
 
 

 

 
Sustainability 2026, 18, 1975 https://doi.org/10.3390/su18041975 

Article 

The Resilience of Agricultural Product Supply Chain: An  
Empirical Analysis Based on Spatial Spillover and Threshold 
Effects 
Feng Shen and Fan Jiang * 

School of Economics and Management, Hebei Agricultural University, Baoding 071000, China; 
sf15066647450@163.com 
* Correspondence: winner_jiang@sina.com 

Abstract 

This study draws on panel data from 31 Chinese provinces spanning 2012–2023 to develop 
a comprehensive indicator system capturing both the digital economy and agricultural 
product supply chain resilience. Anchored in the perspective of sustainable agricultural 
development, the analysis examines how the digital economy contributes to enhancing 
the resilience and long-term stability of agricultural product supply chains amid rising 
external uncertainties. The results show that the digital economy significantly improves 
supply chain resilience not only within a province but also across neighboring regions, 
indicating a clear digital empowerment effect with pronounced spatial spillovers. Further 
heterogeneity analysis reveals marked regional and urban–rural disparities: the estimated 
effects are substantially stronger in eastern China than in the central and western regions, 
and cities located within urban agglomerations experience more pronounced resilience 
gains than those outside such clusters. In addition, threshold analyses indicate that agri-
cultural technological progress and industrial structure upgrading act as positive moder-
ating factors, implying a nonlinear and stage-dependent relationship between the digital 
economy and agricultural product supply chain resilience. Overall, these findings under-
score the role of digital development in fostering resilient and sustainable agricultural 
supply chains and provide insights relevant to coordinated regional development under 
the broader agenda of high-quality agricultural transformation. 
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1. Introduction 
The resilience of agricultural product supply chains is central to national food secu-

rity and constitutes a critical foundation for strengthening the agricultural sector. Amid 
accelerating globalization and intensifying climate change, agricultural supply chains are 
exposed to increasingly complex and multifaceted risks. Structural deficiencies remain 
evident, particularly in China’s cold-chain logistics and storage infrastructure, which con-
strain overall supply chain efficiency [1]. Inadequate information flows and imperfect 
supply–demand matching mechanisms further exacerbate logistics losses and undermine 
distribution efficiency, thereby weakening market supply capacity and price stability [2]. 
At the same time, agricultural production remains highly sensitive to natural conditions. 
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Beyond sudden shocks such as extreme weather events, chronic resource constraints—
particularly water scarcity—have emerged as a critical structural risk affecting the stabil-
ity of agricultural production and supply chains. Persistent water shortages can constrain 
crop yields, disrupt planting schedules, and increase production uncertainty, thereby am-
plifying upstream supply volatility and transmission risks along agricultural supply 
chains. The rising frequency of extreme weather events, together with sudden public 
health emergencies, has repeatedly disrupted supply chains [3]. As illustrated by pan-
demic-related interruptions and disaster-induced production shortages, these shocks 
have revealed the vulnerability of agricultural supply chains to major disruptions [4]. Ex-
ternal pressures have also intensified, as geopolitical tensions and trade frictions increas-
ingly affect the cross-border circulation of agricultural products. In an environment char-
acterized by heightened uncertainty and systemic risk, the stability of agricultural supply 
chains is not only essential for sustaining agricultural productivity in a populous and ag-
riculture-dependent economy, but also closely linked to food security, economic develop-
ment, and social stability. Enhancing supply chain resilience therefore plays a pivotal role 
in strengthening emergency response capacity, mitigating the adverse effects of external 
shocks on production and distribution, and supporting the long-term stability and struc-
tural upgrading of agricultural production systems [5]. 

Existing studies primarily examine the conceptual foundations, measurement ap-
proaches, and determinants of agricultural product supply chain resilience. The concept 
of supply chain resilience was initially introduced by Rice and Caniato and defined as the 
capacity of a supply chain system to withstand disruptions, maintain operations, and re-
cover rapidly [6]. Compared with industrial products, agricultural products are charac-
terized by pronounced seasonality, high perishability, and significant price fluctuations 
[7], making their supply chains more susceptible to unexpected shocks and underscoring 
the importance of resilience enhancement. Accordingly, agricultural product supply chain 
resilience is commonly conceptualized as a dynamic process encompassing resistance, ad-
aptation, recovery, and innovation [8], and is theoretically decomposed into dimensions 
such as flexibility, visibility, collaboration, and redundancy [9]. In terms of measurement, 
most studies adopt indicator-based approaches to construct evaluation frameworks, in-
corporating dimensions such as infrastructure, information sharing, risk perception, fi-
nancial security, and logistics efficiency [10]. In addition, a variety of quantitative meth-
ods, including inverse probability weighting [11], improved Grey-DEMATEL-ISM [12], 
the AHP-FCE model[13], and mixed grounded theory [14], have been employed to assess 
agricultural product supply chain resilience. With respect to influencing factors, existing 
research generally examines them from two perspectives: internal capabilities and the ex-
ternal environment. Internal factors include enterprise leadership, operational capabili-
ties, information collaboration, technology adoption, and emergency management [2,15], 
whereas external factors encompass policy support, infrastructure development, supply–
demand coordination, and access to financial services [1]. Among these factors, digital 
technology empowerment and coordinated regional development are widely regarded as 
key drivers of supply chain resilience [16]. Overall, despite a growing body of literature, 
existing studies tend to emphasize conceptual construction and indicator design [6–13], 
while providing limited insight into the dynamic evolution of resilience formation mech-
anisms and their systematic and complex characteristics. In particular, the adaptive and 
self-repair capacities of agricultural product supply chains in response to complex and 
diverse external shocks warrant further investigation [17]. 

As a key driver of supply chain resilience, existing research on the digital economy 
has predominantly focused on manufacturing and retail sectors, while empirical evidence 
for agricultural product supply chains remains relatively scarce. In this study, the digital 
economy is defined as an advanced system supported by digital infrastructure, with data 
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as a key production factor, and driven by the deep integration of digital technologies with 
traditional industries [18]; in the context of agricultural supply chains, it primarily mani-
fests through the application of digital technologies—such as big data, cloud computing, 
and digital platforms—that promote the networking and intelligent transformation of ag-
ricultural production and circulation. The existing literature generally examines the rela-
tionship between the digital economy and supply chain resilience from two perspectives: 
theoretical mechanisms and empirical evidence. At the theoretical level, scholars have 
clarified the mechanisms through which the digital economy enhances supply chain resil-
ience, emphasizing dimensions such as resource integration, dynamic capability evolu-
tion, information processing efficiency, and system complexity regulation. Li et al. argue 
that digital technology, as a strategic resource, improves supply chains’ capacity for risk 
identification, resource integration, and dynamic restructuring, thereby enhancing overall 
resilience [19]. Shekarian et al. further suggest that under conditions of frequent external 
shocks, enterprises strengthen adaptability, responsiveness, and recovery through the 
continuous evolution of dynamic capabilities [20]. Drawing on information processing 
theory, Wang et al. emphasize that big data analytics significantly expands organizational 
information-processing capacity and alleviates persistent information asymmetry and de-
lays within supply chain systems [21]. Waller et al. contend that the adoption of digital 
technologies, including real-time data collection, intelligent analytics, and visual monitor-
ing, enables supply chain firms to better identify potential risks, optimize resource alloca-
tion and production scheduling, and enhance system stability and flexibility [22]. From 
the perspective of system complexity theory, Al-Banna et al. demonstrate that during dig-
ital transformation, organizations should adopt a structured roadmap and maintain a bal-
anced relationship between supply chain resilience (SCR) and vulnerability (SCV), 
thereby strengthening adaptive resilience [23]. In the context of agricultural product sup-
ply chains, digital economy empowerment is expected to alleviate persistent vulnerabili-
ties, including supply–demand mismatches, logistics delays, and information silos, 
thereby exerting a particularly pronounced effect on resilience enhancement [19–23]. 

At the empirical level, scholars have systematically investigated the mechanisms 
through which the digital economy influences supply chain resilience, drawing on micro-
level enterprise data, industry surveys, and regional panel datasets. Zhao et al. employ a 
multiple mediation model to empirically identify the mediating role of digital technology 
elements—such as information transparency, real-time monitoring, and intelligent ana-
lytics—in linking digitalization to supply chain resilience [24]. Using data from China’s 
manufacturing sector, Wang et al. find that digital economy empowerment significantly 
enhances supply chain resilience by stimulating innovation capacity [25]. Moreover, the 
effect is more pronounced under conditions of high environmental uncertainty and ex-
hibits heterogeneity across industrial structures and degrees of market competition. Alt-
hough existing empirical evidence has begun to uncover the complex processes through 
which the digital economy enhances supply chain resilience, these mechanisms may op-
erate in more intricate ways within agricultural product supply chains—characterized by 
high perishability and volatility—thereby warranting further empirical verification. 

Overall, existing studies reveal several important gaps that warrant further investi-
gation. Existing research on the interaction between the digital economy and agricultural 
product supply chains’ resilience remains limited. Much of the literature is confined to 
macro-level empirical analysis and lacks an in-depth exploration of the underlying mech-
anisms and system modeling tailored to the specific characteristics of agricultural supply 
chains. As a result, the theoretical logic through which digital technology is embedded in 
agricultural product supply chains to enhance resilience has yet to be fully clarified. In 
addition, empirical evidence is often based on limited regional samples and lacks system-
atic analysis using national-scale, multi-level panel data. This constraint weakens the 
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robustness and generalizability of existing findings and limits their ability to capture het-
erogeneity across different stages of regional development. Furthermore, current studies 
tend to focus on the intraregional effects of the digital economy, paying relatively little 
attention to cross-regional spillover effects in the spatial dimension. The potential linkage 
effects arising from the cross-regional flow of digital infrastructure and data elements are 
also frequently overlooked, resulting in limited theoretical support and policy guidance 
for coordinated regional development and resilience enhancement. In response to these 
gaps, this study integrates spatial economics and threshold mechanism theory to examine 
how the digital economy shapes its transmission pathways and boundary conditions 
through spatial spillover effects and nonlinear threshold characteristics, thereby enhanc-
ing the resilience of interregional agricultural product supply chains. 

2. Theoretical Analysis and Research Hypotheses 
The digital economy enhances the risk resistance and dynamic adaptability of agri-

cultural product supply chains through technological synergy, organizational transfor-
mation, and financial innovation. First, digital agricultural technologies enabled a deeper 
understanding of supply chain operations and provided a more solid basis for decision-
making. On the production side, Internet of Things (IoT) and big data technologies al-
lowed real-time monitoring of soil moisture, meteorological conditions, and crop growth, 
thereby supporting the dynamic optimization of agricultural production. These precision-
based approaches not only mitigate natural risks but also facilitate early disaster warnings 
through data-driven predictive modeling, thereby improving overall supply chain stabil-
ity [26]. In the circulation stage, blockchain technology enabled full-process traceability of 
agricultural products from farm to table through immutable distributed ledgers. Mean-
while, digital logistics platforms that integrate GPS tracking, route optimization, and in-
telligent scheduling improved distribution timeliness, reduced in-transit losses, and en-
hanced supply chain agility [27]. Second, organizational structures within supply chain 
networks were flexibly restructured. E-commerce platforms and digital marketing tools 
transcend geographical constraints, increase the density of inter-node connections, and 
integrate suppliers and retailers into more decentralized and flexible network structures. 
Such structures strengthen supply chain resistance to external shocks while improving 
adaptability and resource allocation efficiency through enhanced information sharing and 
resource reuse [28]. Third, digital financial innovation activated the endogenous driving 
forces of agricultural product supply chains. By reducing incentives for fraudulent joint 
lending, increasing potential penalties, and improving banks’ capacity to detect irregular-
ities, blockchain-based technology helps curb opportunistic behavior among farmers. 
More importantly, digital finance alleviated the persistent mismatch whereby farmers ful-
fill contractual obligations yet continue to face financing constraints. In this way, it 
strengthens the resilience of capital flows within agricultural supply chains and mitigates 
long-standing financing bottlenecks [9]. Through these mechanisms, the digital economy 
unlocks latent value in agricultural product supply chains, generates technological divi-
dends, and injects sustained momentum into regional development. Accordingly, this 
study proposes the following hypothesis: 

H1. The digital economy can significantly enhance the resilience of local agricultural product sup-
ply chains. 

The spatial spillover effect of the digital economy on the resilience of agricultural 
product supply chains was mainly reflected in four dimensions: technology diffusion, re-
source sharing, industrial linkage, and talent mobility. First, with respect to digital tech-
nology diffusion and the dissemination of innovative concepts, the business models and 
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institutional arrangements generated by the digital economy provided important refer-
ences for neighboring regions. Regions with more advanced levels of digital development 
disseminated agricultural Internet of Things (IoT), big data analytics, and artificial intelli-
gence (AI) technologies through technical cooperation and industrial alliances. This pro-
cess improved precision management in agricultural production, mitigated production 
risks, and enhanced supply chain stability at the source [29]. Second, in terms of logistics 
resource sharing and integrated market allocation, the digital economy promoted the de-
velopment of logistics information platforms. The establishment of regional agricultural 
product big data centers facilitated the sharing of information on production conditions, 
price fluctuations, and market demand across neighboring regions. Enterprises and farm-
ers could optimize production plans and sales strategies based on shared data, adjust crop 
structures and production scales, and reduce the risk of supply–demand mismatches. This 
cross-regional linkage mechanism enhanced the flexibility by integrating logistics enter-
prises, transportation resources, and warehousing facilities across regions. thereby reduc-
ing delays, accelerating supply chain responsiveness, and fostering a more interconnected 
supply chain network [6]. Third, in terms of industrial chain extension and regional coor-
dinated development, the digital economy helped overcome constraints related to factor 
endowments and production methods. By leveraging economies of scale and synergy ef-
fects, it facilitated the formation of agricultural industrial clusters and promoted the ex-
tension of industrial chains in adjacent regions [30]. Fourth, with respect to talent mobility 
and knowledge diffusion, the digital economy attracted the concentration of professional 
talent. Through cross-regional exchanges and project-based collaborations, these profes-
sionals transmitted digital technology applications and supply chain management exper-
tise to neighboring regions, thereby promoting mutual learning and knowledge spillo-
vers. In addition, digital economy–enabled online education platforms allowed agricul-
tural practitioners to access updated technologies, market information, and e-commerce 
skills, providing human capital support for strengthening agricultural product supply 
chains [31]. Based on this analysis, the following hypothesis is proposed: 

H2. The digital economy exerted a positive spatial spillover effect on the resilience of agricultural 
product supply chains. 

Agricultural technological progress refers to a dynamic process in which, under 
given institutional arrangements and factor allocation conditions, agricultural production 
factor efficiency is enhanced through technology development, adoption, and diffusion, 
thereby promoting the transformation of agricultural production toward efficiency- and 
quality-oriented modes [32]. In regions with relatively high levels of digital economy de-
velopment, agricultural technological progress exerts complex and diverse empowering 
effects on the resilience of agricultural product supply chains. In such regions, agricultural 
technological progress initially acted as a key driver that significantly enhanced supply 
chain resilience [33]. In the production stage, advances in planting and breeding technol-
ogies improved both the yield and quality of agricultural products. In the logistics stage, 
innovations in cold chain logistics enhanced transportation conditions for perishable 
products, as efficient refrigeration equipment and temperature monitoring systems re-
duced loss rates during in-transit losses and ensured that fresh products reach consumers 
in a timely and intact manner, thereby improving supply chain timeliness and stability. 
From an information perspective, the application of big data and Internet of Things (IoT) 
technologies reduced information asymmetries. Real-time collection of production, inven-
tory, and sales data enabled efficient information sharing across supply chain links, 
thereby improving collaborative efficiency, response speed, and adaptability to market 
fluctuations. However, this enabling effect may not be sustained and could weaken or 
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even be reversed beyond a certain stage, mainly due to constraints in technology applica-
tion [34]. Despite continuous innovation, some regions experienced limitations in technol-
ogy diffusion and adoption. On the one hand, farmers’ relatively limited educational at-
tainment restricted their ability to adopt and effectively use new technologies; on the other 
hand, insufficient supporting infrastructure and services hindered the transformation of 
data into actionable decision-making inputs. Moreover, the rising costs associated with 
technological progress may exert negative effects on supply chain resilience. The adoption 
of advanced technologies often requires substantial investments in equipment, skilled la-
bor, and training. If these costs are not compensated by improvements in efficiency or 
product value, profit margins may be compressed, incentives among supply chain partic-
ipants may be weakened, and overall resilience may be reduced. Based on this analysis, 
the following hypothesis is proposed: 

H3. Agricultural technological progress induced a nonlinear effect on the relationship between the 
digital economy and the resilience of regional agricultural product supply chains. 

Agricultural industrial structure reflects the configuration and evolutionary dynam-
ics of different agricultural sectors and related activities in terms of resource allocation, 
division of labor, and value creation [35]. Its adjustment process essentially involves opti-
mizing industrial layout and production organization, thereby promoting the transfor-
mation of agriculture from a single production-oriented model toward a more diversified, 
coordinated, and efficiency-oriented development path. As the industrial structure 
evolved from a low to a high stage, it created more favorable conditions for resource allo-
cation, technological upgrading, and coordinated development within agricultural prod-
uct supply chains. At different stages of industrial structure upgrading, the impact of the 
digital economy on agricultural product supply chains may have exhibited a “critical 
mass” effect [36]. At lower stages of industrial structure, regional infrastructure—partic-
ularly in rural areas—remained relatively underdeveloped. Limited network coverage, 
unstable connectivity, incomplete logistics and distribution systems, and shortages of 
skilled digital talent and capital investment constrained the application and diffusion of 
the digital technologies within agricultural product supply chains. Although the digital 
economy had progressed in some regions, inter-industry synergies and technology spill-
overs had yet to reach sufficient scale, limiting their deep integration with agricultural 
product supply chains and weakening their capacity to enhance supply chain resilience. 
By contrast, as regional industrial structures advanced toward higher levels of industrial-
ization and servitization, more favorable conditions emerged for the deep integration of 
the digital economy and agricultural product supply chains. This process facilitated the 
formation of a more complete digital industry ecosystem and supporting service system. 
At this stage, the network and multiplier effects of the digital economy gradually materi-
alized, substantially improving collaborative efficiency and risk resilience across all nodes 
of the agricultural product supply chain. Based on this analysis, the following hypothesis 
is proposed: 

H4. Industrial structure upgrading induced nonlinear effects in the relationship between the digi-
tal economy and the resilience of regional agricultural product supply chains. 

3. Research Design 
3.1. Theoretical Model 

3.1.1. Kernel Density Estimation Model 
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To illustrate the spatiotemporal evolution of the digital economy and the resilience 
of agricultural product supply chains, this study employs kernel density estimation, 
where 𝑓(𝑥) denotes the density function of the variable 𝑥. 𝑓(𝑥) = 1𝑛ℎ෍ 𝐾(𝑥௜ − 𝑥଴ℎ )௡௜ୀଵ  (1)

In Formula (1), 𝑥 denotes the level of the digital economy and the resilience of agri-
cultural product supply chains; 𝑥଴ indicates the mean value of 𝑥; 𝑛 refers to the number 
of provinces; ℎ denotes the bandwidth; and 𝐾(⋅) represents the kernel function. 

3.1.2. Benchmark Regression Model 

To investigate the mechanism by which the digital economy enhances the resilience 
of agricultural product supply chains, this study establishes the following baseline econ-
ometric model: 𝐴𝑆𝐶𝑅௜௧ = 𝛼଴ + 𝛼ଵ𝐷𝐸௜௧ + 𝛼ଶ𝐶𝑜𝑛𝑡𝑟𝑜𝑙௜௧ + 𝑣௜ + 𝑣௧ + 𝜀௜௧ (2)

In Formula (2), 𝑖  and 𝑡  denote provincial-level regions and years, respectively; 𝐴𝑆𝐶𝑅 is the dependent variable, representing the provincial-level resilience of agricul-
tural product supply chains; 𝐷𝐸 is the core explanatory variable, indicating the provin-
cial-level development of the digital economy; 𝐶𝑜𝑛𝑡𝑟𝑜𝑙 represents the set of control var-
iables; 𝑣௜ and 𝑣௧ denote the fixed effects for provinces and years, respectively; and 𝜀௜௧ 
denotes the random error term. 

3.1.3. Spatial Regression Model 

To examine the spatial spillover effects of the digital economy on the resilience of 
agricultural product supply chains, this study employs a Spatial Durbin Model (SDM) 
and specifies the econometric model as follows: 𝐴𝑆𝐶𝑅 = 𝛽଴ + 𝜌 × 𝑊 × 𝐴𝑆𝐶𝑅௜௧ + 𝛽ଵ𝐼𝑛𝐷𝐸௜௧ + 𝛽ଶ𝐶𝑜𝑛𝑡𝑟𝑜𝑙௜௧ + 𝛽ଷ × 𝑊 × 𝐼𝑛𝐷𝐸௜௧ + 𝛽ସ × 𝑊 × 𝐶𝑜𝑛𝑡𝑟𝑜𝑙௜௧ + 𝑣௜ + 𝑣௧ + 𝜀௜௧ (3)

In Formula (3), 𝑊 denotes the spatial weight matrix; 𝜌 represents the spatial re-
gression coefficient of the dependent variable; 𝛽ଵ and 𝛽ଶ are the estimated coefficients 
of the explanatory and control variables, respectively, capturing their direct effects on pro-
vincial-level agricultural product supply chain resilience; 𝛽ଷ and 𝛽ସ are the spatial re-
gression coefficients of the explanatory and control variables, respectively, reflecting their 
spatial spillover effects on provincial-level agricultural product supply chain resilience. 

Regarding the selection of the spatial weight matrix, this study constructs the follow-
ing: (1) the inverse distance spatial weight matrix (𝑊ௗ), which employs the reciprocal of 
the distance (𝑑௜௝) between provincial capital cities to characterize the geographical spatial 
relationships among provinces. The elements of this matrix are calculated as follows: 

𝑊௜௝ௗ = ቐ𝑊௜௝ௗ ෍ 𝑤௜௝ௗ , 𝑖 ≠ 𝑗,𝑤௜௝ௗ = 1𝑑௜௝௡௝ୀଵൗ 0, 𝑖 = 𝑗  (4)

(2) The spillover effect of the digital economy on the resilience of agricultural product 
supply chains is influenced not only by geographical proximity but also by differences in 
regional economic development levels. To mitigate potential biases in the conclusions, 
this study incorporates regional per capita GDP to construct a nested geographical–eco-
nomic distance weight matrix (𝑊ௗ௘), which captures the spatial correlation among regions 
by jointly considering geographical distance (𝑑௜௝) and economic distance (𝑒௜௝). In addition, 
to prevent the “island effect,” Hainan Province and Guangdong Province are treated as 
adjacent regions. 
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𝑊௜௝௘ = ൞𝑤௜௝௘ ෍ 𝑊௜௝௘ , 𝑖 ≠ 𝑗௡௝ୀଵൗ
0, 𝑖 = 𝑗 ,𝑤௜௝௘ = ቐ1/ห𝐸௜ − 𝐸௝ห, 𝑖 ≠ 𝑗0, 𝑖 = 𝑗  (5)

𝑊de = 𝜏𝑊ௗ + (1 − 𝜏)𝑊௘ (6)

Following the approach of Shao Shuai et al., this study sets 𝜏 = 0.5, and the elements 
of the standardized nested spatial weight matrix (𝑊௜௝∗ௗ௘) are defined as follows: 

𝑊௜௝∗ௗ௘ = ൞𝑊௜௝ௗ௘ ෍ 𝑤௜௝ௗ௘ , 𝑖 ≠ 𝑗௡௝ୀଵൗ
0, 𝑖 = 𝑗  (7)

3.1.4. Threshold Regression Model 

To investigate the nonlinear effects of the digital economy on the resilience of agri-
cultural product supply chains, a threshold regression model is specified as follows: 𝐴𝑆𝐶𝑅௜௧ = 𝜆଴ + 𝜆ଵ𝐷𝐸௜௧ ⋅ 𝐼(𝐴𝑇𝑃௜௧ ≤ 𝜂ଵ) + 𝜆ଶ𝐷𝐸௜௧ ⋅ 𝐼(𝜂ଵ ≤ 𝐴𝑇𝑃௜௧ ≤ 𝜂ଶ) + ⋅⋅⋅ +𝜆௡𝐷𝐸௜௧ ⋅ 𝐼(𝜂௡ିଵ ≤ 𝐴𝑇𝑃௜௧ ≤ 𝜂௡) + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙௜௧ + 𝑣௜ + 𝑣௧ + 𝜀௜௧ (8)

𝐴𝑆𝐶𝑅௜௧ = 𝜆଴ + 𝜆ଵ𝐷𝐸௜௧ ⋅ 𝐼(𝐼𝑆௜௧ ≤ 𝜂ଵ) + 𝜆ଶ𝐷𝐸௜௧ ⋅ 𝐼(𝜂ଵ ≤ 𝐼𝑆௜௧ ≤ 𝜂ଶ) + ⋅⋅⋅ +𝜆௡𝐷𝐸௜௧ ⋅ 𝐼(𝜂௡ିଵ ≤ 𝐼𝑆௜௧ ≤ 𝜂௡) + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙௜௧ + 𝑣௜ + 𝑣௧ + 𝜀௜௧ (9)

In Formulas (8) and (9), 𝐴𝑇𝑃௜௧, 𝐼𝑆௜௧ are the threshold variables, representing agricul-
tural technological progress and industrial structure, respectively. 𝜂ଵ ⋅⋅⋅ 𝜂௡  denote the 
threshold values. 𝐼 is an indicator function that equals 1 when the condition in the pa-
rentheses is satisfied and 0 otherwise. 

3.2. Variable Definition and Measurement 

3.2.1. Core Explanatory Variable 

To more comprehensively measure the level of the digital economy at the provincial 
level, this study draws on prior research by Li Ziyuan et al. [37] and Zhu Jingmin and Lu 
Xiaoli [38] to construct an evaluation index system for the digital economy. As a new form 
of economic development driven by digital technologies, the digital economy is not only 
reflected in the completeness of digital infrastructure, but also in the depth of digital tech-
nology penetration across industrial systems and the breadth of digital application sce-
narios. Based on this understanding, we develop a multidimensional digital economy in-
dex system encompassing three dimensions—digital infrastructure, digital industrializa-
tion, and industrial digitalization (Table 1)—to systematically capture the overall level of 
regional digital economy development. To enhance the objectivity of indicator weighting 
and reduce biases arising from subjective judgment, this study employs the entropy 
weight method to construct a composite index of the digital economy based on multiple 
dimensions. This method determines indicator weights according to the degree of infor-
mation dispersion across regions, thereby providing a more objective reflection of inter-
provincial differences in the level of digital economic development. The calculation for-
mulas are presented as follows: 𝑤௝ = 1 − 𝑒௝∑ (1 − 𝑒௝)௠௝ୀଵ  (10)

In Equation (10), 𝑤௝ denotes the weight of the 𝑗 evaluation indicator, where 𝑤௝ ∈ሾ0, 1ሿ and the sum of all indicator weights equals 1, 𝑒௝ represents the entropy value of 
the 𝑗  evaluation indicator, which is used to measure the degree of dispersion of the 
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indicator. The entropy value is calculated as follows: 𝑒௝ = − ଵூ௡(௡)∑ 𝑝௜௝𝐼𝑛(𝑝௜௝)௡௜ିଵ , where 𝑛 

denotes the number of evaluation objects and 𝑚 denotes the number of evaluation indi-
cators. 𝑝௜௝ is the standardized proportion of the 𝑗 indicator for the 𝑖 evaluation object, 
satisfying ∑ 𝑝௜௝ = 1௡௜ୀଵ  denotes the natural logarithm. The subscripts 𝑖 and 𝑗 represent 
the indices of evaluation objects and indicators, respectively. 

Table 1. Indicator System for Digital Economy. 

Total Indi-
cator 

First-Level Indica-
tor 

Second-Level Indicator Attribute 

Indicator 
System of 

Digital 
Economy 

Digitalization 
Infrastructure 

Internet broadband access rate Positive  
Internet broadband penetration rate Positive 

Number of mobile phone exchange subscribers Positive 
Length of long-distance optical cable lines Positive 

Number of web pages Positive 
Number of domain names Positive 

Digital Industriali-
zation 

Per capita total telecommunications business volume Positive 
Mobile phone penetration rate Positive 

Number of legal entities in information transmission, software and infor-
mation technology service industries Positive 

Proportion of employees in the information software industry Positive 
Number of domestic patent applications accepted Positive 
Number of domestic patent applications granted Positive 

Industrial Digitali-
zation 

he Peking University Digital Financial Inclusion Index of China Positive 
Proportion of enterprises with e-commerce transaction activities Positive 

E-commerce sales Positive 
Number of websites per 100 enterprises Positive 

Added value of secondary and tertiary industries Positive 
Investment in scientific and technological innovation Positive 

Number of express deliveries Positive 

Specifically, the digital infrastructure dimension reflects the material foundation and 
network support conditions for the application of digital technologies. Indicators related 
to internet access, communication networks, and information carriers are selected to 
measure the accessibility and availability of digital factors. The digital industrialization 
dimension focuses on the development of digital industries, such as information trans-
mission, software, and information technology services. Indicators, including the number 
of enterprises, employment scale, and technological innovation outcomes, are used to re-
flect the industrial support capacity of the digital economy. The industrial digitalization 
dimension, in turn, emphasizes the integration and application of digital technologies 
within the real economy. Key indicators such as e-commerce development, logistics ser-
vice capacity, and industrial value added are incorporated to capture the extent to which 
digital technologies reshape the operational efficiency and organizational structure of tra-
ditional industries. 

Through the construction of this indicator system, this study aims to comprehen-
sively assess the level of digital economy development from the perspectives of infrastruc-
ture, industrial support, and application integration, thereby providing a solid and real-
istic quantitative basis for analyzing the impact of the digital economy on agricultural 
supply chain resilience. 

3.2.2. Explained Variable 
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Drawing on the characteristics of agricultural products and the concept of supply 
chain resilience, and referring to prior studies by Zhang Xiangqi et al. [39] and Abuduwali 
Aibai et al. [40], this study constructs a comprehensive evaluation index system for agri-
cultural supply chain resilience based on five dimensions: predictive ability, response 
ability, resistance ability, recovery ability, and development ability, as reported in Table 
2. Agricultural supply chain resilience is a multidimensional concept that encompasses 
risk anticipation, shock response, system resistance, post-shock recovery, and long-term 
evolutionary capacity. To systematically capture the stability, adaptability, and sustaina-
bility of agricultural supply chains under uncertain and shock-prone environments, indi-
cator selection follows the principles of systematic coverage, data availability, and practi-
cal relevance, with the aim of reflecting the operational characteristics of agricultural pro-
duction and circulation systems across different stages and contexts. 

Table 2. Evaluation Index System for Agricultural Supply Chain Resilience. 

Total Indi-
cator 

First-Level Indica-
tor Second-Level Indicator Attribute 

Evaluation 
Index Sys-

tem for Ag-
ricultural 
Supply 

Chain Resil-
ience 

Predictive Ability 

Producer Price Index of Agricultural Products (Preceding Year = 100) Positive 
Gross Agricultural Production Index (Preceding Year = 100) Positive 

Agricultural Product Wastage Rate Negative 
Number of Environmental and Agro-Meteorological Observation Stations Positive 

Response Ability 

Sown Area of Crops (1000 Hectares) Positive 
Fixed-Asset Investment in Transportation, Storage and Post Services (100 

Million Yuan) 
Positive 

Number of Employees in the Logistics Industry Positive 
Number of Taobao Villages Positive 

Number of Stores of Chain Retail Enterprises Positive 

Resistance Ability 

Output of Agricultural Products (10,000 Tons) Positive 
Agricultural Electricity Consumption (Kilowatt-Hour) Positive 

Freight Volume (10,000 Tons) Positive 
Freight Turnover (100 Million Ton-Kilometers) Positive 
Number of Leading Agricultural Enterprises Positive 

Recovery Ability 

Effective Irrigation Area of Crops (1000 Hectares) Positive 
Agricultural Insurance Indemnity Rate Positive 

Total Power of Agricultural Machinery (10,000 Kilowatts) Positive 
Dependence Degree of Agricultural Product Imports Positive 
Dependence Degree of Agricultural Product Exports Positive 

Added Value of Transportation, Storage and Post Services (100 Million 
Yuan) Positive 

Development Abil-
ity 

Financial Expenditure Related to Agriculture (100 Million Yuan) Positive 
Local Fiscal Expenditure on Transportation (100 Million Yuan) Positive 

Agricultural Scientific Research Expenditure (100 Million Yuan) Positive 
Number of Agricultural Technical Personnel Positive 
Agricultural Carbon Emissions (10,000 Tons) Negative 

Specifically, predictive ability reflects the capacity of agricultural production systems 
to anticipate changes in natural conditions and market environments and is measured 
using indicators such as agricultural price indices, output indices, and meteorological 
monitoring variables. Response ability and resistance ability capture the capacity of agri-
cultural production organizations, logistics systems, and factor allocation mechanisms to 
respond to and buffer risks when shocks occur, incorporating indicators related to infra-
structure investment, logistics scale, agricultural organizational entities, and support con-
ditions. Recovery ability emphasizes the adjustment and reallocation capacity of 



Sustainability 2026, 18, 1975 11 of 29 
 

https://doi.org/10.3390/su18041975 

agricultural supply chains following external shocks. Considering the openness of agri-
cultural product supply chains to domestic and international markets, import and export 
dependence is included under this dimension to reflect exposure to external shocks and 
heterogeneity in recovery pathways. Development ability reflects the long-term founda-
tions for the sustainable evolution of agricultural supply chains and includes indicators 
such as agricultural research and development investment, the scale of technical person-
nel, and agricultural carbon emissions. Agricultural carbon emissions are treated as a neg-
ative indicator to capture resource constraints and environmental pressures embedded in 
agricultural production modes, thereby revealing potential long-term vulnerabilities as-
sociated with high energy consumption and emission-intensive patterns. 

Based on this multidimensional indicator system, the entropy weight method is em-
ployed to objectively determine the weights of individual indicators and to construct a 
composite index of agricultural supply chain resilience at the provincial level. By relying 
on the information dispersion of indicators rather than subjective judgment, this approach 
allows the constructed index to more objectively reflect interregional differences in agri-
cultural supply chain resilience. 

3.2.3. Control Variables 

To comprehensively examine the enabling effect of the digital economy on the devel-
opment of agricultural supply chain resilience, this study draws on prior research by Xie 
Yujie and Zhou Haixia [41], Liu Huiyu and Xu Lizhi [42], and selects the following control 
variables: ① Industrial Level (IL): Measured as the proportion of agricultural output 
value to total output value. ② Market Environment (ME): Measured by the urbanization 
level, defined as the proportion of the urban population to the total population. ③ Finan-
cial Support (FS): Measured as the total amount of agriculture-related loans issued by the 
state. ④ Demand Structure (DS): Measured as the per capita disposable income of urban 
and rural residents. ⑤ Road Density (RD): Considering the actual conditions of each 
province, road density is measured as the total mileage (sum of highway and railway op-
erating mileage) divided by the regional area. ⑥ Population Density (PD): Measured as 
the permanent population of a region at the end of the year divided by the regional area. 

3.2.4. Threshold Variables 

Agricultural technological progress constitutes a fundamental prerequisite for the 
enabling effect of the digital economy, while industrial structure determines the boundary 
and magnitude of this effect. Drawing on prior research by Shi Shuhua et al. [43], the level 
of agricultural technological progress is measured as the ratio of total agricultural machin-
ery power to the number of employees in the primary industry. Following Ni Xuanming 
et al. [44], industrial structure rationalization is measured as the weighted sum of the pro-
portions of output values of the primary, secondary, and tertiary industries, with weights 
of 1, 2, and 3 assigned to the primary, secondary, and tertiary industries, respectively. 

3.3. Data Sources and Descriptive Statistics 

To ensure data objectivity and availability, this study uses a panel from 31 Chinese 
provinces over the period 2012–2023. Data for all variables are obtained from the China 
Rural Statistical Yearbook, China City Statistical Yearbook, China Science and Technology 
Statistical Yearbook, China Energy Statistical Yearbook, China Logistics Yearbook, re-
gional statistical yearbooks, the National Bureau of Statistics of China, and the iFind da-
tabase. The statistical coverage of logistics-related variables follows the “transportation, 
storage, and postal services” category defined by the National Bureau of Statistics. For 
agricultural products, the statistical scope includes 14 categories of primary agricultural 
products, namely food crops, oil crops, sugar crops, cotton and hemp, meat products, 
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vegetables, fruits, poultry eggs, milk, wool, tea, tobacco, honey, and aquatic products. 
Missing values are supplemented using linear interpolation. Descriptive statistics for the 
main variables are reported in Table 3. 

Table 3. Descriptive Statistics Results. 

 Variable Observations Mean Standard Deviation Minimum Value Maximum Value 
Explanatory Variable DE 372 0.139 0.103 0.013 0.743 
Explained Variable ASCR 372 0.143 0.129 0.019 0.455 

Control Variable 

IL 372 0.527 0.510 0.300 0.734 
ME 372 0.603 0.595 0.229 0.896 
FS 372 10,719.450 7974.560 89.000 76,310.930 
DS 372 27,313.699 24,622.670 7682.000 84,834.000 
RD 372 0.983 0.960 0.053 2.299 
PD 372 457.690 275.989 2.564 3925.876 

Threshold Variable 
ATP 372 5.163 4.336 1.772 13.980 

IS 372 251,697.441 137,373.624 9508.547 3,815,546.5 

4. Result Analysis 
4.1. Kernel Density Estimation Analysis 

4.1.1. Kernel Density Estimation Result 

To visually illustrate the relationship between the digital economy and agricultural 
supply chain resilience, this study employs MATLAB R2025a to generate three-dimen-
sional dynamic kernel density plots for the period 2012–2023. A Gaussian kernel function 
is adopted to estimate the dynamic distributions of the sample. The corresponding kernel 
density estimation results are presented in Figures 1 and 2. 

 

Figure 1. Kernel Density Estimation Plot of Digital Economy Development. 

As shown in Figure 1, regarding distribution spread, the right tail of the main peak 
gradually extends over the years, indicating a continuous upward trend in the develop-
ment level of the digital economy. Regarding the number and shape of peaks, the main 
peak becomes shorter and wider over time. In certain years, bimodal and multimodal pat-
terns emerge, and the distribution exhibits a gradient effect. This indicates that the abso-
lute differences in digital economy levels among provinces gradually widen, forming a 
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trend of “differentiation.” This trend is associated with variations in local digital economy 
infrastructure, policy support, and talent endowments across provinces. Overall, the de-
velopment of the digital economy follows a dynamic trajectory from “low-level concen-
tration” to “differentiated development,” and finally to “overall improvement with dis-
persion.” 

 

Figure 2. Kernel Density Estimation Plot of Agricultural Supply Chain Resilience Level. 

As shown in Figure 2, regarding distribution spread, the center of the main peak 
gradually shifts to the right over the years, indicating a continuous upward trend in the 
development level of agricultural supply chain resilience. Regarding the number and 
shape of peaks, the main peak’s trend of becoming shorter and wider has slowed, and the 
inter-provincial differences in agricultural supply chain resilience levels remain relatively 
small. Additionally, the right tail of the kernel density plot gradually diminishes, suggest-
ing that the distribution of agricultural supply chain resilience levels across provinces is 
relatively balanced. Overall, agricultural supply chain resilience follows a dynamic trajec-
tory from “low-level concentration” to “overall improvement with moderated differ-
ences.” 

4.1.2. Bandwidth Sensitivity Result 

This section conducts a bandwidth sensitivity analysis of the kernel density estima-
tion results for China’s digital economy development level and agricultural product sup-
ply chain resilience over the period 2012–2023. The primary objective is to verify the ro-
bustness of the core distributional characteristics and temporal trends of these two indi-
cators, thereby ensuring that the research conclusions are not driven by specific choices of 
model parameters. The analysis is based on panel data from 31 provinces across China, 
stored in wide format, with each column representing observations for a given year. 

The sensitivity test follows three key steps. First, for each year’s sample, the baseline 
bandwidth is calculated using Silverman’s rule of thumb, expressed as ℎ଴ = 1.06 ∙𝑠𝑡𝑑(𝑋) ∙ 𝑛ିଵ/ହ,where denotes 𝑠𝑡𝑑(𝑋) the standard deviation of the annual indicator and 𝑛 represents the sample size. Second, taking the baseline bandwidth as the center, a rea-
sonable testing interval of 0.7ℎ଴ − 1.3ℎ଴  is specified, within which 12 equally spaced 
bandwidths are generated to comprehensively cover potential variations in parameter se-
lection. Finally, the coefficient of variation (𝐶𝑉) of the kernel density peak values across 
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different bandwidths is used as the robustness criterion. When 𝐶𝑉 < 0.1, the estimation 
results are regarded as robust with respect to bandwidth choice. 

From the perspective of kernel density distribution characteristics, as shown in Fig-
ures 3 and 4, the kernel density curves of both the digital economy level and agricultural 
product supply chain resilience exhibit a unimodal pattern; however, pronounced differ-
ences exist in their distributional stability and evolutionary features. The unimodal struc-
ture of the digital economy is highly stable, with the peak persistently concentrated 
around 0.1. Over time, the peak rises steadily and the curve becomes increasingly steeper, 
indicating a continuously strengthening agglomeration effect, a gradual convergence of 
interregional development gaps, and a stable core growth interval. In contrast, although 
the kernel density curve of agricultural product supply chain resilience also maintains a 
unimodal shape, its peak position and height display more evident interannual fluctua-
tions, and the distribution spans a wider range along the horizontal axis. This reflects 
stronger regional heterogeneity in agricultural product supply chain resilience and a 
markedly weaker stability of agglomeration effects compared with the digital economy. 

 

Figure 3. Digital Economy Kernel Density Comparison. 
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Figure 4. Agricultural Supply Chain Resilience Kernel Density Comparison. 

The bandwidth sensitivity statistics are reported in Table 4. At the digital economy 
level, the baseline bandwidths for 2012–2023 range from 0.0327 to 0.0641, while the coef-
ficients of variation of the kernel density peaks lie between 0.0477 and 0.074. All years 
satisfy the criterion of CV < 0.1, and the robustness tests are therefore passed, indicating 
that the core statistical features of the kernel density estimation for the digital economy 
are insensitive to reasonable bandwidth choices. Consequently, the temporal pattern char-
acterized by a strengthening agglomeration effect and a narrowing of interregional dis-
parities remains consistent and reliable under different bandwidth settings. In contrast, 
for agricultural product supply chain resilience, the coefficients of variation of the peak 
values range from 0.2340 to 0.2929 across years, all exceeding 0.1, suggesting that robust-
ness warrants further attention. This outcome is consistent with theoretical expectations, 
as agricultural product supply chain resilience is more strongly affected by exogenous 
factors such as natural conditions, regional agricultural policies, and logistics infrastruc-
ture, resulting in weaker distributional stability than that of the digital economy. Further 
analysis shows that when the bandwidth testing interval is narrowed to 0.8ℎ଴ − 1.2ℎ଴, 
the coefficients of variation for agricultural product supply chain resilience exhibit a clear 
downward trend, confirming the potential robustness of the results. Moreover, under dif-
ferent bandwidth settings, the unimodal shape of the kernel density curves and the overall 
agglomeration-oriented development trend do not reverse or display abrupt changes, in-
dicating that the core research conclusions remain reliable. 

Table 4. Bandwidth Sensitivity Test Results. 

Year DE ASCR 𝒉𝟎 𝑪𝑽 𝒉𝟎 𝑪𝑽  
2012 0.0327 0.0477 0.0265 0.1425 
2013 0.0345 0.0582 0.0298 0.1495 
2014 0.0359 0.0587 0.0327 0.1476 
2015 0.0386 0.0692 0.0389 0.1388 
2016 0.0405 0.0683 0.0435 0.1403 
2017 0.0441 0.0690 0.0477 0.1453 
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2018 0.0476 0.0661 0.0561 0.1445 
2019 0.0509 0.0720 0.0614 0.1411 
2020 0.0537 0.0747 0.0670 0.1399 
2021 0.0558 0.0700 0.0746 0.1342 
2022 0.0586 0.0675 0.0792 0.1323 
2023 0.0614 0.0666 0.0830 0.1324 

Overall, the bandwidth sensitivity analysis reveals distinct differences in the robust-
ness of kernel density estimates for the digital economy and agricultural product supply 
chain resilience. The digital economy exhibits high robustness to reasonable bandwidth 
adjustments, with stable trends of agglomerated development and interregional conver-
gence, consistent with the diffusion of digital technologies, relatively stable development 
paths, and diminishing regional heterogeneity. In contrast, agricultural product supply 
chain resilience shows greater sensitivity to bandwidth choice due to its reliance on natu-
ral conditions, agricultural foundations, logistics infrastructure, and exposure to exoge-
nous shocks; however, this sensitivity does not overturn the core findings, as the uni-
modal distribution and agglomeration trend remain unchanged across bandwidth set-
tings, and narrowing the bandwidth interval further reduces sensitivity, thereby confirm-
ing the robustness potential of the results. 

4.2. Benchmark Regression Analysis 

4.2.1. Benchmark Regression Results 

To assess data reliability and model goodness-of-fit, a Hausman test is conducted 
before the benchmark regression. The results indicate a p-value of 0.000, which is signifi-
cant at the 1% level (p < 0.01), indicating that a fixed-effects model is appropriate. Table 5 
Column (1)excludes control variables, whereas Column (2) includes them; both specifica-
tions control for individual and time fixed effects. Regression results show that the coeffi-
cient of the digital economy (DE) is 0.484 in both columns and is significantly positive at 
the 1% level (p < 0.01). This suggests that the digital economy exerts a stable and robust 
positive effect on agricultural supply chain resilience, regardless of whether control vari-
ables are included. Moreover, the estimated coefficients of the control variables are largely 
consistent with theoretical expectations. These results provide empirical support for Hy-
pothesis H1. 

Table 5. presents the benchmark regression results of the impact of the digital economy on agricul-
tural supply chain resilience. 

Variable (1) (2) 
DE 0.139 *** (2.845) 0.078 *** (3.464) 
IS - 0.059 (1.105) 

ME - −0.061 (−0.223) 
FS - 0.223 * (1.796) 
DS - 0.629 *** (2.980) 
RD - −0.166 (−1.548) 
PD - 6.448 ** (2.735) 

Constant 0.204 *** (18.619) −0.545 ** (−2.485) 
Individual/Time Fixed Effects yes yes 

R2 0.495 0.841 
N 372 372 

Note: ***, **, * indicate significance at the 1%, 5%, and 10% significance levels, respectively. Values 
in parentheses represent t-values. The same applies to the following tables. 
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4.2.2. Endogeneity Test Results 

In examining the positive effect of the digital economy on agricultural supply chain 
resilience, potential endogeneity concerns may arise from omitted variables or reverse 
causality. Accordingly, following Li Shengzhu et al. [45], two instrumental variables are 
employed: the first-order lag of the core explanatory variable (DV1) and an interaction 
term (DV2) constructed from provincial postal and telecommunications business volume 
in 1984 and the one-period lagged internet penetration rate. Based on these instruments, 
the benchmark model is re-estimated using the two-stage least squares (2SLS) method. 
Columns (1) and (2) of Table 6 report the 2SLS results for DV1, while Columns (3) and (4) 
present the corresponding results for DV2. After addressing endogeneity, the digital econ-
omy remains positively associated with agricultural supply chain resilience. The Kleiber-
gen-Paap rk LM statistic rejects the null hypothesis of under-identification, and the 
Kleibergen-Paap rk Wald F statistic rejects the weak identification hypothesis, supporting 
the validity of the instrumental variables and the robustness of the estimated effect. 

Table 6. Regression Results of Instrumental Variables. 

Variable (1) (2) (1) (2) 
X - 0.379 *** (8.531) - 1.310 *** (4.827) 𝐷𝑉1 0.943 *** (30.229) - - - 𝐷𝑉2   0.228 *** (4.240) - 

Control Variables Yes Yes Yes Yes 
Individual Fixed Effects Yes Yes Yes Yes 

Time Fixed Effects Yes Yes Yes Yes 
N 341 341 372 372 
R2 - 0.986 - 0.963 

K-P rk LM Statistic 22.877 (0.000) 13.493 (0.000) 
K-P rk W F Statistic 913.813 22.017 

Note: *** indicate significance at the 1% significance levels, respectively. Values in parentheses rep-
resent t-values. 

4.3. Spatial Regression Analysis 

4.3.1. Global Moran’s I Results 

The inverse distance spatial weight matrix is used to calculate the Global Moran’s I 
for the digital economy and agricultural supply chain resilience across 31 provinces from 
2012 to 2023, thereby testing for spatial autocorrelation. Global Moran’s I ranges from −1 
to 1, with positive (negative) values indicating positive (negative) spatial autocorrelation. 
As presented in Table 7, the Moran’s I values for both the digital economy and agricultural 
supply chain resilience are positive throughout the sample period and are all significant 
at the 1% level. This indicates that This indicates that neither variable is randomly distrib-
uted across space; instead, both exhibit significant spatial autocorrelation among Chinese 
provinces. Overall, despite some fluctuations, Moran’s I for the digital economy increases 
from 0.1977 to 0.2012, while that for agricultural supply chain resilience increases from 
0.3160 to 0.3407. These results suggest that both variables display pronounced and 
strengthening positive spatial dependence over time, thereby justifying the use of a spatial 
econometric model. 

Table 7. Test Results of Global Moran’s I. 

Year 
Digital Economy (DE) Agricultural Supply Chain Resilience (ASCR) 

Moran’s I Z-Value p-Value Moran’s I Z-Value p-Value 
2012 0.1977 6.6816 0.0000 0.3160 9.8195 0.0000 
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2013 0.2050 6.8996 0.0000 0.3159 9.8463 0.0000 
2014 0.1952 6.6441 0.0000 0.3149 9.8387 0.0000 
2015 0.1749 6.0581 0.0000 0.3252 10.1319 0.0000 
2016 0.1843 6.3055 0.0000 0.3310 10.3043 0.0000 
2017 0.1818 6.2340 0.0000 0.3346 10.3895 0.0000 
2018 0.1801 6.3644 0.0000 0.3353 10.3955 0.0000 
2019 0.1775 6.3259 0.0000 0.3335 10.3304 0.0000 
2020 0.1884 6.6502 0.0000 0.3318 10.3061 0.0000 
2021 0.1995 6.9540 0.0000 0.3379 10.3781 0.0000 
2022 0.1966 6.8493 0.0000 0.3401 10.4304 0.0000 
2023 0.2012 7.0139 0.0000 0.3407 10.4408 0.0000 

4.3.2. Local Moran’s I Results 

To assess the degree of spatial correlation within specific regions, this study con-
structs Local Moran scatter plots for both the digital economy and agricultural supply 
chain resilience. Owing to space constraints, only the results for the years 2012 and 2023 
are presented. 

As shown in Figures 5 and 6, most provincial observations are concentrated in the 
first and third quadrants of the Moran scatter plots, indicating pronounced positive local 
spatial correlation, which is consistent with the Global Moran’s I results. From 2012 to 
2023, the number of provinces located in these two quadrants increases, reflecting stronger 
high–high and low–low agglomeration patterns. This evolution suggests that the positive 
local spatial association between the digital economy and agricultural supply chain resil-
ience has intensified over time. 

  
Figure 5. Local Moran Scatter Plots of Digital Economy (2012 & 2023). 

  
Figure 6. Local Moran Scatter Plots of Agricultural Supply Chain Resilience (2012 & 2023). 
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4.3.3. Spatial Model Fitness Results 

To identify the appropriate econometric model, the Lagrange Multiplier (LM) test is 
initially employed to assess the necessity of adopting a spatial econometric model. The 
results are presented in Table 8. The LM-lag test, LM-Error test, and robust LM-lag test 
statistics are all significant at the 1% level, whereas the robust LM-Error test statistic is 
significant at the 5% level. Hence, the LM test preliminarily confirms the suitability of 
adopting a spatial econometric model. Subsequently, the Wald test and Likelihood Ratio 
(LR) test are conducted to examine whether the Spatial Durbin Model (SDM) degenerates 
into the Spatial Autoregressive Model (SAR) or the Spatial Error Model (SEM). Under the 
spatial weight matrix, both the Wald and LR test results are significant at the 1% level, 
indicating that the SDM does not degenerate into either the SAR or SEM. Therefore, the 
SDM is appropriate for this study. Finally, the Hausman test is conducted to determine 
whether a fixed-effects or random-effects model should be adopted. The results show that 
the chi-squared statistics are significant, with p-values of 0.000, indicating that a two-way 
fixed-effects model with individual and time fixed effects is appropriate. 

Table 8. Regression Results of Model Fit Tests. 

TEST Test Effect Statistic Value p-Value 
LM-lag Test Spatial Lag 123.032 0.000 

LM-Error Test Spatial Error 33.611 0.000 
Robust LM-lag Test Spatial Lag 93.000 0.000 

Robust LM-Error Test Spatial Error 3.579 0.059 
LR-lag Test Spatial Lag 114.89 0.000 

LR-Error Test Spatial Error 136.17 0.000 
Wald-lag Test Spatial Lag 78.23 0.000 

Wald-Error Test Spatial Error 105.09 0.000 
LR-time Test Time Fixed Effects 502.19 0.000 
LR-ind Test Individual Fixed Effects 83.98 0.002 

Hausman Test - 76.29 0.000 

4.3.4. Regression Results of the Spatial Durbin Model 

Based on the results of the LM, Wald, LR, and Hausman tests, this study adopts a 
dynamic Spatial Durbin Model with two-way fixed effects, controlling for both individual 
and time effects, as the appropriate specification for the regression analysis. 

Table 9 presents the regression results. Column (1) indicates that the coefficient of the 
local digital economy on local agricultural supply chain resilience is 0.067 and significant 
at the 1% level, indicating a significantly positive effect. Column (2) reports that, in the 
geographic distance spatial weight matrix (denoted as (𝑊ௗ)), the coefficient of the spatial 
lag term of the digital economy is positive and significant at the 1% level. This suggests 
that improvements in the local digital economy significantly enhance the agricultural sup-
ply chain resilience of neighboring provinces, thereby supporting Hypothesis H2. 

Table 9. Regression Results of the Spatial Durbin Model. 

Variable 
(1) (2) 

Main W × X 
DE 0.067 *** (5.91) 0.240 *** (3.43) 
IS 0.045 * (1.70) 0.603 *** (2.59) 

ME 0.140 (1.44) 0.395 (0.55) 
FS 0.066 ** (1.98) 1.268 *** (6.15) 
DS 0.675 *** (9.38) 1.549 *** (2.66) 
RD −0.103 ** (−2.20) −0.262 (−0.66) 
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PD 4.064 *** (7.30) −0.932 (−0.25) 
rho −0.421 *** (−2.04) 

Sigma2_e 0.000 *** (13.96) 
Individual/Time Fixed Effects yes 

R2 0.256 
N 372 

Note: ***, **, * indicate significance at the 1%, 5%, and 10% significance levels, respectively. 
Values in parentheses represent t-values. 

4.3.5. Decomposition Results of Spatial Effects 

Since the Spatial Durbin Model (SDM) considers spatial economic correlations 
among provinces, its parameter estimates do not directly reveal the magnitude of direct 
and spillover effects. To further examine the impact of the digital economy on agricultural 
supply chain resilience, this study employs the partial derivative method proposed by Le 
Sage and Pace [46] and utilizes the inverse geographic distance spatial weight matrix (de-
noted as (𝑊ௗ)) to decompose the total effect into direct and indirect components. The di-
rect effect represents the influence of the digital economy within a region on the agricul-
tural supply chain resilience of that same region. The indirect effect captures the impact 
of the digital economy in one region on the agricultural supply chain resilience of other 
regions, reflecting the spatial spillover effect. 

As shown in Table 10, the estimated coefficients of the digital economy on regional 
agricultural supply chain resilience—the direct effect, indirect effect, and total effect—are 
0.063, 0.152, and 0.215, respectively, all statistically significant at the 1% level. These re-
sults reveal two key spatial mechanisms. First, the development of the digital economy 
within a province directly enhances its own agricultural supply chain resilience, as indi-
cated by the significantly positive direct effect. Second, it generates a pronounced positive 
spatial spillover effect on the agricultural supply chain resilience of neighboring provinces, 
as reflected by the significantly positive indirect effect. Ignoring spatial interaction—for 
example, by relying on traditional ordinary least squares (OLS) models that do not ac-
count for interregional spatial correlation—would underestimate the overall impact of the 
digital economy on agricultural supply chain resilience. These findings further justify the 
use of a spatial econometric framework, such as the Spatial Durbin Model adopted in this 
study, which effectively captures spatial interdependence that non-spatial models cannot 
adequately reflect. 

Table 10. Decomposition Results of Spatial Effects. 

Variable Direct Effect Indirect Effect Total Effect 
DE 0.063 *** (5.72) 0.152 *** (3.12) 0.215 *** (4.22) 
IS 0.033 (1.38) 0.431 *** (2.62) 0.465 *** (2.68) 

ME 0.144 (1.61) 0.302 (0.58) 0.445 (0.81) 
FS 0.042 (1.28) 0.900 *** (5.30) 0.941 *** (5.54) 
DS 0.657 *** (9.82) 0.955 ** (2.17) 1.612 *** (3.51) 
RD −0.098 ** (−2.31) −0.163 (−0.54) −0.261 (−0.81) 
PD 4.098 *** (7.24) −2.006 (−0.73) 2.092 (0.75) 

Note: ***, ** indicate significance at the 1% and 5% significance levels, respectively. Values 
in parentheses represent t-values. 

4.3.6. Robustness Results 

To ensure the robustness of the empirical results, this study employs three comple-
mentary methods for robustness verification: 
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(1) Controlling for the influence of extreme outliers: The data were winsorized—a 
standard procedure to mitigate the impact of extreme values—and re-estimated using the 
inverse geographic distance spatial weight matrix (𝑊ௗ). The regression results, presented 
in Column (1) of Table 11, indicate that the coefficient of the variable Dig3 is significantly 
positive at the 1% level, further corroborating the robustness of the core finding that the 
digital economy exerts a positive spatial spillover effect on agricultural supply chain re-
silience. 

(2) Controlling for the impact of exceptional years: The global supply chain system 
experienced significant disruptions due to the COVID-19 pandemic in 2020, resulting in 
nationwide interruptions and operational challenges. To mitigate potential biases intro-
duced by this exceptional event, data from 2020 were excluded before re-estimating the 
regression. The results, shown in Column (2) of Table 11, reveal that the coefficient of the 
variable Dig2 remains significantly positive at the 1% level, further confirming the robust-
ness of the main finding that the digital economy exerts a positive spatial spillover effect 
on agricultural supply chain resilience. 

(3) Replacing the spatial weight matrix: The economic-geographic nested matrix (de-
noted as (𝑊ௗ௘)) was employed in place of the original inverse geographic distance spatial 
weight matrix (𝑊ௗ) to re-estimate the regression. The results, presented in Column (3) of 
Table 11, indicate that the coefficient of the variable Dig2 remains significantly positive at 
the 1% level, once again confirming the robustness of the main finding that the digital 
economy exerts a positive spatial spillover effect on agricultural supply chain resilience. 

Table 11. Regression Results of Robustness Tests. 

Variable Winsorization Excluding Special Year Replacing Spatial Weight Matrix 
X 0.065 *** (5.62) 0.065 *** (5.66) 0.068 *** (5.69) 

W × X 0.258 *** (3.65) 0.231 *** (3.26) 0.368 *** (2.87) 
Direct Effect 0.064 *** (5.49) 0.061 *** (5.51) 0.063 *** (5.58) 

Indirect Effect 0.215 *** (3.22) 0.137 *** (2.90) 0.203 ** (2.30) 
Total Effect 0.279 *** (3.84) 0.198 *** (3.80) 0.266 *** (2.83) 

Control Variable Yes Yes Yes 
Individual Fixed Effects Yes Yes Yes 

Time Fixed Effects Yes Yes Yes 
N 372 341 372 
R2 0.210 0.372 0.225 

Note: ***, ** indicate significance at the 1% and 5% significance levels, respectively. Values 
in parentheses represent t-values. 

4.3.7. Heterogeneity Results 

(1) Heterogeneity Analysis Based on Urban Geographic Location 
Owing to provincial differences in “location” (e.g., latitude, land-sea relationship, 

and regional hub status) and “locational conditions” (e.g., resource endowment, transpor-
tation accessibility, and policy orientation), the impact of the digital economy on agricul-
tural supply chain resilience may vary across regions. Accordingly, the 31 Chinese prov-
inces are divided into three subsamples—eastern, central, and western regions—based on 
geographic location, and separate regressions are conducted for each subsample. Table 12 
shows that the coefficients of the digital economy on agricultural supply chain resilience 
in the western, central, and eastern regions are 0.122, 0.778, and 0.083, respectively, all 
significant at the 1% level. The corresponding spatial coefficients are 0.134, 1.667, and 0.238, 
with the western and eastern regions’ coefficients significant at the 1% level, while the 
central region’s coefficient is not significant. These results suggest that the positive spatial 
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spillover effect of the digital economy is primarily concentrated in the western and eastern 
regions. 

In the eastern region, a robust digital economy foundation and relatively advanced 
infrastructure—such as 5G networks and modern logistics systems—enable the digital 
economy to enhance local agricultural supply chain resilience while generating spillover 
effects to neighboring areas. Frequent digital collaboration among enterprises in the Yang-
tze River Delta and Pearl River Delta generates notable technology spillovers, further im-
proving supply chain flexibility and risk resistance. In the western region, although the 
digital economy developed later, national initiatives such as the “West–East Data Transfer 
Project” have significantly improved digital infrastructure. The region’s abundant char-
acteristic agricultural products, facilitated by digital technologies such as e-commerce live 
streaming, enable surrounding areas to benefit from technology transfer and market ex-
pansion. Moreover, the western region capitalizes on a “latecomer advantage,” adopting 
advanced digital technologies to circumvent limitations inherent in traditional supply 
chains. In contrast, the central region’s insignificant spillover effect may result from the 
“intermediate zone paradox,” which dilutes such effects. As a geographic hub (including 
Henan, Hubei, and Hunan), the region experiences “double siphoning,” and a combina-
tion of uneven infrastructure and an industrial structure skewed toward processing and 
manufacturing—leading to insufficient digital investment in agricultural supply chain re-
silience—contributes to weak inter-regional synergy. 

Table 12. Regression Results of Heterogeneity Tests Based on Urban Geographic Location. 

Variable Western Region Central Region Eastern Region 
X 0.122 *** (7.98) 0.778 *** (2.99) 0.083 *** (4.82) 

W × X 0.134 *** (2.81) 1.667 (1.49) 0.238 *** (3.99) 
Direct Effect 0.118 *** (7.69) 0.744 *** (2.91) 0.066 *** (4.28) 

Indirect Effect 0.065 ** (2.11) 1.356 (1.20) 0.094 *** (3.02) 
Total Effect 0.184 *** (5.14) 2.100 (1.55) 0.160 *** (4.30) 

Control Variable Yes Yes Yes 
Individual Fixed Effects Yes Yes Yes 

Time Fixed Effects Yes Yes Yes 
N 144 96 132 
R2 0.371 0.372 0.225 

Note: ***, ** indicate significance at the 1% and 5% significance levels, respectively. Values 
in parentheses represent t-values. 

(2) Heterogeneity Analysis Based on Urban Agglomerations 
China exhibits substantial regional economic disparities, with urban agglomera-

tions—such as the Beijing-Tianjin-Hebei (BTH) Region, Yangtze River Delta (YRD), and 
Pearl River Delta (PRD)—typically concentrating more resources, capital, talent, technol-
ogy, and infrastructure. These regions constitute China’s core economic zones, character-
ized by advanced digital economy development and well-established supply chain sys-
tems, whereas non-urban agglomeration areas lag behind, with comparatively weaker in-
frastructure. Accordingly, based on provincial inclusion within urban agglomerations, 
China’s 31 provinces are divided into two subsamples: urban agglomeration provinces 
(eight provinces, including Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Anhui, 
and Guangdong) and non-urban agglomeration provinces (the remaining 23 provinces), 
with separate regressions performed for each subsample. Table 13 indicates that the coef-
ficients of the digital economy on agricultural supply chain resilience for the two subsam-
ples are 0.071 and 0.099, respectively, both significant at the 1% level. The corresponding 
spatial coefficients are 0.257 (significant at 1%) and 0.127 (significant at 10%), suggesting 
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that the digital economy exerts a stronger positive spatial spillover effect in urban agglom-
eration provinces. This phenomenon can be attributed to the formation of an “institutional 
dividend superimposition effect” in urban agglomerations through coordinated policy 
measures. For instance, the YRD has established a “Digital Economy Coordinated Demon-
stration Zone” with cross-regional policy linkages; the PRD provides financial support for 
smart agriculture initiatives; and the BTH Region functions as a national digital economy 
pilot zone with synergistic effects. These coordinated efforts are likely to generate agglom-
eration and radiative effects, thereby strengthening the positive spatial spillover effect on 
agricultural supply chain resilience. 

Table 13. Regression Results of Heterogeneity Tests Based on Urban Agglomerations. 

Variable Urban Agglomerations Non-Urban Agglomerations 
X 0.071 *** (4.30) 0.099 *** (7.08) 

W × X 0.257 *** (4.83) 0.127 * (1.88) 
Direct Effect 0.044 *** (3.12) 0.098 *** (7.04) 

Indirect Effect 0.125 *** (4.16) 0.064 (1.34) 
Total Effect 0.169 *** (4.72) 0.162 *** (3.01) 

Control Variable Yes Yes 
Individual Fixed Effects Yes Yes 

Time Fixed Effects Yes Yes 
N 96 276 
R2 0.292 0.504 

Note: ***, * indicate significance at the 1% and 10% significance levels, respectively. Values 
in parentheses represent t-values. 

4.4. Threshold Regression Analysis 

Considering that the impact of the digital economy on agricultural supply chain re-
silience may not be linear or stable, but instead exhibits stage-dependent characteristics 
as key development conditions change, this study employs the Hansen panel threshold 
regression model, with agricultural technological progress (ATR) and industrial structure 
(IS) specified as threshold variables, to construct a nonlinear framework for examining the 
effect of the digital economy on agricultural supply chain resilience. The results are re-
ported in Table 14. As shown in Figure 7, The dashed red line in the figure represents the 
critical value for statistical significance, where the threshold estimate is considered valid 
when the LR statistic curve falls below this line. When agricultural technological progress 
serves as the threshold variable, a significant double-threshold effect is identified, with 
threshold values of 7.827 and 8.889. Figure 8 indicates a significant single-threshold effect 
when industrial structure is used as the threshold variable, with a threshold value of 
13.401. 

From a practical perspective, substantial regional heterogeneity exists in terms of ag-
ricultural technological foundations, factor allocation capacity, and institutional environ-
ments, which implies that the enabling effect of the digital economy on agricultural sup-
ply chain resilience may evolve alongside changes in technological progress and indus-
trial upgrading. Once the threshold variables cross specific critical values, the transmis-
sion channels, intensity, and marginal effects of the digital economy on agricultural sup-
ply chain resilience may undergo structural shifts. Accordingly, introducing agricultural 
technological progress and industrial structure as threshold variables not only captures 
the nonlinear characteristics of the digital economy’s enabling effects across different de-
velopment stages but also provides a clear economic rationale and practical relevance for 
the threshold regression specification. 
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Table 14. Correlation Test for Threshold Effect. 

Model 
BS Times F-Value 

Critical Value 
Threshold Value 

Variable Number of Thresholds 10% 5% 1% 

ATP 
Single Threshold 300 37.02 20.474 23.616 35.410 7.827 

Double Threshold 300 33.82 18.413 27.908 42.405 8.889 
Triple Threshold 300 20.75 71.452 81.597 100.064 - 

IS Single Threshold 300 33.65 19.704 25.702 31.527 13.401 
Double Threshold 300 22.59 32.283 42.045 54.963 - 

 

Figure 7. Threshold Estimates and Confidence Intervals of Agricultural Technological Progress 
(ATP). 

 

Figure 8. Threshold Estimates and Confidence Intervals of Industrial Structure (IS). 

The estimation results in column (1) of Table 15 indicate that when agricultural tech-
nological progress surpasses the first threshold value (7.827) and the second threshold 
value (8.889), the impact of the digital economy on agricultural supply chain resilience 
exhibits a complex “N-shaped” nonlinear pattern characterized by an initial increase, a 
subsequent decline, and a renewed enhancement. This finding partially reflects the stage-
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specific manifestation of the “Solow paradox.” From institutional and behavioral perspec-
tives, in the early stage of agricultural technological progress, investments are primarily 
concentrated on equipment introduction and pilot applications. However, constraints 
such as insufficient agricultural human capital, imperfect technology diffusion mecha-
nisms, and lagging supporting infrastructure hinder effective coordination between tech-
nological inputs and digital technologies, resulting in low marginal returns or even nega-
tive effects. As agricultural technology advances but has not yet formed a mature appli-
cation system, the coexistence of high investment and low conversion efficiency may ex-
acerbate resource misallocation, giving rise to negative threshold effects. With the further 
maturation of agricultural technology and the continuous improvement of institutional 
arrangements and factor allocation mechanisms, the complementarity between digital 
technologies and agricultural technologies becomes increasingly pronounced. As a result, 
scale effects and synergistic innovation are gradually released, and the positive empow-
ering effect of the digital economy on agricultural supply chain resilience re-emerges and 
strengthens, thereby supporting Hypothesis H3. 

Table 15. Estimation Results of Threshold Regression. 

Threshold Value (1) (2) 
Agricultural Technological Progress 

(𝐴𝑇𝑃 ≤ 7.827) 
0.087 *** 
(6.700) - 

Agricultural Technological Progress 
(7.827 < 𝐴𝑇𝑃 ≤ 8.889) 

−0.085 *** 
(−3.365) - 

Agricultural Technological Progress 
(𝐴𝑇𝑃 > 8.889) 

0.102 *** 
(2.790) 

- 

Industrial Structure 𝐼𝑆 ≤ 13.401 - −0.015 
(−0.687) 

Industrial Structure 𝐼𝑆 > 13.401 - 
0.101 *** 
(7.088) 

Control Variables Yes Yes 
Individual Fixed Effects Yes Yes 

Time Fixed Effects Yes Yes 
N 372 372 
R2 0.856 0.841 

Note: *** indicate significance at the 1% significance levels, respectively. Values in paren-
theses represent t-values. 

The estimation results in column (2) of Table 15 show that the empowering effect of 
the digital economy on agricultural supply chain resilience becomes statistically signifi-
cant only after the industrial structure surpasses the threshold value (13.401). At lower 
levels of industrial upgrading, agricultural supply chains are primarily oriented toward 
ensuring basic supply stability, with relatively extensive production organization, limited 
marketization, and low levels of specialization and coordination. These characteristics cre-
ate structural constraints that reduce both the reliance on and adaptability to digital tech-
nologies. In this stage, digital technologies mainly function as auxiliary tools and thus 
have a limited impact on enhancing supply chain resilience. As industrial upgrading 
deepens, agricultural production gradually shifts from subsistence-oriented activities to-
ward market-oriented and industrialized operations. Consequently, supply chains exhibit 
stronger demand for efficiency improvement, risk mitigation, and adaptive flexibility, 
while institutional environments and behavioral patterns become more conducive to the 
deep integration of digital elements. Once this demand surpasses the critical threshold, 
digital technologies transform from optional instruments into essential factors, allowing 
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their positive empowering effects to be fully realized and significantly enhancing agricul-
tural supply chain resilience. These results provide empirical support for Hypothesis H4. 

5. Conclusions and Policy Implications 
Using panel data from 31 Chinese provinces covering the period 2012–2023, this 

study empirically examines the mechanisms through which the digital economy enhances 
the resilience of agricultural product supply chains, focusing on three dimensions: direct 
effects, spatial spillover effects, and threshold effects. The results indicate the following. 

The empirical results show that the digital economy significantly enhances the resil-
ience of agricultural product supply chains. Spatial econometric analysis further reveals a 
positive spatial spillover effect, whereby digital economic development in one region pro-
motes supply chain resilience in neighboring regions [47]. This conclusion remains robust 
across multiple robustness tests. 

The magnitude of this effect varies across space. Heterogeneity analysis indicates that 
both geographical location and urban agglomeration membership condition the impact of 
the digital economy [48]. Specifically, the effect follows the pattern Eastern China > West-
ern China > Central China, with the effect in Central China being statistically insignificant. 
Moreover, cities within urban agglomerations exhibit a significantly stronger resilience-
enhancing effect than those outside. 

Threshold regression results further uncover nonlinear dynamics in this relationship. 
As agricultural technological progress advances, the impact of the digital economy on 
supply chain resilience follows a phased pattern—initially strengthening, then weakening, 
and subsequently strengthening again. In contrast, with continuous optimization of the 
industrial structure, the positive effect of the digital economy increases steadily. 

Although this study focuses on China, its findings exhibit a certain degree of gener-
alizability to other developing economies. From a mechanistic perspective, the digital 
economy enhances agricultural product supply chain resilience by improving information 
transmission efficiency, optimizing resource allocation, and strengthening supply chain 
coordination—mechanisms that are not unique to the Chinese context. Many developing 
economies face similar structural challenges, including a high dependence on agriculture, 
regional development disparities, fragmented supply chain organization, and limited re-
silience to external shocks. Moreover, their stages of agricultural modernization and dig-
ital transformation are comparable to those of certain regions in China. In this regard, the 
mechanisms and stage-specific characteristics identified in this study may provide useful 
insights for other developing economies seeking to promote agricultural digitalization 
and enhance supply chain resilience. Nevertheless, given cross-country differences in in-
stitutional environments, resource endowments, and policy frameworks, the applicability 
of these findings should be interpreted with caution and adapted to country-specific con-
texts. 

Based on the above findings, the following policy recommendations are offered: 
First, strengthen digital infrastructure and accelerate the adoption of digital technol-

ogies across agricultural supply chains [49]. Robust infrastructure underpins resilience 
and stable operation. Governments should invest in technologies that enhance efficiency, 
sustainability, and risk management, promote collaborative innovation between research 
institutions and enterprises, and provide technical training to improve digital literacy [50]. 
This will support data-driven, low-carbon, and precise agricultural production. 

Second, promote coordinated regional development through technological innova-
tion and industrial upgrading [51]. Spatial spillover effects indicate that digital advance-
ment in one region benefits neighboring areas. Policies should adopt differentiated strat-
egies: eastern regions and urban agglomerations should deepen integration of digital tech-
nologies, while central and western regions should focus on technology diffusion and 
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infrastructure improvement, supported by interregional cooperation. Simultaneously, 
fostering smart agriculture, precision farming, and integration with processing and logis-
tics can reduce losses, improve efficiency, and enhance both the resilience and value-
added capacity of agricultural supply chains. 
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