	14.7022


 
	
	Triple threshold
	9.94
	0.1600
	26.1238
	17.2727
	12.9446







6.1.2 Threshold effect regression results

Table 9 shows the regression results of the double threshold effect model. The data show that when the development level of DIF is lower than the first threshold value (0.6989), its impact coefficient on agricultural economic resilience is 0.0260, and it passes the 1% significance level test. When it is between the first and second threshold values, the coefficient of influence is 0.0151, which also passes the test at the 1% significance level. When the second threshold value (2.4094) is exceeded, the coefficient of impact is 0.0179, which still passes the 1% significance level test. It can be seen that the impact coefficients of each stage are positive, but there are differences in the values, showing the characteristics of U-shaped changes that first decrease and then rise. This means that no matter what stage of development DIF is in, it can have a significant role in promoting the improvement of AR, but there is a non-linear change law of first weakening and then enhancing, and its positive impact shows a fluctuating trend of first high, then low and then up. In the early stage, when DIF first entered the agricultural field, with innovative financial models and resources, microcredit filled the gap in agricultural funds in a timely manner, and e-commerce finance broadened the sales channels of agricultural products, which effectively boosted the AR. However, with the advancement of development, market competition has become increasingly fierce; some digital inclusive financial products have appeared in chaos, non-compliant platforms have emerged, disrupting the order of the financial market, and the financial risks faced by agricultural business entities have increased. After that, the regulatory system was gradually built and improved, DIF returned to the right track and developed in an orderly manner, and financial institutions went deep into all links of the agricultural industry chain to develop customized financial services according to the characteristics of different links such as agricultural production, processing, and sales, once again injecting strong impetus into the enhancement of AR and making its positive impact rise again.

TABLE 9 Threshold regression results.


	Variable
	AR





	DIF (DIF ≤ 0.6989)
	0.0260*** (0.0034)



	DIF (0.6989 ≤ DIF ≤ 2.4094)
	0.0151*** (0.0010)



	DIF (DIF ≥ 2.4094)
	0.0179*** (0.0009)



	Control variables
	Yes



	Cons
	−0.4386*** (0.0373)



	N
	3,240



	R2
	0.9149



*** indicates significant at the 1% level. The standard error is reported in parentheses.






6.2 Spatial spillover effect
 
6.2.1 Spatial autocorrelation analysis

Spatial externality holds that the behavior of one entity will have non-market impacts on other entities adjacent to it in space, including positive externalities and negative externalities. Just as economic geography reveals, there are extensive and close spatial correlations among economic affairs (Liu and Lian, 2025; Zheng et al., 2025). Agricultural economic activities and financial activities are by no means operating independently in a “vacuum”; they have profound spatial correlations. Ignoring this correlation will lead to incorrect model Settings, resulting in biased estimation results and missing key mechanisms of action. First, the spatial autocorrelation test is carried out on the explained variables and the core explanatory variables to judge the necessity of spatial econometric analysis. In order to improve the robustness of the test results, the global Moran index from 2012 to 2023 is calculated under three spatial weight matrices: distance-based adjacency weight matrix, adjacency weighting matrix based on proximity number, and second-order inverse distance weight matrix. Table 10 shows that among the three spatial weight matrices, the global Moran index of AR and DIF over the years is significantly positive at the 1% significance level, indicating that there is spatial autocorrelation between these two variables. Therefore, it is necessary to further construct a spatial econometric model to carry out the analysis of the spatial spillover effect.

TABLE 10 Spatial autocorrelation analysis results.


	Year
	Distance-based adjacency weight matrix
	Adjacency weight matrix based on the number of neighbors
	Second-order inverse distance weight matrix



	AR
	Digital financial inclusion
	AR
	Digital financial inclusion
	AR
	Digital financial inclusion





	2012
	0.132***
	0.088***
	0.413***
	0.384***
	0.324***
	0.311***



	2013
	0.130***
	0.102***
	0.408***
	0.421***
	0.332***
	0.335***



	2014
	0.136***
	0.121***
	0.401***
	0.401***
	0.317***
	0.329***



	2015
	0.123***
	0.079***
	0.403***
	0.373***
	0.327***
	0.276***



	2016
	0.122***
	0.096***
	0.394***
	0.380***
	0.309***
	0.306***



	2017
	0.136***
	0.107***
	0.379***
	0.370***
	0.302***
	0.299***



	2018
	0.128***
	0.125***
	0.386***
	0.417***
	0.304***
	0.340***



	2019
	0.126***
	0.167***
	0.375***
	0.491***
	0.306***
	0.396***



	2020
	0.132***
	0.182***
	0.387***
	0.506***
	0.298***
	0.411***



	2021
	0.124***
	0.201***
	0.375***
	0.529***
	0.294***
	0.432***



	2022
	0.131***
	0.227***
	0.366***
	0.558***
	0.294***
	0.454***



	2023
	0.115***
	0.234***
	0.389***
	0.580***
	0.295***
	0.468***



*** indicates significant at the 1% level.





6.2.2 Lagrange multiplier test

In this article, the lagrange multiplier (LM) test is used to clarify the type of spatial econometric model to be adopted. Table 11 shows that the spatial lag and spatial error of the distance-based adjacency weight matrix and the second-order inverse distance weight matrix significantly reject the null hypothesis at the level of 1%, while the spatial lag and spatial error of the adjacency weight matrix based on the number of adjacents significantly reject the null hypothesis at the level of 10% and 1%, respectively, indicating that the spatial lag model, spatial error model and spatial Durbin model can all be adopted. In order to visually present the spatial spillover effect of DIF on AR and to take into account the simplicity and interpretability of the model, this study decided to use the spatial lag model for spatial econometric analysis.

TABLE 11 LM Inspection results.


	Matrix categories
	LM inspection category
	Spatial error
	Spatial lag





	Distance-based adjacency weight matrix
	LM
	93.271***
	31.636***


 
	Robust LM
	74.044***
	13.309***



	Adjacency weight matrix based on the number of neighbors
	LM
	497.674***
	27.536***


 
	Robust LM
	473.469***
	3.331*



	Second-order inverse distance weight matrix
	LM
	278.562***
	8.554***


 
	Robust LM
	286.683***
	16.675***



*** and * indicate significance at the 1% and 10% levels, respectively.





6.2.3 Pre-test of spatial econometric model

Table 12 shows the results of the fixed effect test. The results show that under the three spatial weight matrices, the models all pass the Hausman test, so it is decided to use the fixed-effect model, and both pass the significance test in the test of time fixation and space fixed effect, so the spatial and spatial double fixed space lag model is finally used for spatial econometric analysis.

TABLE 12 Fixed-effect test results.


	Matrix categories
	Hausman inspection
	Time fixed-effect test
	Spatial fixation effect test





	Distance-based adjacency weight matrix
	55.91***
	4,917.95***
	74.62***



	Adjacency weight matrix based on the number of neighbors
	16.58**
	4,952.66***
	74.61***



	Second-order inverse distance weight matrix
	47.76***
	4,949.10***
	81.70***



***and ** indicate significance at the 1% and 5% levels, respectively.





6.2.4 Spatial econometric analysis

Table 13 shows the regression results of the spatial lag model. The results show that under the three spatial weight matrices, the direct effect enhances the AR at the 1% significance level, which is another validation of Hypothesis 1. The indirect effect also enhances the AR at the 1% significance level, and accounts for 25%, 18%, and 13% of the total effect, respectively, indicating that DIF has a strong positive spatial spillover effect on AR. At the same time, the rho value of the spatial effect coefficient under the three spatial weight matrices is also significantly positive at the 1% level, which further confirms the positive spatial spillover effect of DIF on AR. To sum up, DIF can not only enhance the AR in the region but also play an effective role in enhancing the AR in the surrounding areas. DIF has a positive spatial spillover effect on AR, mainly due to many factors. First of all, DIF relies on the Internet and other information technologies to break through geographical limitations, and the mature digital financial model, rich financial products and service experience in developed regions can quickly spread to surrounding areas through information dissemination, talent flow and business expansion. Second, the development of DIF is conducive to the optimal allocation of resources between regions, and the flow of capital, technology and other factors will flow between regions according to market demand, driving the integration of agricultural production factors in a broader range, so that the interdependence of agricultural economy in various regions is improved, and the ability to synergize and resist risks is enhanced, which in turn has a positive spatial spillover effect on the AR.

TABLE 13 The regression results of the spatial lag model were returned.


	Variable
	Distance-based adjacency weight matrix
	Adjacency weight matrix based on the number of neighbors
	Second-order inverse distance weight matrix



	Direct effect
	Indirect effects
	Total effect
	Direct effect
	Indirect effects
	Total effect
	Direct effect
	Indirect effects
	Total effect





	DIF
	0.0440*** (0.0051)
	0.0147*** (0.0044)
	0.0587*** (0.0074)
	0.0432*** (0.0050)
	0.0095*** (0.0019)
	0.0527*** (0.0061)
	0.0449*** (0.0050)
	0.0067*** (0.0017)
	0.0516*** (0.0058)



	Control variables
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	Year
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	City
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	rho
	0.2496*** (0.0569)
	0.1825*** (0.0280)
	0.1322*** (0.0293)



	N
	3,240
	3,240
	3,240



	R2
	0.9102
	0.9037
	0.9083



***indicates significance at the 1% level. The standard error is reported in parentheses.






6.3 Heterogeneity analysis
 
6.3.1 Regional heterogeneity

According to the classification standards of the National Bureau of Statistics, 270 prefecture-level cities were divided into three regions: eastern, central, and western, and then regression analysis was carried out. The estimated results of the regional heterogeneity test are shown in Table 14. The analysis results show that DIF has passed the 1% significance level test in the eastern, central and western regions, indicating that it can effectively enhance the AR in these three regions. At the same time, the influence coefficient of the eastern region (0.0689) was much higher than that of the central region (0.0274) and the western region (0.0388). The eastern region has a high level of economic development, more complete digital infrastructure construction, and network communication is not only convenient and efficient but also has a wide coverage, which provides a solid guarantee for the efficient promotion of digital inclusive financial services and can more accurately connect with the needs of all aspects of the agricultural economy. Its financial market is highly mature, with many financial institutions and strong innovation capabilities, and can develop rich and diverse, as well as adaptable, financial products and services to meet the diversified financial demands of the agricultural economy and enhance resilience. At the same time, the eastern region has rich educational resources, and agricultural practitioners have a relatively higher level of financial literacy and knowledge, and can have a deeper understanding and flexible use of digital inclusive financial tools. In addition, the degree of industrial integration in the eastern region is deep, and the coordinated development of agriculture and secondary and tertiary industries is close, and DIF can play a full role in the diversified industrial ecology and enhance the stability and ability of the agricultural economy to resist risks. As a result, its impact on AR is more prominent, much higher than that of the central and western regions.

TABLE 14 The result of regional heterogeneity.


	Variable
	(1) AER (eastern region)
	(2) AER (central region)
	(3) AER (western region)





	DIF
	0.0689*** (0.0113)
	0.0274*** (0.0092)
	0.0388*** (0.0095)



	Control variables
	Yes
	Yes
	Yes



	Cons
	−0.6696*** (0.1025)
	−0.5858*** (0.0667)
	−0.4678*** (0.0501)



	Year
	Yes
	Yes
	Yes



	City
	Yes
	Yes
	Yes



	N
	1,044
	1,176
	1,020



	R2
	0.9444
	0.9719
	0.9865



***indicates significance at the 1% level. Standard errors are reported in parentheses.





6.3.2 Dimensional heterogeneity

Table 15 shows the impact of each subsystem of DIF on the AR. The results show that the coefficients of the impact of coverage breadth, depth of use and digitalization level on AR all pass the 1% significance level test, indicating that the subsystems of DIF can effectively enhance AR. The expansion of coverage has enabled more agricultural entities in remote areas to access digital financial services, break geographical restrictions, and allow financial resources to widely benefit all corners of the agricultural field. The increase in the depth of use means that agricultural practitioners can make full use of the functions of DIF, whether it is complex financial risk management tools or diversified payment and settlement methods, which can better help agricultural production and operation decisions and optimize resource allocation. Accurate big data analysis can provide financial product recommendations that better meet the needs of agricultural economic entities, reduce transaction costs and information asymmetry, enhance the ability of the agricultural economy to cope with uncertainty, and jointly act on the improvement of AR from multiple dimensions.

TABLE 15 Dimensional heterogeneity.


	Variable
	(1) AER
	(2) AER
	(3) AER
	(4) AER
	(5) AER
	(6) AER





	CB
	0.0231*** (0.0071)
	0.0229*** (0.0051)
	
	
	
	



	UD
	
	
	0.0265*** (0.0063)
	0.0239*** (0.0046)
	
	



	DS
	
	
	
	
	0.0114*** (0.0021)
	0.0096*** (0.0014)



	AEDL
	
	0.0666*** (0.0056)
	
	0.0685*** (0.0055)
	
	0.0682*** (0.0056)



	RTL
	
	0.0132*** (0.0047)
	
	0.0139*** (0.0046)
	
	0.0133*** (0.0046)



	RRUE
	
	0.0033*** (0.0003)
	
	0.0033*** (0.0003)
	
	0.0032*** (0.0003)



	REP
	
	0.0015*** (0.0003)
	
	0.0014*** (0.0003)
	
	0.0015*** (0.0003)



	REL
	
	0.0023*** (0.0003)
	
	0.0022*** (0.0003)
	
	0.0023*** (0.0003)



	RCL
	
	0.0029*** (0.0003)
	
	0.0028*** (0.0003)
	
	0.0029*** (0.0003)



	Cons
	0.2779*** (0.0133)
	−0.4368*** (0.0356)
	0.2723*** (0.0116)
	−0.4519*** (0.0350)
	0.2953*** (0.0047)
	−0.4263*** (0.0341)



	Year
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	City
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes



	N
	3,240
	3,240
	3,240
	3,240
	3,240
	3,240



	R2
	0.9568
	0.9795
	0.9570
	0.9796
	0.9570
	0.9796



***indicates significance at the 1% level. Standard errors are reported in parentheses.







7 Conclusions and policy recommendations


7.1 Conclusion

The published literature has focused on analyzing the impact of digital technology on economic resilience (Wang et al., 2024, 2025; Yang et al., 2024a). However, we have narrowed our perspective to the agricultural industry and conducted a detailed analysis of how DIF affects AR. This study uses the panel data of 270 prefecture-level cities across the country from 2012 to 2023 as research samples, and uses a variety of measurement methods to carry out empirical analysis. First, the two-way fixed-effect model is constructed to empirically test the direct effect of DIF on AR. Second, based on the benchmark regression model, a mediating effect model is constructed to empirically explore the mediating transmission role of entrepreneurial activity in the process of enhancing the AR through DIF. Furthermore, in order to comprehensively clarify the various impact paths of DIF on AR, the threshold effect model and the spatial lag model are constructed, respectively, and their threshold characteristics and spatial spillover effects are analyzed. Finally, a heterogeneity analysis is carried out to clarify the impact of DIF on AR in different regions and sub-dimensions. The results are as follows: (1) DIF has a significant positive effect on AR. Our results are consistent with those of the published literature (Gao et al., 2024). (2) We still have some novel discoveries. The promotion effect of DIF on AR will show the threshold characteristics of first weakening and then increasing with its own development. (3) The impact of DIF on AR has a positive spatial spillover attribute. (4) DIF has a significant role in promoting AR in the eastern, central and western regions, but the impact coefficient of the eastern region is significantly higher than that in the central and western regions, and its sub-dimensions can have an enhanced effect on AR. (5) DIF can strengthen the AR by increasing entrepreneurial activity, and this mechanism is also effective in its sub-dimensions, but heterogeneity analysis shows that this mechanism only plays a role in the eastern region. The unique findings of this study are of great significance for achieving SDGs 1 and 2, especially the goal of sustainable food production.



7.2 Policy recommendations

To fully leverage the enabling role of information technology in the AR, based on research findings, we believe that the following policy measures are recommended.

(1) The government should narrow the regional DIF gap and improve its overall level by increasing investment in the digital infrastructure of the central and western regions, specifically in network base stations and financial service terminals. Administrative institutions should build and improve the regulatory framework for DIF, use tax incentives, financial subsidies and other policies to guide and support in the early stage of development, and strengthen standardized regulatory measures after development matures to ensure that its positive impact on AR continues to be effective.

(2) According to the characteristics of the threshold effect of DIF first falling and then rising, formulate phased policies for precise adaptation. Government departments and financial regulatory agencies should encourage financial innovation and moderately relax access in the early stage, and guide financial resources to tilt toward the agricultural sector; In the later stage, we will strengthen risk prevention and control and compliance review to ensure the smooth operation of DIF in the agricultural economic system and stabilize its role in promoting AR.

(3) Deeply explore the spatial spillover effect of DIF, and actively advocate inter-regional collaborative cooperation. Rural financial institutions and agricultural administrative departments should establish a cross-regional agricultural financial cooperation mechanism to promote the interaction and sharing of financial resources, technical experience, talent information, and other elements between regions. The eastern region transmits advanced digital financial management experience and technology application models to the central and western regions, and the central and western regions contribute rich agricultural resources and characteristic industrial projects, achieve complementary advantages, and drive the overall AR.

(4) Thoroughly analyze the reasons for the advantages of DIF in promoting AR in the eastern region, systematically summarize the successful experience and promote it in combination with the actual situation in the central and western regions. Deeply explore the unique agricultural resources and industrial potential of the central and western regions, integrate the characteristic advantages of DIF to innovate service models and financial products, develop and adapt financial service packages around characteristic agricultural products, improve the impact coefficient of DIF on AR in the central and western regions, and promote the balanced development of the regional agricultural economy.

(5) Formulate targeted policies to encourage the deep integration of entrepreneurship and DIF. In the eastern region, we will further optimize the entrepreneurial environment, improve the entrepreneurship support system, set up special funds for entrepreneurship, and provide subsidies for entrepreneurial venues, etc., so as to enhance the AR with the help of entrepreneurial activity. Deeply explore the linkage model between entrepreneurship and DIF suitable for the central and western regions, carry out entrepreneurship training and financial literacy popularization activities in combination with local conditions, cultivate more agricultural entrepreneurial entities, and promote the sustainable development of the agricultural economy.




8 Research limitations and future prospects

Although we have analyzed in detail how DIF affects AR, there is still room for improvement in this study. This study employed TEFE to analyze how DIF affects AR. However, the model was affected by omitted variables and reverse causality, which inevitably led to deviations in the estimation results. At present, the Chinese government is promoting pilot policies related to technology finance. Therefore, we advocate that future research can utilize the technology finance policies implemented in rural areas and conduct empirical tests through policy evaluation methods. The result of the data analysis is an ideal state. The result of linear regression can only yield the mean. However, the real world is complex. The impact of DIF on AR is influenced by a variety of factors, including natural endowment, farmers' quality and industrial foundation. Our research has found that there are obvious deficiencies in guiding real practice. We call for relevant case analyses. In particular, this research is highly dependent on China's practical experience. Therefore, researchers from other countries should be cautious about the theories we use and the policy recommendations we put forward.
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