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Introduction: As digital transformation accelerates globally, the digitalization of agricultural product circulation (DAPC) is becoming a key driver of rural revitalization and sustainable agricultural development.

Methods: This study introduces a digital agriculture product circulation index (DAPCI) to assess the level of digitalization in agricultural product circulation and the influence of digitalization on rural modernization in China. Additionally, this study develops a rural agricultural modernization development index (RAMDI) to measure the extent of modernization across 30 provinces (from 2012–2023). The entropy weight method and a spatial error model are applied to capture both direct and indirect effects.

Results: The findings reveal that digitalization significantly enhances rural agricultural modernization (RAM), particularly in technologically advanced regions, with strong spatial spillover effects benefiting neighboring areas. The results further reveal that the digitalization of agricultural circulation positively correlates with improved rural economic development; green innovation and industrial structure optimization emerge as key mechanisms for driving both environmental sustainability and economic growth.

Discussion: This research contributes to understanding how digital tools can reshape agricultural practices, making those practices more resilient, efficient, and environmentally friendly. By demonstrating the impact of digitalization on rural agricultural sustainability, this study highlights the importance of integrated technological innovations and management strategies for advancing sustainable agricultural development and climate resilience in rural economies.
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1 Introduction

The rapid digital transformation of agri-food systems is reshaping agricultural production, distribution, and consumption worldwide. Initiatives such as the European Union's common agricultural policy (CAP) integrate digital tools for sustainable farming (Kortleve et al., 2024; Ghazal et al., 2024). India's e-national agricultural market (eNAM) connects farmers with national buyers (Goyal and Kaur, 2021), and M-Farm in sub-Saharan Africa provides smallholders with real-time price and logistics data. All these initiatives demonstrate the potential of digitalization to enhance productivity, sustainability, and inclusiveness in agricultural markets (Walker, 2024). However, the abovementioned benefits are unevenly distributed. Many rural areas, especially in developing countries, face a persistent digital divide, which is caused by limited infrastructure, low digital literacy, and weak institutional capacity. Sustainable and inclusive rural development is gaining global attention (e.g., UN SDGs 9 and 12). It is therefore crucial to understand how digitalization in agricultural product circulation (DAPC)—which refers to the application of digital technologies in the storage, transportation, marketing, and trading of agricultural products—an drive rural and agricultural modernization (RAM). In practice, RAM encompasses technological upgrading, ecological sustainability, and rural revitalization. This study empirically investigates how DAPC influences RAM across different regions in China and also examines the transmission mechanisms through which digitalization shapes rural transformation.

Existing literature on rural modernization identifies a variety of factors that influence agricultural development, including economic, institutional, and technological factors. Most existing research has concentrated on the benefits of digital technologies in urban and developed areas, where improvements in infrastructure and innovation have markedly enhanced environmental efficiency and resource utilization (Huang et al., 2018; Tang et al., 2023; Zamani, 2022). However, the understanding of how these technologies shape rural agricultural practices, especially within the context of green innovation and sustainable development, is still limited (Zhu et al., 2024). Prior studies have largely examined the digital economy's impact on isolated aspects of rural development, such as inclusive finance and agribusiness (Cheng et al., 2024). However, very few studies have focused specifically on how DAPC contributes to RAM.

The digital transformation of rural agriculture encompasses multiple dimensions, including but not limited to technological innovation, improvements in production efficiency, and the adoption of sustainable practices (Cheng et al., 2024; Tang et al., 2023; Ma and Wang, 2024). Studies based on urban contexts have shown that digital infrastructure and policy incentives are crucial for enabling technological change (Cunningham et al., 2023; Li et al., 2022). However, rural areas frequently encounter structural challenges, such as inadequate infrastructure and limited access to advanced technologies (Zhou et al., 2023). Nonetheless, digitalization holds considerable promise in terms of driving rural economic development, advancing agricultural modernization, and supporting long-term sustainability goals.

Problematically, existing evaluation frameworks often rely on narrow economic indicators, or they lack the capacity to capture the multidimensional nature of rural agricultural modernization. To address this gap, this study proposes the RAMDI, a composite measure that integrates sustainability, infrastructure, productivity, and institutional resilience into a unified framework.

To further address the abovementioned gaps, this study aims to empirically examine the impact of DAPCI on rural and agricultural modernization across regions in China. Two composite indices are constructed to capture the core variables. First, DAPCI reflects the level of digitalization in agricultural product circulation, drawing on dimensions such as digital infrastructure, transaction efficiency, and logistics intelligence. Second, RAMDI represents the multidimensional progress of rural modernization, including technological innovation, sustainable development, and rural infrastructure.

Based on panel data from 30 Chinese provinces, autonomous regions, and municipalities, and spanning the period from 2012 to 2023, this study adopts the entropy-weighted technique for order of preference by similarity to ideal solution (TOPSIS) method to measure DAPCI and RAMDI. To account for regional spillover and spatial dependencies, a spatial Durbin model is further employed to analyze the spatially mediated effects of digitalization on rural modernization. This quantitative framework allows this study to uncover not only the direct effects of digital transformation in agricultural circulation but also how such effects vary and diffuse across geographic and economic contexts.

Moreover, by integrating a quantitative spatial econometric framework with multi-dimensional indices, this study offers a computational lens to understand how digital innovation in circulation systems shapes rural modernization in contextually diverse settings.

This study contributes to the extant literature on rural modernization and digital transformation in four key ways. First, two novel indices are developed—DAPCI and RAMDI—that capture key dimensions of digitalization and rural modernization, and entropy-TOPSIS and spatial Durbin models are applied for rigorous quantitative analysis. Second, using panel data from 30 Chinese provinces over the years 2012–2023, this study reveals spatial and temporal patterns that have been overlooked by prior research. Third, this study clarifies the transmission mechanisms linking digital agricultural product circulation to comprehensive rural modernization, thereby addressing a gap in existing studies. Finally, the spatial findings highlight regional spillovers, thereby informing targeted digital agriculture policies for underdeveloped rural areas.

The remainder of this paper is organized as follows: Section 2 develops the theoretical framework linking DAPC to RAM. Section 3 details the construction of the indices, the entropy-TOPSIS method, and the spatial Durbin model. Section 4 presents the empirical results, which highlight regional heterogeneity and digital impacts. Finally, Section 5 discusses policy implications and suggests directions for future research.



2 Literature review and theoretical mechanisms


2.1 Current research on agricultural digitalization and rural modernization

The digital transformation of agri-food systems has emerged as a strategic enabler of rural modernization. Global attention is increasingly focused on enhancing agricultural efficiency, sustainability, and market integration. International studies have shown that, through precision farming, supply chain analytics, and platform-based logistics, digital agriculture improves productivity and resource use efficiency in both developed and developing countries (Ghazal et al., 2024; Saini et al., 2025). For instance, the European Union's common agricultural policy (CAP) emphasizes digital innovation as a means to promote environmental sustainability (Manta et al., 2024), and India's eNAM platform digitally connects farmers to national markets, boosting market efficiency and inclusiveness (Chaudhary and Suri, 2022).

Despite these advances, existing literature has largely focused on the digital economy's impact in urban or highly-developed regions, where infrastructure and institutional support enable rapid technological diffusion (Tang et al., 2023). In contrast, rural and underdeveloped areas are facing structural barriers, such as limited digital literacy, weak logistics networks, and a lack of scalable technologies (Zhou et al., 2023). As a result, the digital transformation of agricultural product circulation—defined as the integration of digital platforms, data systems, and intelligent logistics into the agri-food supply chain—remains underexplored.

Recent domestic research from China shows that a digital upgrading of supply chains can foster innovation, reduce operational costs, and improve green total factor productivity in distribution (Ma and Wang, 2024; Gong et al., 2024). However, these findings are primarily firm-level or industry-specific; they lack a comprehensive understanding of how such digitalization contributes to rural and agricultural modernization (RAM) at the regional scale. Moreover, only limited empirical work has thus far addressed the spatial dimensions of these effects.

This gap in research calls for deeper investigation into the role of DAPC in shaping rural transitions, especially how digital tools affect regional disparities, sustainable innovation, and the structure of rural economies.

While prior studies have acknowledged the transformative effects of digitalization on agriculture, most have emphasized upstream applications, such as smart farming, precision inputs, or rural finance (Khan and Babar, 2024; Shamshiri et al., 2024; Yang et al., 2025). In contrast, the downstream segment—particularly the circulation of agricultural products involving logistics, storage, and—distributionremains comparatively underrepresented in empirical research (Tang et al., 2023; Zhou et al., 2023).

Specifically, several key gaps persist in literature. First, the mechanisms through which DAPC affects rural and agricultural modernization—whether through improved efficiency, technological spillovers, or institutional coordination—have yet to be systematically validated with regional data (Zhu et al., 2024). Second, few studies have addressed the considerable spatial heterogeneity in digital development, despite growing evidence that rural infrastructure and absorptive capacity vary significantly across regions (Ma and Wang, 2024). Third, while sustainability is now central to the modernization agenda, the potential of DAPC to support green transitions such as emissions reduction and circular agriculture has rarely been explored (Gong et al., 2024). Finally, spatial spillover effects, i.e., how digital investments in one region may affect neighboring areas through interlinked supply chains or market integration, remain a largely overlooked dimension in the field of digital agriculture (Tang et al., 2023; Zhou et al., 2023).

This study addresses all of these gaps by developing a spatially-informed, multi-dimensional framework that links DAPC to RAM, with heterogeneity, sustainability, and spatial externalities incorporated into the analysis.



2.2 Theoretical mechanisms linking DAPC and RAM

The relationship between DAPC and rural and agricultural modernization (RAM) can be understood through several complementary theoretical perspectives. First, the resource-based view (RBV) posits that unique, valuable, and hard-to-imitate resources—such as digital infrastructure and data capabilities—can enhance rural organizations' competitive advantage and efficiency (Barney et al., 2021). Second, diffusion of innovations theory explains how digital technologies spread through rural systems, promoting structural and institutional modernization as adoption progresses (Ma and Wang, 2024; Yang C. F. et al., 2024). Third, technical systems theory emphasizes the co-evolution of technological tools and organizational forms in shaping systemic transformations, particularly in sectors like agriculture that rely on complex interdependencies (Tian et al., 2023; Zhou et al., 2023). These theories jointly frame the analysis of how DAPC enables modernization through efficiency gains, green innovation, and spatial dynamics.


2.2.1 Efficiency enhancement mechanism

By reducing transaction costs, improving information symmetry, and integrating fragmented actors into cohesive value chains, DAPC enhances agricultural production and distribution efficiency. According to the RBV, digital infrastructure such as mobile trading apps, intelligent logistics, and traceability systems improves the allocation and utilization of rural resources (Barney et al., 2021). Empirical studies have demonstrated, for example, that digital platforms allow farmers to bypass traditional intermediaries, reach broader markets, and capture greater value (Chen and Long, 2024; Liu et al., 2022; Wang et al., 2022).

Additionally, digital circulation reduces post-harvest losses and improves storage and transportation efficiency, thus stabilizing prices and improving farmer income (Liu et al., 2024; Zhou et al., 2024). Zhou et al. (2023) further highlighted that rural areas with improved digital infrastructure experience more significant gains in supply chain coordination. Zhu and Li (2021) emphasized that digital capacity also fosters organizational innovation, enabling the modernization of business models and rural governance.



2.2.2 Green innovation mechanism

By facilitating green technological adoption and promoting environmental awareness, DAPC contributes to sustainable rural development. Drawing on technical systems theory, the integration of digital and ecological systems accelerates the transformation of traditional production methods toward greener alternatives (Tian et al., 2023). For example, digital monitoring tools and data analytics enable precision irrigation, smart fertilization, and route optimization in logistics, thereby reducing environmental footprints (Feng et al., 2022; Yuan et al., 2024).

These practices contribute to green total factor productivity (GTFP), a key metric of sustainable modernization (Zhou et al., 2024). Furthermore, Abdulai (2022) underscored that digital agriculture catalyzes the emergence of new industries (e.g., rural green logistics and agri-tech services), thereby enhancing rural employment and structural transformation.



2.2.3 Regional spillover mechanism

Digitalization transcends regional boundaries and fosters spatial linkages by enabling faster knowledge diffusion, price transmission, and supply chain integration. According to diffusion of innovations theory, innovations adopted in one area may catalyze change in neighboring regions through demonstration effects and institutional learning (Yang R. Y. et al., 2024). Tian et al. (2023) noted that, as one region reaps economic gains from digital transformation, those benefits can extend outward via mobile labor, technology migration, and interregional trade.

However, Peng and Dan (2023) cautioned that uneven digital infrastructure across regions may induce siphon effects. Specifically, advanced areas may attract resources and talent from less-developed areas, aggravating spatial inequalities. This highlights the importance of understanding regional heterogeneity in assessing DAPC's overall contribution to balanced rural development.




2.3 Theoretical framework and research hypotheses

Based on the mechanisms outlined above, this study constructs an integrated theoretical framework (Figure 1) to analyze how DAPC influences RAM. This framework incorporates RBV, diffusion of innovations theory, and technical systems theory to explain three core pathways, namely efficiency improvement, green innovation, and spatial spillover. Additionally, industrial structure optimization and regional disparities are considered as mediating and moderating factors.
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FIGURE 1
 Mechanisms of digitalization in agricultural product circulation on RAM.


Accordingly, the following hypotheses are proposed:

Hypothesis 1: The digitization of agricultural product circulation directly contributes to achieving RAM.

Hypothesis 2: The digitalization of agricultural product circulation promotes innovative RAM by optimizing industrial structures and introducing new technologies.

Hypothesis 3: There exists a spatial spillover effect of the digitalization of agricultural product circulation on technological and organizational innovation in agriculture.

These hypotheses will be empirically evaluated through the construction of RAMDI and DAPCI indices and spatial econometric modeling in the subsequent sections.




3 Data, method and variables


3.1 Variables
 
3.1.1 Dependent variable: rural agricultural modernization development index (RAMDI)

This paper introduces a comprehensive index, the RAMDI, which has been designed to evaluate sustainable rural development. Drawing on the framework developed by Wang et al. (2023) and Yan et al. (2023), as well as the rural revitalization guidelines issued by the Chinese government, this study identifies key indicators that capture the critical dimensions of agricultural modernization in rural areas. The selected dimensions include industrial technology advancement, the degree of informatization, organizational innovation, rural development conditions, and environmentally sustainable practices. These five categories form the foundation of the proposed RAMDI system, which aims to assess the progress of rural development in a structured and consistent manner (see Table 1).

TABLE 1 Rural agricultural modernization development index (RAMDI).


	Level 1
	Level 2
	Level 3
	Direction
	Weight




	RAMDI
	Agricultural productivity
	Total agricultural machinery power per unit area (kW/ha)
	+
	0.0346696



	Effective irrigation rate (%)
	+
	0.0349459



	Grain yield per unit area (tons/ha)
	+
	0.0269836



	Share of agricultural and related services in gross output (%)
	+
	0.1563506



	Agricultural labor productivity (10,000 CNY/person)
	+
	0.0272504



	Agricultural producer price index
	+
	0.0091877



	Agricultural sustainability
	Crop failure rate (%)
	–
	0.0020414



	Fertilizer application per unit area (tons/ha)
	–
	0.0121519



	Pesticide application per unit Area (tons/ha)
	–
	0.0024278



	Rural infrastructure and public services
	Rural solar water heater installation area (10,000 m2)
	+
	0.075345



	Per capita electricity consumption in rural areas (kWh/person)
	+
	0.172788



	Number of village committees per 10,000 people
	+
	0.039969



	Number of health technicians per 1,000 people (persons/1,000)
	+
	0.0329436



	Proportion of villages with sewage treatment (%)
	+
	0.0750992



	Rural road hardening rate (%)
	+
	0.0239486



	Rural culture and digital capability
	Per capita expenditure on education, culture and recreation in rural areas (CNY/person)
	+
	0.0122954



	Number of township cultural stations
	+
	0.0533297



	Population coverage rate of rural TV programs (%)
	+
	0.0052504



	Number of computers per 100 rural households (units/100 households)
	+
	0.0517405



	Proportion of rural residents covered by minimum living security (%)
	–
	0.0080701



	Rural living standards
	Per capita disposable income of rural households (CNY/person)
	+
	0.0274564



	Per capita housing area (m2/person)
	+
	0.0297548



	Number of air conditioners per 100 rural households (units/100 households)
	+
	0.0807794



	Engel coefficient of rural households (%)
	–
	0.005221






To ensure consistency in index construction, the directionality of each indicator is explicitly defined. For positively oriented indicators (e.g., grain yield per unit area), higher values represent greater progress. Conversely, for negatively oriented indicators (e.g., fertilizer application per hectare or pesticide use), higher values suggest less sustainable outcomes. All indicators were directionally normalized prior to index aggregation.

To synthesize the multidimensional data into a robust composite score, the entropy-weighted TOPSIS method was applied. This approach combines objective weight assignment with the TOPSIS, which ranks observations by their relative closeness to an ideal benchmark. This integrated method not only avoids subjectivity but also ensures comparability across regions and over time. To ensure transparency and reproducibility, the full list of indicator sources, directionality, normalization procedures, entropy values, and resulting weights is provided in Table 1.



3.1.2 Key explanatory variable: digitalization of agricultural product circulation

As digital transformation progresses, the DAPC can be assessed through three main areas: the digitalization of demand, infrastructure, and organizational processes (Meng et al., 2023). Some researchers have suggested that a measurement system focused on the digitalization of infrastructure and distribution channels can serve as a key framework for analysis (Deng et al., 2024; Zhao et al., 2024).

Building on these insights, this paper proposes an index system that can be used to evaluate the digitalization levels within agricultural product circulation. The index includes three dimensions: digital infrastructure, industry-wide digital integration, and channel digitalization. Further details on this system are outlined in Table 2.

TABLE 2 Digitalization index of agricultural product circulation.


	Level 1
	Level 2
	Direction
	Weight





	Digitalization of agricultural product circulation infrastructure
	Per capita postal and telecommunications business volume (100 million CNY per 10,000 people)
	+
	0.1733567



	Proportion of employees in the distribution sector (%)
	+
	0.1552347



	Proportion of distribution sector output in regional GDP (%)
	+
	0.0221762

 
	Digitalization of agricultural product circulation infrastructure
	Number of broadband Internet connections (in 10,000 s)
	+
	0.0832435



	Length of fiber optic cable (km)
	+
	0.0898356



	Mobile phone penetration rate (%)
	+
	0.038591

 
	Digitalization of agricultural product circulation channels
	E-commerce sales as a percentage of regional GDP (%)
	+
	0.1055079



	Value of distribution sector as a percentage of regional GDP (%)
	+
	0.0383131



	Wholesale-to-retail ratio (%)
	-
	0.0063635

 
	Digitalization of the agricultural product circulation industry
	Per capita express delivery volume (items per person)
	+
	0.2382773



	Depth of digital finance usage
	+
	0.0491006






“(+)” indicates a positive-oriented indicator (higher is better), and “(–)” indicates a negative-oriented indicator (higher is worse for digitalization).






3.1.3 Control variables

To ensure the robustness of the findings and mitigate the risk of omitted variable bias, this study incorporates several control variables that capture the key factors shaping rural modernization, including economic, infrastructural, and policy-related influences. Specifically, this study controls for regional economic development using the logarithm of regional GDP, infrastructure quality by the length of rural roads, and openness through the share of imports and exports in regional GDP. Additionally, local government strength is measured by the logarithm of local general budget revenue; basic investment levels are measured with the logarithm of the regional fixed asset price index. Missing data for 2020 and 2021 are interpolated, and to account for scale effects, all control variables are standardized.



3.1.4 Mediating variables

In this study, “green innovation” is defined as technological progress that enhances environmental sustainability and includes improvements in input-use efficiency, emission reductions, and ecological protection. While invention patents serve as a proxy due to data availability, this study acknowledges that not all innovations are inherently green.

Following the approach of Lu et al. (2024) and Sun (2022), this measure is cautiously interpreted here. This study emphasizes that digitalization indirectly fosters green innovation by creating incentives for environmental efficiency, lowering information asymmetries, and promoting eco-friendly practices via traceability and smart monitoring.

Technological innovation serves as an indicator of regional technological advancement and innovation vitality. Drawing on established research in this area (Tang et al., 2023), this paper measures technological innovation through the number of invention patents registered in each region.

Industrial structure indicates the degree of modernization and economic sustainability within a region. In this study, industrial structure is assessed using the ratio of output from the tertiary sector to that of the secondary sector, based on prior research (Zhou et al., 2024).



3.1.5 Instrumental variables

To address potential endogeneity among the variables, instrumental variables are applied for the endogeneity tests. Following the approach of Peng and Dan (2023), this study uses as instrumental variables the lagged one-period value of per capita postal and telecommunication services, multiplied by the Internet penetration rate.




3.2 Data sources

This study focuses on 30 provincial-level administrative regions in China, covering the period from 2012 to 2023. Tibet, Hong Kong, Macao, and Taiwan are excluded. The data are sourced from the China Statistical Yearbook, provincial statistical yearbooks, the China Energy Statistical Yearbook, the China Rural Statistical Yearbook, and the China Environmental Statistical Yearbook. Linear interpolation has been used to address missing values.

To ensure the reliability of the model, the first test was for multicollinearity. The results showed a maximum variance inflation factor of 2.66, indicating that there are no multicollinearity issues. Additionally, a panel unit root test was conducted on the explanatory variables to ensure data stability and avoid the risk of spurious regression. The results rejected the null hypothesis, thereby confirming the data's stability.

To explore the characteristics and trends of the variables, descriptive statistics were conducted, and the findings are summarized in Table 3.

TABLE 3 Descriptive statistics.


	Variables
	Variables
	Avg.
	Std. Dev.
	Min.
	Max.





	Dependent variable
	DAPC
	0.24
	0.06
	0.14
	0.51

 
	Independent variable
	RAMI
	0.21
	0.09
	0.06
	0.57

 
	Mediating variables
	Technological innovation
	31,412.2
	42,489
	81
	216,469



	Industrial structure
	1.225
	0.69
	0.52
	5.31

 
	Control variables
	GDP
	4.28
	0.4
	3.18
	5.38



	Fixed asset investment
	2.01
	0.1
	1.98
	2.03



	Rural road mileage
	149,252.3
	79,837.06
	12,084
	394,371



	Local fiscal revenue
	3.33
	0.36
	2.27
	4.15



	Degree of openness
	4.04
	4.59
	23.97
	0.11









3.3 Method
 
3.3.1 Construction of RAMDI and DAPCI Using the entropy-weighted TOPSIS method

To comprehensively evaluate the degree of RAMDI and the level of DAPC, two composite indices are constructed using the entropy-weighted TOPSIS method. This approach integrates objective weighting based on information entropy with a multi-criteria ranking model, allowing for robust, data-driven synthesis of complex, multidimensional indicators.

Step 1: Indicator system and data matrix construction

The RAMDI and DAPCI indicators were selected based on theoretical relevance, data availability, and empirical validation in prior literature. For RAMDI, four core dimensions of rural modernization are incorporated: agricultural productivity, sustainability, structural upgrading, and rural living standards. For DAPCI, three dimensions are assessed: digital infrastructure, platform penetration, and digital transaction efficiency.

Tables 1, 2 list the specific indicators under each dimension, including positive (e.g., Internet penetration and green coverage rate) and negative (e.g., fertilizer intensity) indicators.

For each index, a decision matrix is constructed, where i represents a province-year observation, and j denotes an indicator. The RAMDI matrix spans 30 provinces over 12 years (2012–2023); the DAPCI matrix covers similar temporal and spatial dimensions.

Step 2: Data standardization

To ensure comparability, raw indicator values are normalized. For positive indicators (where higher values imply better outcomes):

rij=xij−min(xj)max(xj)−min(xj)      (1)

For negative indicators (where lower values are preferable):

rij=max(xj)−xijmax(xj)−min(xj)      (2)

This yields a standardized matrix R = rij, with values ranging from 0 to 1.

Step 3: Entropy weight calculation

Entropy weights reflect the degree of dispersion for each indicator across observations:

Proportion of indicator j for object i:

pij=rij∑i=1nrij      (3)


Entropy value for indicator j:

ej=−k∑i=1npijln(pij),k=1ln(n)      (4)


Difference coefficient:

dj=1−ej      (5)


Final weight:

wj=dj∑j=1ndj      (6)


This objective weighting avoids researcher subjectivity and reflects the informational contribution of each variable.

Step 4: TOPSIS scoring and index construction

A weighted normalized matrix Zij = wj·rij is constructed. This study defines:

Positive ideal solution (PIS): Zj+=max(Zij)

Negative ideal solution (NIS): Zj-=min(Zij)

Then, calculate the Euclidean distance of each observation i to PIS and NIS:

Di+=∑j=1mwj(Zj+−zij)2Di−=∑j=1mwj(Zj−−zij)2      (7)


A higher Ci value indicates a higher level of either RAMDI or DAPCI. These scores are finally normalized between 0 and 1.

The relative closeness to the ideal solution is computed as:

Ci=Di−Di++Di−      (8)


Step 5: Interpretation and application

The resulting indices, RAMDI and DAPCI, offer robust, interpretable measurements of modernization and digitalization across provinces and years. The entropy-weighted TOPSIS method enhances transparency and comparability by:

• Capturing multidimensional performance,

• Objectively assigning weights based on data variation,

• Avoiding bias from arbitrary expert judgment.

These indices are subsequently used as core variables in this study's spatial econometric models, to explore the variables' interactions and spatial spillover effects.



3.3.2 Spatial autocorrelation modeling

Spatial weight matrix determination:

The digitalization of agricultural product circulation promotes the flow of production resources between provinces, which in turn affects RAM. Given that this impact exhibits strong spatial correlation, this study selects an adjacency matrix as the spatial weight matrix W. The construction method is straightforward: if region i is adjacent to region j, then Wij = 1; if they are not adjacent, then Wij = 0.

Wij={1         0      (9)


The obtained spatial weight matrix is used to test whether the core variables have spatial autocorrelation. In this paper, the widely-used Moran's index (Moran's I) is used to test the spatial autocorrelation, and the formula is as follows: Moran's I takes the value of [−1, 1]; if I>0, there is positive spatial correlation, and if I < 0, there is negative spatial correlation.

IG=∑i=1n∑j=1nWij(Xi−X¯)(Xj−X¯)S2∑i=1n∑j=1nWij      (10)


To examine spatial clustering around specific regions, this study also uses the local Moran's I. A positive local Moran's I value indicates spatial clustering in the vicinity of a region. Conversely, a negative value indicates the absence of such clustering.

II=Xi−X¯S2∑j=1nWij(Xi−X¯)      (11)



3.3.3 Selection of spatial econometric model

To ensure the reliability of the empirical results, this study employs several tests to choose the appropriate spatial econometric model. The results are summarized in Table 4. First, both the Lagrange multiplier (LM) test and the robust LM test pass the significance level, suggesting the use of the spatial Durbin model (SDM). The Wald test further rejects the null hypothesis at the 1% level, confirming that the SDM is superior to both the spatial autoregressive model (SAR) and spatial error model (SEM). The likelihood ratio (LR) test also supports the use of the SDM, with all results significant at the 1% level, indicating that the SDM does not simplify into SAR or SEM models. Lastly, the Hausman test result (22.85, p = 0.044) leads to the selection of a fixed-effects model. Based on these tests, this paper adopts a spatial Durbin model with both time and provincial fixed effects.

TABLE 4 Spatial econometric model test results.


	Test
	Value
	P





	LM-error
	14.038
	0.006

 
	LM-lag
	51.037
	0.001

 
	Robust LM-error
	10.058
	0.000

 
	Robust LM-lag
	31.024
	0.007

 
	Hausman test
	23.019
	0.001

 
	Wald-spatial-error
	42.541
	0.001

 
	Wald-spatial-lag
	24.083
	0.036

 
	LR-spatial-error
	31.674
	0.051

 
	LR-spatial-lag
	24.651
	0.001







This study investigates how the digitalization of agricultural product circulation influences RAM, while accounting for spatial effects. The spatial Durbin model used in this analysis is specified as follows:

Devrurali,t=ρ∑j=1nWi,jDevruralj,t+α1Si,t                      +β1∑j=1nWi,jSj,t+α2Xi,t                     +β2∑j=1nWi,jXj,t+μ+λt+εi,t      (12)

In the Equation (4), i and t represent provinces and years, respectively; Devruralj, t is the level of rural modernization and development; Si, t denotes the level of digitalization of agricultural product circulation; Xi, t represents control variables; ρ represents the autoregressive coefficients of the explanatory variables; β represents the coefficients of the spatial interaction terms of the explanatory variables; α represents the regression coefficients of the respective variables, and the spatial weighting matrices Wi, j, μ, λ, and ε represent the individual fixed effects, the time fixed effects, and the random disturbance terms, respectively.





4 Result


4.1 Spatial correlation tests
 
4.1.1 Global Moran's I

Before conducting spatial analysis, it is essential to assess whether the variables demonstrate spatial interaction and dependence. This can be evaluated using Moran's I, a widely-used measure of spatial correlation. Moran's I ranges from −1 to 1; positive values indicate spatial clustering, and negative values suggest spatial dispersion.

In this study, global Moran's I is applied to assess the spatial autocorrelation of DAPC and RAM, from 2012 to 2023. As shown in Table 5, the global Moran's I values for both variables are positive and statistically significant at the 5% level, indicating strong spatial correlation. This suggests that provinces with higher levels of DAPC tend to experience more advanced agricultural modernization.

TABLE 5 Global Moran's I.


	Year
	Moran's I
	Z
	P





	2012
	0.577
	3.287
	0***

 
	2013
	0.454
	2.007
	0.045**

 
	2014
	0.429
	2.002
	0.047**

 
	2015
	0.505
	2.516
	0.011**

 
	2016
	0.564
	2.886
	0.004***

 
	2017
	0.501
	2.398
	0.016**

 
	2018
	0.471
	2.191
	0.036**

 
	2019
	0.473
	2.136
	0.028**

 
	2020
	0.486
	2.225
	0.035***

 
	2021
	0.526
	2.627
	0.005***

 
	2022
	0.554
	2.701
	0.018**

 
	2023
	0.496
	2.368
	0.007***






*** and ** represent significance levels of 1 and 5%, respectively.




Moreover, the temporal trend of Moran's I reveals that spatial correlation was strongest in 2012 and weakest in 2014. Despite these fluctuations, the overall spatial relationship between DAPC and RAM strengthened over the study period, reflecting ongoing improvements in both areas across China.



4.1.2 Local Moran's I

The local Moran's I is used to reflect the degree of spatial clustering between regions. This is typically illustrated with a scatter plot. To ensure the accuracy of the results, this study selected four specific years: 2012, which showed the strongest spatial correlation; 2014, which showed the weakest spatial correlation, and 2017 and 2020, which represented medium levels of spatial correlation. These years were chosen to provide a comprehensive understanding of spatial patterns over time.

In the scatter plot, the slope of the line represents the Moran's I. Points in the first and third quadrants indicate a positive spatial correlation, where similar values cluster together. In contrast, points in the second and fourth quadrants indicate a negative spatial correlation, where dissimilar values are adjacent.

In this study, the 30 provincial-level administrative regions in China are categorized into four major regions, based on their geographical location: east, central, west, and northeast. Figure 2 illustrates the distribution of agricultural modernization across these regions. Economically developed provinces, such as Beijing, Shanghai, Jiangsu, and Zhejiang, as well as some provinces in the central region, are situated in the first quadrant, indicating a “high-high” cluster. This suggests that, in these provinces, RAM benefits from strong synergies, with positive spillover effects across regions.


[image: Four quadrant maps labeled (a) 2012, (b) 2014, (c) 2017, and (d) 2020, display Moran's I values for different Chinese provinces. Each map categorizes provinces into High-High (H-H), Low-High (L-H), Low-Low (L-L), and High-Low (H-L) types. The provinces are listed in each quadrant, illustrating spatial autocorrelation and regional clustering patterns across the years.]
FIGURE 2
 Distribution types of agricultural modernization in Chinese provincial regions (2012, 2014, 2017, and 2020). The four subplots show spatial distribution patterns for respective years, with global Moran's I statistics (top) and year labels (bottom) indicated for each subplot.


In contrast, Liaoning and Hainan appear closer to the origin. Their location on the periphery of China, combined with there being fewer neighboring provinces, likely limits these provinces' spatial influence. Most provinces in the western region and some in the central region are clustered in the third quadrant, reflecting weaker RAM. This pattern can be attributed to economic and environmental factors, such as challenging natural conditions and limited transportation infrastructure. The “low-low” concentration in these areas highlights the need for significant improvements in China's overall level of RAM.




4.2 Analysis of the empirical results

According to the results in the first column of Table 6, DAPC has a significant positive impact on advancing RAM in China, thus confirming Hypothesis 1. Specifically, the regression coefficient for the digitalization level is 0.149, which passes the hypothesis test at the 1% significance level. This suggests that, all else being equal, a 1% increase in the digitalization level of the distribution industry leads to a 0.149% rise in RAM. Thus, Hypothesis 1 is confirmed.

TABLE 6 Spatial econometric model regression results.


	Variables
	Uncontrol
	Control
	SDM





	DAPC
	0.142*** (0.037)
	0.149*** (0.053)
	0.603*** (7.57)

 
	W*DAPC
	
	
	0.09** (0.022)

 
	Constant
	0.943*** (0.467)
	0.945*** (0.482)
	0.731* (0.466)

 
	GDP
	
	0.078*** (0.020)
	0.028* (0.017)

 
	Fixed asset investment
	
	−0.611*** (0.232)
	−0.537*** (0.233)

 
	Rural road mileage
	
	0.493*** (1.298)
	0.096*** (0.022)

 
	Local fiscal revenue
	
	0.028* (0.017)
	0.016* (0.036)

 
	Degree of openness
	
	0.213* (0.232)
	0.441* (0.226)

 
	RΛ2
	0.3941
	0.5342
	0.696






***, **, and * represent significance levels of 1%, 5%, and 10%, respectively; standard errors are in parentheses.




To strengthen the empirical comparison, a benchmark regression was conducted, both without and with control variables, as shown in Columns (1) and (2) of Table 8. The findings confirm that the DAPC facilitates RAM. Although the coefficient for digitalization drops from 0.149 to 0.061 after adding control variables, the coefficient remains significant at the 1% level. This finding indicates that the effect of digitalization on modernization is robust, even after accounting for additional factors. This further confirms Hypothesis 1.

For further analysis, the spatial Durbin model is used to explore the spatial relationships between the variables across regions. The results, presented in Column (3) of Table 6, highlight the spatial spillover effects of digitalization. The coefficient of the spatial interaction term (W*DAPC) for the core explanatory variable is 0.021, which is significant at the 5% level. This finding indicates that regions with higher levels of DAPC positively influence neighboring areas. The spillover effect promotes trade circulation and factor mobility between provinces, contributing to a broader increase in DAPC. Consequently, this strengthens RAM across regions, which is consistent with Hypothesis H3.



4.3 Endogeneity test

The benchmark regression results confirm that DAPC positively influences RAM. However, given the broad scope of agricultural modernization and the complexity of its influencing factors, some control variables may have been omitted in this study. This omission could lead to endogeneity, potentially affecting the robustness of the regression outcomes.

To address this issue, following the approach used by Peng and Dan (2023), this study employs the per capita postal and telecommunications business Internet penetration rate (lagged by one period) as an instrumental variable. A two-stage least squares (2SLS) regression is then conducted to account for potential endogeneity.

As presented in Table 7, the instrumental variable is strongly correlated with the endogenous variable, with both passing significance at the 1% level. In the weak instrument test, the F-statistic is 63.8, exceeding the critical value of 10. This result rejects the null hypothesis of weak instruments. Additionally, the non-identification test yields a p-value of 0.000, rejecting the hypothesis of insufficient identification and thereby confirming that the instrumental variable is valid and well-chosen. The Column (2) of Table 7 presents the adjusted results, which remain significant at the 1% level. This finding confirms that endogeneity has been addressed, and the conclusion that DAPC drives RAM holds firm.

TABLE 7 Endogeneity test results.


	Variables
	First stage (Dev. Rural)
	Second stage (S)





	Tool
	0.035*** (7.99)
	

 
	Dev. Rural
	
	0.520*** (4.76)

 
	Control
	Included
	Included

 
	Wald F
	26.002***

 
	Endogeneity Wald F
	63.8***

 
	Weak instrument validity test (10%)
	16.38

 
	Constant
	−8.512*** (−29.20)
	−6.772*** (−6.98)

 
	R square
	0.897
	0.876






*** represent significance level of 1%; standard errors are in parentheses.






4.4 Robustness test

To ensure the robustness of the results, this paper applies two verification methods. First, the weight matrix is replaced by a standard distance matrix for regression analysis. Second, recognizing that the quality of the labor force may influence the levels of DAPC and RAM, a control variable is introduced to account for the educational level of the rural labor force. Specifically, the proportion of the rural population with tertiary education or higher is used as a measure of labor force education (EDU).

The regression results in Table 8 indicate that both the coefficient for DAPC and the spatial interaction term remain significantly positive. These findings align with the main conclusions of this study, further supporting the robustness of the results.

TABLE 8 Robustness test results.


	Variables
	1
	2





	DAPC
	0.082*** (0.044)
	0.852*** (0.052)

 
	W* DAPC
	0.066*** (0.022)
	0.076*** (0.021)

 
	Control
	Yes
	Yes

 
	RΛ2
	0.3941
	0.5078






*** represent significance level of 1%; standard errors are in parentheses.






4.5 Mechanisms of influence from DAPC to RAM

To explore the driving mechanism of DAPC and its impact on RAM, this study conducts mediation tests using two selected mediator variables. To assess the mediation effects, a stepwise regression analysis is applied alongside the bootstrap method.

The mediation analysis uses both the non-parametric percentile bootstrap method and the bias-corrected percentile bootstrap method. A random sample size of 1,000 is used, with the confidence level set at 95%. Given that multiple mediators are involved, and the direct effect alone does not fully capture the mechanism, this study focuses on the indirect effects using the bootstrap method. The results of the mediation tests are summarized in Table 9.

TABLE 9 Mechanisms of influence from DAPC to RAM.


	
	Technological innovation
	Industrial structure



	Variables
	lninvent
	lnRural
	Lnindustry
	lnRural





	DAPC
	0.687*** (8.20)
	0.052*(1.79)
	0.429*** (12.64)
	0.252***(6.50)

 
	Constant
	−8.291*** (−19.83)
	−3.952***(−3.36)
	−8.093*** (−21.09)
	5.768***(11.96)

 
	Control
	Yes
	Yes
	Yes
	Yes

 
	Fixed
	Yes
	Yes
	Yes
	Yes

 
	R square
	0.809
	0.817
	0.866
	0.543

 
	F
	270.8***
	327.6***
	72.15***
	219.4***

 
	Bootstrap
	[0.1046,0.1887] (P)
	[−0.1073, −0.012] (P)
	

 
	
	[0.1084,0.1924] (BC)
	[−0.1036, −0.0089] (BC)






*** and * represent significance levels of 1% and 10%; standard errors are in parentheses.




Columns (1) and (3) present the regression results examining the impact of the digitalization of DAPC on two mediator variables: technological innovation and industrial structure. In Column (1), the regression coefficient for the digitalization of the distribution sector on technological innovation is 0.678, which is significant at the 1% level. This finding suggests that digitalization significantly enhances the level of rural informatization and thereby drives technological advancements in the countryside.

Similarly, Column (3) shows that the regression coefficient for DAPC on industrial structure is 0.429, also significant at the 1% level. This finding indicates that digitalization plays a crucial role in diversifying rural industries and optimizing the rural industrial structure. The results highlight the transformative potential of digitalization in fostering rural development through both technological and industrial channels.

Columns (2) and (4) of Table 9 present the combined effect of DAPC and the mediating variables on RAM. Specifically, the influence of technological innovation on RAM is notable, with a coefficient of 0.21, significant at the 1% level. This underscores the importance of technological innovation as a key driver of rural agricultural development.

Additionally, the impact of industrial structure on RAM is reflected in a coefficient of 0.134, which is significant at the 5% level. This suggests that the optimization and upgrading of the industrial structure play a supportive role in promoting rural modernization.

The results of the stepwise regression analysis indicate that DAPC significantly promotes RAM. This effect is achieved through two key channels: technological innovation and the optimization of industrial structure. To further validate these findings, the mediation effect was tested using the bootstrap method.

The bootstrap test for a significant mediation effect requires that the observed confidence interval does not include 0. As shown in Table 9, the confidence intervals for the indirect effect of DAPC through technological innovation are [0.1046, 0.1887] and [0.1084, 0.1924] for the uncorrected and corrected methods, respectively, both of which exclude 0. Similarly, the confidence interval for the indirect effect through industrial structure optimization is [0.1046, 0.1887], which also does not include 0.

These results confirm that the mediation effects of both technological innovation and industrial structure optimization are significant. This finding provides strong evidence for the validity of this study's proposed mediation model by demonstrating that the digitalization of the distribution sector is a key driver of RAM. This result is consistent with Hypothesis H2.



4.6 Heterogeneity analysis

Given the varying stages of development and resource endowments across provinces, this paper conducts a regression analysis using the SDM for the eastern, central, and western regions. The results, presented in Table 10, indicate that DAPC has a different impact on RAM across these three macro-regions.

TABLE 10 Heterogeneity analysis.


	Variables
	Spatial variability



	
	East
	Central
	West





	DDI
	0.204*** (0.057)
	0.442***
 (0.071)
	−0.019 (0.53)

 
	W*DDI
	0.072***
	−0.299
	−0.421

 
	
	(0.026)
	(1.019)
	(0.242)

 
	R square
	0.936
	0.938
	0.932

 
	F
	124.5
	82.58
	81.67

 
	N
	120
	100
	90






*** represent significance levels of 1%; standard errors are in parentheses.




Specifically, in the eastern region, DAPC positively contributes to RAM, with notable spatial spillover effects. This can be attributed to the region's well-developed infrastructure, high market integration, and the collaborative and interconnected digital circulation systems, factors which create a conducive environment for agricultural advancement. The eastern provinces also benefit from early adoption of e-commerce platforms and strong rural-urban linkages, which facilitate knowledge and technology diffusion.

In the central region, digitalization has also promoted RAM; the positive effect is even stronger than in the eastern region. However, the spatial spillover effect is negative, suggesting that digital gains may be internalized rather than shared. This may reflect competitive dynamics, whereby resource-rich provinces absorb regional talent and capital, impeding positive externalities. The central region has a large agricultural base, and there is an ongoing transition from traditional to digital supply chains, meaning that the benefits are unevenly distributed and less portable across neighboring areas.

In contrast, in the western region, the impact of digitalization on RAM is statistically insignificant, as is the spatial spillover effect. Lagging digital infrastructure, fragmented distribution channels, and low adoption rates among rural producers may be the causes of this result. Infrastructural constraints – such as limited broadband coverage, poor transportation networks, and inadequate logistics – create barriers to fully realizing the benefits of digital transformation. In addition, competition for limited digital resources may lead to a “siphoning effect,” whereby advanced neighboring regions attract investment and talent, thereby reinforcing regional disparities. A spatial clustering analysis confirms this pattern, with western provinces exhibiting “low-low” spatial clusters, indicating that regions with lower levels of digitalization and agricultural modernization tend to be surrounded by similarly underperforming areas. This spatial autocorrelation suggests not only endogenous developmental constraints but also a lack of positive externalities from adjacent provinces.

As emphasized by Mohammed et al. (2025), the transformative effect of technology in rural areas is highly contingent on localized socioeconomic and infrastructural contexts. Therefore, the observed spatial structure reinforces the presence of a regional development trap, in which both internal limitations and external siphoning effects hinder the diffusion of digital transformation. These findings support Hypothesis 3, thereby highlighting the necessity of region-specific digitalization policies that address infrastructural and institutional bottlenecks.




5 Conclusion and discussion

This study investigates the relationship between the digitalization of the agricultural product circulation (DAPC) and rural agricultural modernization (RAM) across 30 provincial regions in China, using data from 2012 to 2023. By developing two composite indices and employing a spatial Durbin model, this study provides a nuanced and regionally differentiated understanding of these dynamics.

The study's findings reveal several key insights, as follows:

(1) Digitalization significantly enhances RAM, with positive spatial spillover effects. Provinces with more advanced digital circulation systems not only benefit locally, but they also exert influence on neighboring regions, highlighting the systemic nature of digital transformation in agriculture.

(2) The impact of digitalization is mediated by green innovation and industrial structure upgrading. These two mechanisms serve as critical channels linking digital progress to sustainable agricultural modernization.

Considerable regional heterogeneity exists in the effects of digitalization. While the eastern region benefits from strong direct and spillover effects, the central region experiences strong internal gains but negative external spillovers. In contrast, the results in the western region are insignificant, suggesting structural and institutional limitations.

To address the uneven impact of digitalization, regionally tailored strategies are essential. Specifically:

For regions experiencing negative spillovers, to reduce competitive exclusion, policies should be implemented that foster inter-regional collaboration, such as digital infrastructure sharing and inter-provincial logistics integration.

For digitally underdeveloped areas, targeted public investment is needed to improve broadband access, e-commerce training, and rural logistics infrastructure. Such developments can help alleviate the “siphoning effect” and enable inclusive participation in digital agricultural networks.

For less developed provinces, national-level frameworks should also support data standardization, platform interoperability, and talent retention programs.

While this study focuses on the supply and distribution side of agricultural modernization, achieving true sustainability also requires attention to demand-side factors, especially cultural and generational influences on food choices. Recent studies (Cisternas et al., 2024) have shown that generational cohorts and cultural norms play a pivotal role in shaping consumer acceptance of digitally marketed or sustainably produced agricultural products. In the context of rural e-commerce, younger consumers are more likely to embrace digital platforms for purchasing sustainable food. Conversely, older generations may exhibit lower trust or digital literacy. Recognizing these socio-cultural dynamics is crucial for maximizing the market potential and social acceptance of digitalized agricultural supply chains.

Compared with existing literature, this study offers several novel contributions. First, while prior works (Lu et al., 2024; Sun, 2022) have examined digitalization and green transformation in isolation, this study proposes an integrated analytical framework linking digital circulation, green innovation, and spatial spillovers. The development of RAMDI and DAPCI also offers a replicable, multi-dimensional approach to measurement, thereby advancing both methodological rigor and practical utility.

Nevertheless, some limitations remain. The proxies for green innovation (e.g., invention patents) used in this study may not fully reflect the ecological quality of innovations. The analysis is also confined to the Chinese context, which may limit the findings' generalizability. Future research could further explore demand-side behavior, including digital trust, generational technology adoption, and consumer preferences for sustainability, to complement the supply-side focus of the current work.
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