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Introduction: This study investigates how the digital economy drives rural revitalization in China through technological progress. With the rapid growth of China’s digital economy, understanding its role in promoting rural revitalization has become increasingly important. This study explores the mechanisms through which digital development contributes to rural revitalization, emphasizing the mediating role of agricultural technological progress.

Methods: Using panel data from 281 prefecture-level and above cities from 2011 to 2021, both static and dynamic econometric models are constructed to evaluate the effects of digital economy development. Agricultural technological progress—including general progress, frontier innovation, and pure technical efficiency—is incorporated as both a moderating and threshold variable.

Results: The results indicate that the digital economy significantly promotes rural revitalization, exhibiting clear spatial and temporal heterogeneity. Among the three dimensions of technological progress, improvements in pure technical efficiency exert the strongest positive effect. Furthermore, threshold analysis shows that as technical efficiency improves, the positive influence of the digital economy intensifies, whereas the effect weakens when general or frontier technological advancement reaches higher levels.

Discussion: These findings highlight the crucial role of agricultural technological efficiency in amplifying the benefits of digitalization for rural development. To maximize the digital dividends, policymakers should focus on strengthening rural digital infrastructure, promoting the integration of digital tools with agricultural technologies, and designing differentiated policy interventions tailored to the stages of technological development.
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1 Introduction

The deep integration of digital technology into the rural and agricultural sectors has become a core driving force for China’s Rural Revitalization Strategy. As emphasized by the 20th National Congress of the Communist Party of China, achieving comprehensive rural revitalization—encompassing the goals of prosperous industry, an eco-friendly and livable environment, a civilized rural ethos, effective governance, and affluent living standards—is a key pathway to addressing the imbalance in urban–rural development and unleashing the potential of rural areas (Shi and Yang, 2022; Zhou et al., 2025a). However, China’s agriculture currently faces structural contradictions such as low production efficiency, the outflow of rural labor, and insufficient educational levels among farmers, which severely restrict the upgrading of rural industries and the realization of farmers’ income growth (Li L. et al., 2022; Karine, 2021). For instance, according to the National Bureau of Statistics of China (2022), the per capita disposable income of rural residents was only 20,133 yuan in 2022, less than half of the 49,283 yuan for urban residents. In addition, FAO and OECD (2021) reports that the average agricultural labor productivity in China is still only about 40% of the OECD average, highlighting the urgent need for digital-driven transformation. The digital economy, by optimizing the efficiency of resource allocation, expanding market space, and stimulating innovative vitality, provides a transformative pathway to break through these bottlenecks (Liu et al., 2024; Kaushik and Rajwanshi, 2023).

With the rapid development of the digital economy, scholars widely agree that it is one of the key factors driving rural revitalization. Tian et al. (2023) argue that the digital economy plays a role by expanding the production potential of rural industries, enhancing the supply of products and services, reducing information imbalance, and improving product quality and safety. Liu et al. (2022) believe that the development of the digital economy helps reduce production and transaction costs, lower product prices, stabilize production expectations, smooth sales channels, and optimize the development environment for rural industries. Guo and Lyu (2024) further suggest that the main approaches to promoting rural industrial revitalization encompass two aspects: “Agriculture+” and “Digital+” “Agriculture+” focuses on the digital transformation of agriculture, while “Digital+” emphasizes the widespread application of digital technologies in rural industries. According to the China Academy of Information and Communications Technology (Jiang and Murmann, 2022), the scale of China’s digital economy reached 50.2 trillion yuan in 2022, accounting for 41.5% of GDP, with rural e-commerce transactions alone exceeding 2.2 trillion yuan. These data demonstrate the substantial economic weight of the digital economy and its potential to stimulate rural revitalization. Thus, the development of the digital economy not only becomes a new economic growth point but also a key support for transforming and upgrading traditional industries, providing strong backing for rural revitalization.

The digital economy has increasingly been recognized as a crucial driver of rural transformation. Existing studies show that it reduces transaction costs, expands market access, and fosters agricultural modernization (Liu et al., 2025; Zhang et al., 2023; Liu et al., 2022). At the same time, rural revitalization strategies emphasize the role of digital tools in narrowing the urban–rural gap and upgrading rural industries (Guo and Lyu, 2024; Han et al., 2023). Beyond the Chinese context, international research also provides valuable insights. For instance, Coggins et al. (2022) report that digital platforms in India improved farmers’ bargaining power by reducing intermediary dependence, while Aker and Ksoll (2016) and Suri and Jack (2016) highlight how mobile money and ICT tools in Sub-Saharan Africa lowered transaction costs and enhanced financial inclusion. Similarly, Puntel et al. (2022) documents how digital agriculture in Latin America enhanced supply chain efficiency, and Ding et al. (2022) finds that digital advisory services in developing countries accelerated smallholders’ technology adoption. In parallel, emerging literature shows that digital infrastructure construction contributes to enterprise green transformation by facilitating eco-innovation and reducing carbon intensity (Wang et al., 2024; Yang et al., 2023; Zhou et al., 2025b).

In addition, scholars have explored the impact of agricultural technological progress on rural revitalization. Gollin (2010), using provincial panel data, points out that agricultural technological progress is crucial for economic development by improving resource allocation strategies and focusing on industrial innovation, thus promoting rural revitalization. Yin et al. (2022) qualitatively analyze the driving role of precise technological supply for rural revitalization from multiple dimensions, including practical necessity, the era’s foundation, practical execution paths, and mechanism guarantees. Zhu et al. (2019), through calculations based on provincial-level data, conclude that the development of informatization can improve agricultural total factor productivity, mainly driven by improvements in agricultural technical efficiency. Liu et al. (2020), through empirical research find that the Internet significantly promotes agricultural total factor productivity, agricultural frontier technology progress, and pure technical efficiency. Therefore, technological progress plays a crucial role in the development of rural revitalization and the digital economy, and it is an important means of achieving these strategic goals.

While existing studies have acknowledged the critical role of the digital economy in rural transformation, they are still subject to three limitations. First, most studies focus on generalized discussions at the macro level, lacking an in-depth deconstruction of the specific pathways through which digital technology empowers rural revitalization. Second, few studies incorporate agricultural technological progress into the analytical framework of the digital-rural nexus, and empirical verification is insufficient. Third, the research scale is overly macroscopic, with provincial-level data failing to capture the differentiated policy needs at the county level. Although this paper focuses on China, its framework and findings can serve as a valuable reference for other developing countries that are undergoing similar rural digitalization and modernization processes.

This study integrates the theories of network externalities, human capital, and threshold effects to systematically analyze the dynamic interlinkages among digital economic development, agricultural technological progress, and rural revitalization. Based on panel data from 281 prefecture-level and above cities in China during the period of 2011–2021, we construct a rural revitalization evaluation system encompassing five dimensions: prosperous industry, eco-friendly and livable environment, civilized rural ethos, effective governance, and affluent living standards. The entropy method is employed for the synthesis of multiple indicators. In terms of methodology, this study innovatively combines the DEA-Malmquist index to decompose the types of agricultural technological progress. The dynamic panel model (SYS-GMM) is utilized to capture the lagged effects, and threshold regression is employed to reveal the critical threshold of technical efficiency.

The contributions of this study are threefold. First, at the methodological level, prior studies have mostly relied on provincial-level indicators or single-index measurements of digital economy development, which cannot fully capture the spatial heterogeneity of digital empowerment at finer scales. In contrast, this study is the first to apply the entropy-TOPSIS composite weighting method to construct a city-level digital economy index, and it further integrates the DEA-Malmquist index to decompose agricultural technological progress. This cross-scale integrated approach bridges the macro-level digitalization process with micro-level agricultural technical efficiency, offering a methodological innovation that overcomes the limitations of earlier macro-only analyses.

Second, at the theoretical level, existing literature has generally confirmed the positive role of the digital economy and agricultural technological progress in rural revitalization, but it has often assumed linear or homogeneous effects, overlooking potential nonlinearity and threshold characteristics. By revealing the nonlinear moderating mechanism of agricultural technical efficiency on the release of digital dividends—and identifying a significant double-threshold effect—this study goes beyond prior research (Xie et al., 2024) that only examined direct or linear effects. In doing so, it provides fresh empirical evidence for the theory of technology–economy synergy and enriches theoretical understanding of how efficiency improvements condition digital dividends.

Third, at the policy level, previous work has highlighted the overall benefits of digital technology for agriculture (Han et al., 2023; Meng, 2024), but has not offered concrete analytical frameworks to guide differentiated policy responses. By identifying spatiotemporal heterogeneity in the empowerment effects of digital technology and proposing a dynamic matching strategy of "technical efficiency threshold—policy response intensity,” this study moves beyond descriptive assessments and delivers a quantifiable decision-making framework. This framework directly addresses the policy gap in tailoring digital strategies to regional conditions, thereby strengthening the practical and managerial contributions of the research.

The remainder of this paper is organized as follows. Section 2 presents the theoretical analysis and the development of research hypotheses. Section 3 describes the research methodology, including sample selection, authoritative data sources, and model specification. Section 4 reports the regression results and conducts robustness tests, endogeneity tests, heterogeneity analyses, and threshold effect tests. Section 5 discusses the findings and provides policy recommendations. Section 6 concludes the paper and highlights its limitations. The overall research design and analytical framework are illustrated in Figure 1 (technical roadmap).
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FIGURE 1
 Research technical roadmap.




2 Theoretical analysis and research hypothesis


2.1 The impact of digital economy on rural revitalization

In the current economic environment, the digital economy has become a key force driving global economic growth (Zhang et al., 2022). The digital economy is primarily built on the foundation of digital information and communication technologies, including the internet, big data, and other technological fields (Li J. et al., 2022). These technologies not only transform the way traditional industries operate but also open up new pathways for rural revitalization.

From the perspective of network externality theory, the rise of the digital economy has greatly facilitated the sharing of information and resources in rural areas, significantly enhancing access to market information, technical support, and policy guidance, which is key to improving agricultural productivity and market value, thus driving income growth (Shen et al., 2023). By accessing online platforms, farmers not only gain exposure to e-commerce, online education, and social media resources, achieving knowledge sharing and skill enhancement, but also increase market transparency and improve resource allocation efficiency (Brodny and Tutak, 2022). As more farmers join these platforms, the network effect continues to strengthen, promoting the overall development of agricultural communities (Xu and Wang, 2022). Strategies such as direct sales of agricultural products to consumers and the adoption of new technologies to improve production quality all benefit from the network externalities induced by the digital economy, providing solid technical support and market momentum for rural revitalization (Shamin et al., 2019).

Based on human capital theory, improving farmers’ skills and knowledge levels is crucial, playing a core role in enhancing productivity and creating higher added value (Ji et al., 2024). Through educational and training platforms, the digital economy opens up pathways to improve farmers’ skills and knowledge, which are vital for enhancing their labor productivity and innovation capabilities (Kuang et al., 2025; Sun et al., 2025). These platforms enable farmers to master the latest agricultural technologies, management knowledge, and market trends, not only improving agricultural productivity and product quality but also fostering innovation in agricultural production models (Cui and Li, 2025). As farmers’ skills and knowledge levels improve, they can better utilize resources, develop new products and services, and create additional income opportunities (Taylor and Bhasme, 2025). Therefore, the digital economy not only promotes agricultural productivity and value-added growth but, through the enhancement of human capital, also opens new income channels for farmers, providing strong talent support and innovation-driven momentum for the implementation of rural revitalization strategies (Xiong et al., 2022). Thus, by integrating the perspectives of network externality theory and human capital theory, we can explain both the external impetus of digital connectivity and the internal absorptive capacity of farmers. This lays the foundation for understanding how digital forces initiate the process of rural revitalization, which will be further examined through the moderating and threshold mechanisms discussed in the following sections.

Through the above analysis, by combining network externality theory and human capital theory, we can more comprehensively understand the role mechanisms of the digital economy in agricultural productivity, value addition, and income growth. This impact is not only reflected in direct economic benefits but also in the overall development of rural areas and the improvement of farmers’ quality of life.


Hypothesis 1 (H1): The Digital Economy Can Promote Rural Revitalization.




2.2 The positive moderating effect of agricultural technological progress on the digital economy’s promotion of rural revitalization

Agricultural technological progress can be broadly categorized into three dimensions: broad progress, referring to improvements in traditional technologies such as planting methods, soil management, and mechanization; frontier progress, encompassing cutting-edge innovations including biotechnology, artificial intelligence, the Internet of Things (IoT), and big data; and technical efficiency, which reflects the gap between actual output and the optimal production frontier, capturing both management efficiency and resource allocation efficiency (Kijek et al., 2016; Zheng et al., 2023). Together, these dimensions represent the evolution of technology and the effectiveness of its application, each contributing to agricultural modernization, productivity growth, and income enhancement (Zhan et al., 2025).

In the context of the digital economy, these three dimensions reinforce one another and jointly moderate the process of rural revitalization. Broad progress upgrades traditional agricultural practices—such as refining planting methods, improving soil management, and modernizing machinery—and, when integrated with digital tools like data-driven decision support systems, further enhances productivity and competitiveness (Hamdan et al., 2022; Ruzzante et al., 2021). Frontier progress introduces advanced digital and biological innovations that enable precision irrigation, pest monitoring, and intelligent resource management, thereby opening new growth points for rural development (Aziz et al., 2025; Tetteh Anang et al., 2020). Technical efficiency ensures that both traditional and frontier technologies are effectively absorbed and utilized, with digital platforms improving measurement, allocation, and sustainability across agricultural systems (Majumdar et al., 2017).

In conclusion, agricultural technological progress—through broad advances, frontier innovations, and efficiency improvements—amplifies the positive effects of the digital economy on rural revitalization. It strengthens network externalities by improving connectivity and efficiency, enhances human capital by fostering the absorptive capacity of farmers, and accelerates the diffusion of innovations. When combined, these dynamics provide robust support and vast development opportunities for rural revitalization. The conceptual framework illustrating these mechanisms is presented in Figure 2.
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FIGURE 2
 The impact path of digital economy on rural revitalization.



Hypothesis 2 (H2): Broad Agricultural Technological Progress Has a Positive Moderating Effect on the Digital Economy’s Promotion of Rural Revitalization.
Hypothesis 3 (H3): Frontier Agricultural Technological Progress Has a Positive Moderating Effect on the Digital Economy’s Promotion of Rural Revitalization.
Hypothesis 4 (H4): Improvements in Agricultural Technical Efficiency Have a Positive Moderating Effect on the Digital Economy’s Promotion of Rural Revitalization.




2.3 The threshold effect of agricultural technological progress in the digital economy’s promotion of rural revitalization

The threshold effect refers to the phenomenon where the impact of a factor (such as technological progress) on another factor (such as rural revitalization) is not linear but becomes more significant once a critical point is reached (Ali et al., 2023). According to Rogers’ (1976) theory of “Diffusion of Innovations,” the adoption of new technologies follows a gradual process from early adopters to laggards. Only when the “critical mass” is reached does the diffusion accelerate, thereby amplifying the overall impact. In this sense, agricultural technological progress—whether in the form of broad advances, frontier innovations, or technical efficiency—may display threshold effects in the digital economy’s promotion of rural revitalization.

For instance, broad progress in areas such as crop cultivation, soil management, and mechanization provides the foundation for rural development. Yet, its integration with digital tools (e.g., data analytics, cloud computing, IoT) often requires a certain level of digital infrastructure and farmer literacy; below that threshold, its impact remains limited, but once surpassed, efficiency gains and competitiveness rise rapidly (Koutridi and Christopoulou, 2023; Anastasiadis et al., 2018). Similarly, frontier progress such as biotechnology, smart systems, and precision agriculture requires sufficient financial investment, technical expertise, and supportive institutions. Its benefits—such as higher yields and resilience—become fully realized only after regions attain a threshold level of economic and human capital development (Karunathilake et al., 2023). Finally, technical efficiency depends on farmers’ capacity to utilize existing technologies effectively. In the digital context, improvements in efficiency may be modest until knowledge, adaptability, and market responsiveness reach adequate levels, after which precision technologies (e.g., targeted irrigation, fertilization) significantly boost productivity and sustainability (Deichmann et al., 2016).

Therefore, drawing on diffusion theory, agricultural technological progress in all three dimensions is subject to threshold effects: only when human capital and network externalities accumulate beyond certain levels can the digital economy unleash its full potential for rural revitalization. This theoretical integration provides the basis for Hypotheses 5–7.


Hypothesis 5 (H5): There is a threshold effect in the impact of broad agricultural technological progress on rural revitalization in the context of the digital economy.
Hypothesis 6 (H6): There is a threshold effect in the impact of frontier agricultural technological progress on rural revitalization in the context of the digital economy.
Hypothesis 7 (H7): There is a threshold effect in the impact of improvements in agricultural technical efficiency on rural revitalization in the context of the digital economy.





3 Materials and methods


3.1 Data sources

To ensure the scientific validity and reliability of the data, this study excluded cities with significant missing data. Ultimately, 281 prefecture-level and above cities in China from 2011 to 2021 were selected. The main data sources for this study include the China Statistical Yearbook, the China City Statistical Yearbook, prefecture-level city statistical yearbooks, and statistical bulletins. For some missing data, this study used linear interpolation to fill in the gaps (National Bureau of Statistics of China: https://www.stats.gov.cn/sj/ndsj/).

While these official statistical yearbooks provide authoritative data, potential biases may still exist. First, regional differences in statistical reporting may introduce inconsistencies: economically developed eastern cities often have more complete and accurate reporting systems than central and western regions, which may influence the comparability of indicators across regions. Second, the use of linear interpolation for missing values, although widely adopted in empirical studies, may fail to capture sudden structural changes or regional shocks, thereby introducing measurement error. Third, indicator construction relies on official classifications and definitions, which may not fully reflect the dynamic and diverse realities of local digital economy development or agricultural practices.

To mitigate these issues, this study adopts several strategies. We excluded cities with severe data deficiencies to reduce systematic bias. Multiple data sources were cross-checked to improve reliability, and robustness tests were conducted to assess whether the interpolation treatment materially affects the results. Moreover, when interpreting the findings, we exercise caution by acknowledging that the results may partly reflect differences in statistical capacity and reporting standards rather than pure economic phenomena. These considerations enhance the transparency of the research and provide a more balanced understanding of the empirical results.



3.2 Data processing and model specification


3.2.1 Data processing

This study uses the entropy method to process the data on the level of digital economy development and rural revitalization. Technological progress is measured using the DEA-Malmquist index method, and the comprehensive index obtained is used as the data for the empirical research.



3.2.2 Model specification

In order to study the impact of digital economy on rural revitalization, this paper refers to the studies of Tian et al. (2022) and Shen et al. (2023). The benchmark regression model constructed in this paper is as follows (Equation 1):
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In the equation, i and t represent provinces and time periods, respectively; Digitalit and Ruralit represent the levels of digital economy development and rural revitalization, respectively. Here, a0 is the constant term, and a1 represents the coefficient of the digital economy variable. Controlit represents a series of control variables, while 

μ
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indicates the unobserved regional effects, and εit represents the random error term of the model.

To reduce estimation bias caused by omitted variables and considering that rural revitalization may be related to historical factors, this study adds the first-order lag term of the explained variable (i.e., digital economy) to the original model (1), thus constructing the following dynamic panel model (Equation 2):
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In the equation, 
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 represents the constant term; Ruralit-1 is the lagged value of rural revitalization, with the corresponding regression coefficient denoted as 
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To explore the moderating effect of technological progress in the relationship between digital economy and rural revitalization, the levels of digital economy development, broad technological progress, narrow technological progress, and pure technical efficiency are centered, resulting in c_digital, c_bstech, c_nstech, and c_putech. Then, broad technological progress, narrow technological progress, and pure technical efficiency are taken as moderating variables. The moderating effect model constructed in this study is as follows (Equations 3–5):
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3.3 Selection and measurement of variables


3.3.1 Dependent variable

The outcome variable was rural revitalization. This study adopts rural revitalization as the core outcome variable, consistent with the “Rural Revitalization Strategic Plan (2018–2022)” issued by the Chinese government, which emphasizes comprehensive and balanced development in five key areas: prosperous industries, eco-friendly living, civilized rural culture, effective governance, and prosperous livelihoods. These five dimensions reflect both the economic and social goals of rural transformation and have been widely recognized in academic studies as the essential components of sustainable rural development (Yang et al., 2022; Geng et al., 2024).

To scientifically assess the progress of rural revitalization, this research builds upon existing empirical frameworks (Zhu et al., 2022; Xiong et al., 2024) and constructs a comprehensive evaluation index system. Specifically, rural revitalization is decomposed into five subsystems—prosperous industries, eco-friendly living, civilized rural culture, effective governance, and prosperous livelihoods—which are further refined into 23 measurable indicators. These indicators were selected because they capture both economic vitality (industrial growth, income levels), ecological sustainability (environmental quality, green practices), social and cultural development (education, cultural participation), institutional capacity (public services, governance efficiency), and quality of life (income distribution, health, and welfare).

The selection of these indicators is theoretically grounded in the sustainable development framework, which highlights the integration of economic, social, and environmental dimensions (WCED, 1987), and in rural development theories that emphasize endogenous growth and institutional support (Ellis and Biggs, 2001). By incorporating these dimensions into a unified index system, this study ensures that rural revitalization is measured not only in terms of economic growth but also in terms of social equity, ecological balance, and institutional effectiveness.



3.3.2 Independent variable

The independent variable was Digital Economy Development Level (digital). To measure the level of digital economy development at the city level, this study builds on the framework of Xiong et al. (2024) and adopts a multidimensional evaluation system that reflects the key drivers of digital transformation. Specifically, the indicators are grouped into three dimensions: digital infrastructure, digital industrial development, and digital inclusive finance.

First, digital infrastructure is considered the foundation of digital economy development. Following the “infrastructure-led development” view in digital economy theory (Agénor, 2010), we measure residents’ acceptance and accessibility of digital technology using the internet penetration rate and mobile phone penetration rate, proxied by the number of internet users and mobile phone users per 100 people. These indicators are widely applied in empirical studies on digital economy and rural development.

Second, digital industrial development reflects the depth of digital technology integration into economic activities. According to the industrial upgrading and digital transformation literature (Sun and Li, 2024), telecom business output and the proportion of employment in digital-related industries (i.e., information transmission, computer services, and software) are important indicators of a region’s digital industrial capacity. Therefore, this study uses per capita telecom business output and the share of employees in related industries to capture the structural role of the digital economy.

Third, digital inclusive finance captures the extent to which digital financial services improve access to credit, payments, and investments, particularly in rural and underserved areas. Prior research (Wang and Fu, 2022; Gomber et al., 2018) has emphasized that inclusive digital finance promotes financial equity and supports small-scale producers and households. For this dimension, we adopt the China Digital Inclusive Finance Index developed by Peking University’s Digital Finance Research Center and Ant Group, which measures service coverage, usage depth, and digitalization level.

Finally, to avoid subjective bias in weighting and ensure robust comparability, the entropy method is employed to determine the weights of each indicator, following established practice in multidimensional index construction (Shannon, 1948; Li, 2024). This allows for an objective and comprehensive assessment of the digital economy development level across cities.



3.3.3 Moderating variable

The moderating variable was technological progress. Peng and Gao (2023), who used the output-oriented DEA-Malmquist index method based on variable returns to scale to measure the growth and decomposition of agricultural technological progress, this study categorizes it into broad agricultural technological progress (bstech), frontier agricultural technological progress (nstech), and pure technical efficiency (putech). In terms of output, the selection of variables is as follows: the total output value of agriculture, forestry, animal husbandry, and fishery is used to represent output; labor input is represented by the number of employees in agriculture, forestry, animal husbandry, and fishery; agricultural machinery input is measured by the per capita total agricultural machinery horsepower; land input is reflected by the total sown area of crops; and the fertilizer input indicator is the amount of pesticide and fertilizer applied.

While the Malmquist index decomposition provides a static and descriptive understanding of changes in productivity, efficiency, and technological progress, it does not by itself capture the dynamic mechanisms through which the digital economy and agricultural technological progress jointly influence rural revitalization. In particular, the Malmquist index is suitable for measuring performance changes, but it cannot fully address issues such as reverse causality or the temporal persistence of rural development outcomes. In order to move beyond descriptive measurement and rigorously test the causal relationships implied in our theoretical framework, it is therefore necessary to construct an econometric model. Specifically, the System-GMM (SYS-GMM) approach is adopted because it can effectively address potential endogeneity, incorporate lagged dependent variables to reflect dynamic adjustment processes, and control for unobserved heterogeneity across regions. By first using the Malmquist index to build a solid measurement foundation, and then applying SYS-GMM to test the theoretical hypotheses, our empirical strategy forms a coherent analytical chain. This methodological transition ensures that the empirical analysis is not only grounded in robust measurement (via the Malmquist index) but also capable of identifying the dynamic effects of the digital economy on rural revitalization.



3.3.4 Control variables

To deeply analyze the impact of digital economy development on rural revitalization, this study also considers other factors that may affect rural revitalization. Based on the research of seven control variables are selected: (1) Infrastructure construction (Infra), measured by per capita road area. (2) Education level (Edu), measured by the average years of education of rural residents. (3) Industrial structure (Struc), calculated by the proportion of the tertiary sector’s added value in regional GDP. (4) Urbanization level (City), measured by the urbanization rate. (5) Government intervention (Gov), indicated by the proportion of local fiscal expenditure in GDP. (6) Trade openness (Trade), measured by the proportion of total imports and exports in GDP. (7) Population density (people), calculated by the ratio of regional population to regional area. The descriptive characteristics of these variables are shown in Table 1.


TABLE 1 Variable definition and indicator design.


	Variable type
	Primary indicator
	Secondary indicator
	Tertiary indicator
	Unit

 

 	 	 	Industrial prosperity 	Comprehensive grain production capacity 	Ten Thousand Tons


 	 	 	Agricultural labor productivity 	Yuan per Person


 	 	 	Business revenue of large-scale agricultural product processing enterprises 	Hundred Million Yuan


 	 	 	Ecological livability 	Comprehensive utilization rate of livestock and poultry manure 	%


 	 	 	Percentage of administrative villages with sewage treatment 	%


 	 	 	Percentage of administrative villages with waste treatment 	%


 	 	 	Sanitary toilet penetration rate 	%


 	 	 	Rural greening rate 	%


 	 	 	Rural culture 	Proportion of rural residents’ education, culture, and entertainment expenditure 	%


 	 	 	Proportion of full-time teachers with a bachelor’s degree or higher in rural compulsory education schools 	%


 	Outcome variable 	Rural revitalization (rural) 	Percentage of administrative villages with broadband internet access 	%


 	 	 	Number of rural cultural stations 	Piece


 	 	 	Effective governance 	Percentage of village directors and party secretaries holding both positions 	%


 	 	 	Percentage of administrative villages with village planning 	%


 	 	 	Percentage of administrative villages with village renovation 	%


 	 	 	Prosperous living 	Per Capita net income of farmers 	Piece


 	 	 	Growth rate of Per Capita income of farmers 	%


 	 	 	Urban–rural income ratio 	%


 	 	 	Engel’s coefficient of rural residents 	%


 	 	 	Number of cars per 100 households 	Vehicle


 	 	 	Per Capita housing area of rural residents 	%


 	 	 	Access to safe drinking water 	%


 	 	 	Village road hardening rate 	%


 	 	 	Number of health technicians per 1,000 rural residents 	Person


 	 	 	Digital economy infrastructure 	Internet users per 100 people 	Household


 	 	 	Mobile phone users per 100 people 	Household


 	Independent variable 	Digital economy development level (digital) 	Digital industry development 	Per Capita Telecommunication Business Volume 	Yuan


 	Proportion of employment in information transmission, computer services, and software industries 	%


 	 	 	Digital inclusive finance 	Digital inclusive finance coverage index 	


 	 	 	Digital inclusive finance usage depth index 	


 	 	 	Digital inclusive finance digitalization index 	


 	 	 	Broad agricultural technological progress 	Calculated based on DEA-Malmquist index method 	


 	Moderating variable 	Technological progress 	Frontier agricultural technological progress 	Calculated based on DEA-Malmquist index method 	


 	 	 	Pure technical efficiency 	Calculated based on DEA-Malmquist index method 	


 	 	 	Infrastructure construction 	Per Capita road area 	Person per Square Meter


 	 	 	Education level 	Average years of education of rural residents 	Year


 	 	 	Industrial structure 	Tertiary industry added value/regional GDP 	%


 	Control variables 	 	Urbanization level 	Urbanization rate 	%


 	 	 	Government intervention 	Proportion of local government budget expenditure to GDP 	%


 	 	 	Trade openness 	Proportion of import and export volume to GDP 	%


 	 	 	Population density 	Population per unit area 	%




 

According to the descriptive statistical results presented in Table 2, significant regional disparities are observed across the variables. Specifically, variables such as rural revitalization (Rural) and digital economy development level (Digital) exhibit relatively low mean values of 0.402 and 0.401, respectively, coupled with large standard deviations, indicating considerable variation in development across regions. In contrast, agricultural technological progress (Bstech and Nstech) and pure technical efficiency (Putech) display smaller standard deviations, suggesting more balanced development and smaller regional differences in these areas. Infrastructure construction (Infra) and industrial structure (Struc) have higher mean values, 5.578 and 2.272, respectively, reflecting relatively well-developed infrastructure and industrial systems in certain regions. On the other hand, education level (Edu) and urbanization level (City) show large standard deviations, indicating substantial regional differences in these dimensions. Government intervention (Gov) and trade openness (Trade) exhibit relatively low mean values, with small standard deviations, implying that most regions experience low levels of government intervention and trade openness with limited variation. Finally, population density (people) shows a high standard deviation of 0.929, indicating significant disparities, with some regions experiencing high population densities while others are relatively sparse.


TABLE 2 Descriptive statistical analysis of variables.


	Variable
	Variable code
	Average value
	Standard deviation
	Minimum
	Maximum

 

 	Rural revitalization 	Rural 	0.402 	0.155 	0.015 	0.970


 	Digital economy development level 	Digital 	0.401 	0.136 	0.003 	0.960


 	Broad agricultural technological progress 	Bstech 	1.004 	0.073 	0.803 	1.852


 	Frontier agricultural technological progress 	Nstech 	1.001 	0.068 	0.813 	1.226


 	Pure technical efficiency 	Putech 	1.003 	0.034 	0.900 	1.852


 	Infrastructure construction 	Infra 	5.578 	0.422 	3.943 	6.525


 	Education level 	Edu 	2.179 	0.729 	0.375 	5.404


 	Industrial structure 	Struc 	0.424 	0.096 	0.144 	0.805


 	Urbanization level 	City 	0.555 	0.146 	0.182 	1.049


 	Government intervention 	Gov 	0.213 	0.129 	0.003 	2.267


 	Trade openness 	Trade 	0.170 	0.275 	0.000 	2.491


 	Population density 	People 	5.723 	0.929 	1.629 	10.249




 





4 Empirical tests and analysis of results


4.1 Analysis of baseline test results

This study employs F-test, LM test, and Hausman test for a comprehensive evaluation. The F-test, LM test, and Hausman test all reject the null hypothesis at the 1% significance level. Based on this, the study selects the Fixed Effects (FE) method for model estimation. Additionally, heteroscedasticity (Wald test) and autocorrelation (Wooldridge test) are tested for the estimated model. The p-values for both tests are 0.0000, strongly rejecting the null hypothesis, which indicates the presence of significant heteroscedasticity and autocorrelation in the model. As a result, the model is re-estimated using the PCSE (Panel-Corrected Standard Errors) and FGLS (Feasible Generalized Least Squares) methods. For the dynamic panel model estimation, the SYS-GMM (System Generalized Method of Moments) method is employed.

The estimation results are presented in Table 3. Based on the data presented in Table 3, we observe that the model fit for Model (1) and Model (2), estimated using the Fixed Effects (FE) method and Panel-Corrected Standard Errors (PCSE) method, are 0.494 and 0.962, respectively. This suggests that the overall model fit is relatively high, providing strong reliability for our estimation results. In Model (3), estimated using the Generalized Least Squares (FGLS) method, the Wald statistic is validated at the 1% significance level, further confirming the reasonableness of the model specification and the reliability of the results. In Model (4), estimated using the System Generalized Method of Moments (SYS-GMM), we note that the residuals after first-differencing did not show second-order serial correlation in the AR(2) test. Additionally, the p-value for the Hansen test exceeded 0.1, indicating the validity of the chosen instrumental variables. To further ensure that the SYS-GMM results are reliable, we carefully addressed the issue of instrument proliferation: the instrument count was restricted so as not to exceed the number of cross-sectional units, instruments were collapsed, and the lag depth of the instrument matrix was limited. We also re-estimated the model using alternative instrument sets, and the results remain consistent across specifications. These additional steps confirm that the SYS-GMM estimation is not only free from second-order autocorrelation but also robust to alternative instrument choices, thereby strengthening the credibility of the conclusions.


TABLE 3 The baseline regression results.


	Variable
	FE
	PCSE
	FGLS
	SYS-GMM



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

 

 	Digital 	0.077*** (0.015) 	0.305*** (0.047) 	0.305*** (0.009) 	0.128*** (0.034)


 	Bstech 	0.163* (0.094) 	0.573*** (0.169) 	0.573*** (0.088) 	0.273** (0.204)


 	Nstech 	0.143 (0.094) 	0.555*** (0.169) 	0.555*** (0.089) 	0.247** (0.205)


 	Putech 	0.379*** (0.101) 	0.871*** (0.324) 	0.871*** (0.100) 	0.525** (0.214)


 	Infra 	0.001*** (0.000) 	0.001*** (0.000) 	0.001*** (0.000) 	0.001*** (0.000)


 	Edu 	0.050*** (0.004) 	0.078*** (0.006) 	0.078*** (0.005) 	0.064*** (0.007)


 	Struc 	−0.133*** (0.011) 	−0.120*** (0.021) 	−0.120*** (0.007) 	−0.246*** (0.038)


 	City 	−0.155*** (0.011) 	−0.111*** (0.020) 	−0.111*** (0.005) 	−0.203*** (0.049)


 	Gov 	0.013* (0.007) 	0.028*** (0.009) 	0.028*** (0.007) 	0.075*** (0.052)


 	Trade 	0.028*** (0.006) 	0.004** (0.003) 	0.004** (0.003) 	0.036* (0.022)


 	People 	0.011*** (0.003) 	0.002** (0.001) 	0.002*** (0.001) 	0.006** (0.008)


 	L.Rural 	 	 	 	0.090*** (0.024)


 	Constant 	0.668*** (0.101) 	0.861*** (0.325) 	0.861*** (0.101) 	0.643*** (0.212)


 	Wald value 	 	 	1368.51*** 	


 	AR(2) test 	 	 	 	0.929


 	Hansen test 	 	 	 	0.124


 	R-squared (R2) 	0.494 	0.962 	 	


 	Number of areas 	281 	281 	281 	281


 	Observation 	3,091 	3,091 	3,091 	2,810





***, **, * indicate significant at 1%, 5%, 10% levels of significance, respectively, and within () are standard errors.
 

Regarding the estimation results of the explanatory variables, the impact of digital economy (Digital) on rural revitalization is consistently positive and significant across all models (1) to (4), although the significance varies. This finding supports the hypothesis H1 of the study, confirming that digital economy plays a significant positive role in promoting rural revitalization. Furthermore, General Agricultural Technological Progress (Bstech), Agricultural Frontier Technological Progress (Nstech), and Pure Technical Efficiency (Putech) are all significant at the 10% level, indicating their positive contributions to rural revitalization, thus validating hypotheses H3, H4, and H5. Notably, from the perspective of significance coefficients, the improvement in pure technical efficiency has a greater impact on rural revitalization than general agricultural or frontier technological progress. This aligns not only with our theoretical analysis but also with the observed reality during the study period: during the sample period, China’s digital economy saw an upward trend, accompanied by improvements in rural revitalization levels, suggesting that the development of the digital economy facilitated rural revitalization. Additionally, general and frontier agricultural technological progress accelerated rural industrial upgrading and structural optimization by enhancing agricultural productivity and promoting agricultural modernization. Meanwhile, the improvement in pure technical efficiency directly contributed to increased rural productivity and management efficiency, leading to profound impacts on rural revitalization.

As for the control variables, the estimation results reveal that infrastructure development (Infra) has a significantly positive impact on rural revitalization at the 1% significance level. This suggests that good infrastructure, particularly in terms of transportation and roads, not only enhances rural accessibility and reduces logistics costs but also promotes efficient resource allocation and extensive market connectivity, significantly contributing to rural revitalization. Similarly, education level (Edu) demonstrates a positive impact on rural revitalization at the 1% significance level, suggesting that higher education levels are closely linked to enhanced innovation capabilities and increased productivity, which are crucial for boosting economic vitality and competitiveness in rural areas. Education not only provides necessary skills and knowledge but also fosters the adoption and application of new technologies, accelerating the modernization process in rural areas. Moreover, the degree of government intervention (Gov) has a significant positive effect on rural revitalization in Models (2) to (4) at the 1% significance level, indicating that government spending on infrastructure, public services, education, and health projects significantly improves the physical and social environment in rural areas, effectively stimulating local economic development and improving residents’ quality of life, thus providing strong support for rural revitalization. Additionally, trade openness (Trade) exhibits a positive impact at least at the 10% significance level, reflecting the broad market opportunities opened up for rural areas by participating in international trade. Through trade, rural areas can sell their agricultural products and handicrafts, thereby increasing income and improving living conditions. At the same time, higher population density (people) also shows a positive effect on rural revitalization at the 5% significance level, suggesting that densely populated areas possess abundant labor resources, which are conducive to improving productivity and promoting economic activity.

However, both industrial structure (Struc) and urbanization level (City) show negative effects on rural revitalization at the 1% significance level. As the tertiary sector increasingly dominates regional economies, labor and capital may flow from agriculture and rural areas to the service sector and urban areas. This resource shift may negatively impact traditional rural economies, lowering economic vitality in rural areas. Moreover, the acceleration of urbanization may lead to rural-to-urban migration, further weakening the economic potential of rural areas and possibly disrupting rural social structures and cultures. While these changes may have negative effects on rural revitalization in the short term, they might be part of the long-term transformation and modernization process of rural areas. Therefore, rural regions need to adapt to these changes by developing diversified economic activities and modernizing agriculture, thereby re-establishing their roles in the national economy.



4.2 Robustness check

To further ensure the robustness of the previous results, the following checks were performed in this study, as presented in Table 4.


TABLE 4 The baseline regression results.


	Variable
	Principal component analysis (PCA)
	Exclusion of provincial capital samples



	FE
	FGLS
	SYS-GMM
	FE
	FGLS
	SYS-GMM



	(5)
	(6)
	(7)
	(8)
	(9)
	(10)

 

 	Digital 	0.274*** (0.028) 	0.036* (0.019) 	0.148*** (0.051) 	0.073*** (0.015) 	0.317*** (0.010) 	0.155*** (0.029)


 	Control variables 	Controlled 	Controlled 	Controlled 	Controlled 	Controlled 	Controlled


 	Constant 	12.348*** (1.821) 	10.652*** (1.610) 	12.129*** (2.921) 	0.118 (0.130) 	0.124 (0.180) 	0.366* (0.192)


 	Wald value 	 	1947.15*** 	 	 	1754.55*** 	


 	AR(2) test 	 	 	0.572 	 	 	0.892


 	Hansen test 	 	 	0.146 	 	 	0.264


 	R-squared (R2) 	0.920 	 	 	0.536 	 	


 	Observation 	3,091 	3,091 	2,810 	2,780 	2,780 	2,502


 	Number of areas 	281 	281 	281 	252 	252 	252





***, * indicate signifcant at 1%, 10% levels of significance, respectively, and within () are standard errors.
 

First, we replaced the measurement methods for the core explanatory variables and the explained variables. Following the approach of Zhao et al. (2020), the levels of digital economy development and rural revitalization were re-measured. Unlike the entropy method used previously to determine the weights of the secondary indicators for digital economy development and rural revitalization, the robustness check adopted principal component analysis (PCA)—an objective method for weight distribution. This allowed for the reallocation of weights for the secondary indicators and the construction of new composite indices for both digital economy and rural revitalization.

Second, we excluded samples from provincial capitals and municipalities directly under the central government. This was because municipalities and provincial capitals, such as Beijing, Chongqing, Shanghai, and Tianjin, exhibit significant differences from other regions in terms of rural labor de-agriculturalization, agricultural economic development levels, agricultural policy support, and the speed of agricultural modernization. Therefore, this study further excluded samples from these regions, ultimately using the remaining 2,780 samples for parameter estimation.

The results of the robustness check indicated that digital economy development continues to have a significant positive impact on rural revitalization, thereby confirming the accuracy of the previous research findings.



4.3 Endogeneity test

According to existing academic research, there exists a potential bidirectional causal relationship between digital economy and rural revitalization. On the one hand, as an emerging economic model, the digital economy significantly promotes rural revitalization by expanding market access, optimizing information flow, and facilitating technology transfer and innovation. The application of digital technologies not only enhances agricultural productivity but also improves the business environment in rural areas, while also strengthening educational and healthcare services, thereby comprehensively enhancing the quality of life and economic welfare of rural residents. On the other hand, the process of rural revitalization may, in turn, stimulate the development of the digital economy. As infrastructure improves, education levels rise, and economic vitality increases in rural areas, the demand for and capacity to apply digital technologies also significantly strengthens. This trend not only accelerates the digitalization of rural regions but also creates favorable conditions for further development of the digital economy. However, this reciprocal causality could lead to endogeneity issues, potentially resulting in biased econometric findings. Therefore, a key task of this study is to address the endogeneity problem arising from this mutual causality, ensuring the accuracy and reliability of the results.

Drawing on the methodology of Chen et al. (2024), this study utilizes the lagged one-period and lagged three-period indicators of digital economy development level as instrumental variables and applies the two-stage least squares (2SLS) method for model estimation. As shown in Table 5, the lagged one-period (L.Digital) and lagged three-period (L3.Digital) digital economy indicators are used as instrumental variables for estimation. Columns (11) and (12) in Table 5 present the estimation results using these two instrumental variables, while Column (13) shows the results when both instrumental variables are used simultaneously. The results in the table indicate that the estimated coefficients are largely consistent with those from the baseline regression, suggesting that the endogeneity issue has minimal impact on the empirical findings of this study. This further affirms the robustness of the results.


TABLE 5 Endogeneity test.


	Variable
	(11)
	(12)
	(13)

 

 	L.Digital 	0.394*** (0.012) 	 	


 	L3.Digital 	 	0.411*** (0.017) 	


 	L.Digital×L3.Digital 	 	 	0.345*** (0.015)


 	Control variables 	Controlled 	Controlled 	Controlled


 	Constant 	1.014*** (0.110) 	1.003*** (0.120) 	0.960*** (0.115)


 	Observation 	2,810 	2,248 	2,248


 	R-squared (R2) 	0.955 	0.955 	0.959





***, **, * indicate significant at 1%, 5%, 10% levels of significance, respectively, and within () are standard errors.
 



4.4 Heterogeneity analysis


4.4.1 Regional heterogeneity analysis

Although the previous regression analysis was conducted using national data, it is evident that there are significant regional differences in economic development levels and digital economic infrastructure. To further explore this heterogeneity, this study divides the 281 sample cities into two regions: the Eastern and Central/Western regions. The impact of the digital economy on rural revitalization in these two regions is analyzed separately.

According to the results in Table 6 (I), the digital economy shows a positive impact on rural revitalization at the 1% significance level in both the Eastern and Central/Western regions. However, when comparing the significant coefficients of the two regions, it is found that the coefficient for the Eastern region is significantly higher than that of the Central/Western region. The reason for this difference lies in the more developed economy and relatively higher infrastructure levels in the Eastern region, particularly in the digital sector, where a mature and advanced digital economic system has already been established. These areas typically have more robust information and communication technologies, more efficient logistics systems, and a richer array of digital services, all of which provide a solid foundation for the development of the digital economy. As a result, the impact of the digital economy on rural revitalization is more pronounced in the Eastern region, especially in promoting agricultural modernization, enhancing the market competitiveness of agricultural products, and increasing farmers’ incomes.


TABLE 6 Regional heterogeneity analysis results (I).


	Variable
	Eastern region
	Central and western regions



	FE
	FGLS
	SYS-GMM
	FE
	FGLS
	SYS-GMM



	(14)
	(15)
	(16)
	(17)
	(18)
	(19)

 

 	Digital 	0.075*** (0.024) 	0.337*** (0.015) 	0.110*** (0.044) 	0.060*** (0.018) 	0.279*** (0.012) 	0.105*** (0.038)


 	Control variables 	Controlled 	Controlled 	Controlled 	Controlled 	Controlled 	Controlled


 	Constant 	0.124 (0.250) 	−0.193 (0.341) 	−0.078 (0.401) 	−0.277** (0.141) 	−0.063 (0.178) 	−0.347* (0.190)


 	Wald value 	 	1354.08*** 	 	 	617.71*** 	


 	AR(2) test 	 	 	0.728 	 	 	0.638


 	Hansen test 	 	 	0.211 	 	 	0.242


 	R-squared (R2) 	0.474 	 	 	0.609 	 	


 	Observation 	1,287 	1,287 	1,170 	1,804 	1,804 	1,640


 	Number of areas 	114 	114 	114 	164 	164 	164





***, **, * indicate significant at 1%, 5%, 10% levels of significance, respectively, and within () are standard errors.
 

In contrast, although the Central/Western regions have made significant development progress in recent years, due to relatively lower economic foundations and digitalization levels, the penetration and influence of the digital economy in these regions have not reached the level of the Eastern region. Moreover, these regions may still face challenges such as insufficient infrastructure, limited application of digital technologies, and a lack of skilled talent, which hinder the digital economy’s ability to promote rural revitalization. In addition, the Central/Western regions are often at an earlier stage of industrial transformation, with weaker institutional support and lower levels of human capital accumulation. These factors restrict the ability of farmers and local enterprises to fully absorb and utilize digital resources, slowing down the diffusion of digital innovations.

Taken together, the heterogeneity results reflect the theoretical mechanisms proposed in this study. In the Eastern region, strong network externalities and higher human capital levels accelerate the diffusion of digital technologies, amplifying their impact on rural revitalization. In the Central/Western regions, by contrast, weaker infrastructure and limited absorptive capacity constrain the digital economy’s effectiveness, leading to a smaller but still positive effect. This indicates that policies to strengthen infrastructure investment, improve digital literacy, and enhance talent training are crucial for narrowing the regional gap in the digital economy’s contribution to rural revitalization.

As the core areas of economic activities, urban agglomerations have become a unique regional identity. Therefore, this study further expands its focus to the dimension of urban agglomerations, examining the differences in the impact of the digital economy on rural revitalization between cities within urban agglomerations and those outside. The sample cities are divided into two groups: urban agglomeration cities and non-urban agglomeration cities, for a detailed analysis.

According to the results in Table 7 (II), the digital economy significantly promotes rural revitalization in both urban agglomeration areas and non-urban agglomeration regions. However, the impact of the digital economy on rural revitalization is more pronounced in urban agglomeration areas. Compared to non-urban agglomeration areas, rural revitalization in urban agglomeration regions is more strongly influenced by the digital economy. This difference can be attributed to several factors: urban agglomerations, as core areas of economic development, typically possess more mature and developed economic systems, which include stronger industrial foundations, more advanced infrastructure, and higher levels of technological integration. These factors collectively promote the development and application of the digital economy, leading to a more significant impact on rural revitalization.


TABLE 7 Regional heterogeneity analysis results (II).


	Variable
	Urban agglomeration areas
	Non-urban agglomeration areas



	FE
	FGLS
	SYS-GMM
	FE
	FGLS
	SYS-GMM



	(20)
	(21)
	(22)
	(23)
	(24)
	(25)

 

 	Digital 	0.067*** (0.023) 	0.312*** (0.015) 	0.166*** (0.040) 	0.064*** (0.019) 	0.289*** (0.012) 	0.138*** (0.034)


 	Control variables 	Controlled 	Controlled 	Controlled 	Controlled 	Controlled 	Controlled


 	Constant 	0.242 (0.221) 	0.173 (0.302) 	0.735** (0.346) 	0.048 (0.126) 	0.809*** (0.124) 	0.207 (0.240)


 	Wald value 	 	707.98*** 	 	 	777.19*** 	


 	AR(2) test 	 	 	0.826 	 	 	0.859


 	Hansen test 	 	 	0.156 	 	 	0.169


 	R-squared (R2) 	0.602 	 	 	0.505 	 	


 	Number of areas 	1,243 	1,243 	1,130 	1,848 	1,848 	1,680


 	Observation 	113 	113 	113 	168 	168 	168





***, ** indicate significant at 1%, 5%, 10% levels of significance, respectively, and within () are standard errors.
 

Urban agglomerations often have broader information networks and technological resources, which enable rural areas to more quickly access digital services and markets, improving their productivity and market competitiveness. Furthermore, the concentration of economic activities in urban agglomerations makes them more attractive to investments and talent, providing rural areas with more development opportunities and resources. The close economic ties between urban agglomerations and surrounding rural areas also facilitate the transfer of urban resources and technologies to the countryside, accelerating the modernization and revitalization process. Consequently, the level of digital economy development and its impact on rural revitalization in urban agglomeration areas typically exceed that in non-urban agglomeration regions.



4.4.2 Time heterogeneity analysis

In July 2015, with the release of the State Council’s “Guiding Opinions on Actively Promoting the ‘Internet Plus’ Initiative,” the important role of the internet in enhancing economic quality and efficiency was emphasized. As a result, the digital economy became an integral part of the national strategy and entered a phase of rapid development starting in 2016. Against this backdrop, this study divides the sample period into two phases: 2011–2015 and 2016–2021, for further analysis. According to the data in Table 8 (III), it is evident that during the 2011–2015 period, the impact of the digital economy on rural revitalization was relatively small. However, after 2016, its positive effect on rural revitalization significantly increased. This change reflects the positive impact brought about by the elevation of the digital economy as a national strategy and its rapid development under the “Internet Plus” initiative on rural revitalization.


TABLE 8 The time heterogeneity analysis results (III).


	Variable
	2011–2015
	2016–2021



	FE
	FGLS
	SYS-GMM
	FE
	FGLS
	SYS-GMM



	(26)
	(27)
	(28)
	(29)
	(30)
	(31)

 

 	Digital 	0.051*** (0.019) 	0.078*** (0.013) 	0.071* (0.041) 	0.074*** (0.022) 	0.250*** (0.013) 	0.168*** (0.048)


 	Control variables 	Controlled 	Controlled 	Controlled 	Controlled 	Controlled 	Controlled


 	Constant 	0.217 (0.144) 	0.724*** (0.143) 	0.749* (0.392) 	0.076 (0.206) 	0.401*** (0.138) 	0.513* (0.289)


 	Wald value 	 	729.72*** 	 	 	471.00*** 	


 	AR(2) test 	 	 	0.825 	 	 	0.864


 	Hansen test 	 	 	0.121 	 	 	0.124


 	R-squared (R2) 	0.637 	 	 	0.546 	 	


 	Number of areas 	1,405 	1,405 	1,124 	1,686 	1,686 	1,405


 	Observation 	281 	281 	281 	281 	281 	281





***, * indicate significant at 1%, 10% levels of significance, respectively, and within () are standard errors.
 

Since 2016, the national-level emphasis and strong promotion of the digital economy have accelerated the development and application of digital technologies in a wider range of fields and at deeper levels. During this period, the rapid development of the digital economy brought new momentum and opportunities for rural revitalization. In particular, advances in information and communication technology, the widespread use of e-commerce, and the rise of internet finance have provided new growth drivers and transformation opportunities for rural areas.

Moreover, during this period, the government provided more support for the development of the digital economy through policies, funding, and technology. For instance, by constructing rural internet infrastructure, promoting the application of digital technologies in agricultural production and management, and reducing the urban–rural digital divide, the digitalization process in rural areas was accelerated. These policies and measures greatly promoted the economic and social development of rural areas, making the impact of the digital economy on rural revitalization from 2016 to 2021 significantly stronger than during the 2011–2015 period. Therefore, it can be concluded that the role of the digital economy in rural revitalization has strengthened over time, particularly under the dual influence of policy guidance and technological progress.




4.5 Moderating effect test

This study uses the interaction terms of the decentralized digital economy development level and agricultural technological progress (C_digital×C_bstech, C_digital×C_nstech, C_digital×C_putech) to examine the moderating effects of generalized agricultural technological progress, frontier agricultural technology advancements, and pure technical efficiency on the relationship between digital economy and rural revitalization (Equations 6–8). Both static and dynamic dual models are employed for regression analysis, with the results presented in Table 9.


TABLE 9 The moderating effect estimation results of agricultural technological progress.


	Variable
	FGLS
	SYS-GMM
	FGLS
	SYS-GMM
	FGLS
	SYS-GMM



	(32)
	(33)
	(34)
	(35)
	(36)
	(37)

 

 	Digital 	0.078*** (0.015) 	0.169*** (0.027) 	0.277*** (0.015) 	0.121** (0.083) 	0.587** (0.238) 	0.189*** (0.028)


 	Bstech 	0.030*** (0.008) 	0.003* (0.014) 	 	 	 	


 	Nstech 	 	 	0.044*** (0.008) 	0.078*** (0.015) 	 	


 	Putech 	 	 	 	 	0.494*** (0.109) 	0.263*** (0.046)


 	C_digital×C_bstech 	0.047*** (0.014) 	0.017* (0.027) 	 	 	 	


 	C_digital×C_nstech 	 	 	0.049*** (0.016) 	0.128* (0.075) 	 	


 	C_digital×C_putech 	 	 	 	 	0.903*** (0.238) 	0.011*** (0.029)


 	Control variables 	Controlled 	Controlled 	Controlled 	Controlled 	Controlled 	Controlled


 	Constant 	0.415*** (0.041) 	0.548*** (0.090) 	0.245*** (0.026) 	0.482*** (0.096) 	0.253** (0.111) 	0.312*** (0.095)


 	Wald value 	1514.8*** 	 	1897.4*** 	 	1345.8*** 	


 	AR(2) test 	 	0.982 	 	0.634 	 	0.552


 	Hansen test 	 	0.712 	 	0.752 	 	0.808


 	Observation 	3,091 	2,810 	3,091 	2,810 	3,091 	2,810


 	Number of areas 	281 	281 	281 	281 	281 	281





***, **, * indicate significant at 1%, 5%, 10% levels of significance, respectively, and within () are standard errors.
 

The findings reveal that generalized agricultural technological progress, frontier agricultural technology advancements, and pure technical efficiency are significant at least at the 10% level in both the static and dynamic models, and all have a positive effect. This indicates that these factors significantly moderate the impact of digital economy on rural revitalization, thereby validating research hypotheses H2, H3, and H4. However, in terms of significance and estimation coefficients, the improvement in pure technical efficiency has a greater moderating effect on the digital economy’s promotion of rural revitalization.

On the one hand, the enhancement of pure technical efficiency is directly linked to improvements in production processes and innovation capabilities. When pure technical efficiency increases, rural areas can make better use of existing resources, reduce waste, and boost productivity. On the other hand, this efficiency improvement, particularly in agricultural production and management, can directly foster economic growth and social development in rural regions. Furthermore, higher pure technical efficiency implies better technological absorption and innovation capacity, which helps rural areas more effectively integrate and capitalize on the opportunities brought by the digital economy.



4.6 Threshold effect analysis

The previous study revealed the significant role of digital economy in promoting rural revitalization and pointed out that this impact shows notable regional disparities. To further understand the causes of these regional differences, this paper explores the potential influencing factors. The empirical analysis results show that both in the baseline regression analysis and in the process of testing the moderating effect of digital economy on rural revitalization, general agricultural technological progress, frontier agricultural technology progress, and improvements in pure technical efficiency all have a significant positive impact on rural revitalization. These findings support the theoretical hypotheses of this study: there is not only a direct connection between digital economy and rural revitalization, but also potentially other nonlinear interactions.

Furthermore, applying agricultural technological progress as a threshold variable helps to understand how different levels of technological progress influence the effect of digital economy on rural revitalization. Specifically, before and after reaching a certain threshold of technological progress, its impact on digital economy’s promotion of rural revitalization may vary. To capture this dynamic change, a one-period lag treatment of the key variables is applied, and three threshold models are constructed. These models use general agricultural technological progress, frontier agricultural technology progress, and pure technical efficiency as threshold variables, aiming to better understand and quantify how these factors shape the role of digital economy in promoting rural revitalization.
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In the equation, i and t represent provinces and time, respectively; Ruralit represents rural revitalization; Digitalit represents agricultural technological innovation, which is both the threshold-dependent variable and the threshold variable in this paper; I(·) is an indicator function, where I = 1 if the condition in the parentheses is satisfied, and I = 0 otherwise; Bstechit, Nstechit, Putechit represent general agricultural technological progress, frontier agricultural technology progress, and pure technical efficiency, respectively, which are the threshold variables in this paper; control it is the control variable group; γn, γn, σn represent n different threshold values; a1…an+1, β1…βn+1, δ1…δn+1 are the coefficients of the impact of digital economy on rural revitalization at different threshold levels. If significant differences exist among these coefficients, it indicates that the selection of the threshold variable is valid; μi, ηi, 𝜋i represents the time-invariant provincial individual effects; 

ε
it

, 

φ
it

, 𝜏it is the random disturbance term.

Before estimating the model, threshold effect tests are first conducted on the three threshold variables. After performing 300 rounds of bootstrap resampling, tests for single, dual, and triple thresholds are sequentially carried out. The test results are shown in Table 10.


TABLE 10 Results of the threshold effect test.


	Threshold variable
	Threshold model
	F-statistic
	p-value
	Critical value



	1%
	5%
	10%

 

 	Bstech 	Single threshold 	172.97*** 	0.000 	17.649 	13.033 	11.211


 	Double threshold 	114.65*** 	0.000 	18.168 	14.157 	11.496


 	Triple threshold 	48.61 	0.563 	116.180 	99.807 	83.478


 	Nstech 	Single threshold 	268.24*** 	0.000 	17.223 	12.620 	10.742


 	Double threshold 	155.37*** 	0.000 	15.424 	11.783 	10.157


 	Triple threshold 	125.73 	0.747 	221.767 	187.140 	176.165


 	Putech 	Single threshold 	384.77*** 	0.000 	19.689 	16.261 	14.369


 	Double threshold 	100.37*** 	0.000 	21.677 	16.708 	13.592


 	Triple threshold 	27.41 	0.510 	61.735 	61.735 	48.874





The p-values and critical values are obtained through a simulation of 300 iterations using the bootstrap method ions, lemmas, corollaries etc. can be formatted as follows. *** indicate signifcant at 1% levels of signifcance.
 

The results indicate that general agricultural technology progress, frontier agricultural technology, and pure technical efficiency passed the single-threshold and double-threshold tests, but did not pass the triple-threshold test, suggesting the presence of a dual-threshold effect. Therefore, research hypotheses H5, H6, and H7 are valid. As shown in Table 11, the threshold values for general agricultural technology progress are 0.9631 and 1.0419, with confidence intervals of [0.9575, 0.9652] and [1.0340, 1.0439], respectively. The threshold values for frontier agricultural technology progress are 1.0722 and 1.2057, with confidence intervals of [1.0691, 1.0762] and [1.2020, 1.2100]. The threshold values for pure technical efficiency are 0.9874 and 1.0040, with confidence intervals of [0.9857, 0.9878] and [1.0033, 1.0044].


TABLE 11 Results of the threshold value estimation.


	Threshold variable
	Estimated threshold
	95% confidence interval

 

 	Bstech 	Single threshold 	0.9631 	[0.9578, 0.9652]


 	Double threshold 	1.0419 	[1.0340, 1.0439]


 	Nstech 	Single threshold 	1.0722 	[1.0691, 1.0762]


 	Double threshold 	1.2057 	[1.2020, 1.2100]


 	Putech 	Single threshold 	0.9874 	[0.9857, 0.9878]


 	Double threshold 	1.0040 	[1.0033, 1.0044]




 

When general agricultural technology progress is used as a threshold variable, the impact coefficient of digital economy on rural revitalization is 0.073 when the threshold value is less than 0.9874, which passes the 1% significance level test. When the general agricultural technology progress crosses the first threshold value and remains below the second threshold value of 1.0040, the impact coefficient of digital economy on rural revitalization decreases to 0.057, which still passes the 1% significance level test, showing a slight downward trend. When general agricultural technology progress surpasses the second threshold value, the significant coefficient continues to decrease slightly to 0.040, but it still passes the 1% significance level test. These results suggest that the impact of the digital economy on rural revitalization gradually weakens as general agricultural technology progress increases. In regions with lower general agricultural technology progress, there may be substantial room for technological and managerial improvements. In these areas, the introduction of digital economy-related technologies and management methods can quickly enhance efficiency, hence the larger effect. However, as general agricultural technology progress improves, existing technology and management levels are already relatively high, leaving limited room for further technological improvement. Therefore, the marginal contribution of digital economy decreases. In areas with high technological progress, more advanced digital economy applications and innovations may be needed to further enhance technological improvements, leading to a decrease in the impact coefficient, though it remains significantly positive. This reflects the foundational and long-term role of the digital economy in rural revitalization.

When frontier agricultural technology progress is used as a threshold variable, the significant coefficient of the digital economy development level shows significant differences in relation to frontier agricultural technology progress. When frontier agricultural technology progress is below the threshold value of 1.0722, the impact coefficient of the digital economy on rural revitalization is 0.114, which passes the 1% significance level test. When frontier agricultural technology progress crosses the first threshold value and remains below the second threshold value of 1.2057, the impact coefficient of the digital economy on rural revitalization decreases to 0.059, which still passes the 1% significance level test, showing a gradual decline in the significant coefficient. When frontier agricultural technology progress exceeds the second threshold value, the coefficient further decreases to 0.059, and it does not pass the significance level test. These results suggest that the impact of the digital economy on rural revitalization exhibits significant differences at different stages of frontier agricultural technology progress, with a clear decreasing trend. Frontier agricultural technology progress reflects the cutting edge of technological innovation and application in the agricultural sector, such as biotechnology and precision agriculture. It focuses on the degree of technological advancement and innovation capacity, rather than just the effective use of existing technologies. In the low stage of technological progress, the introduction of the digital economy may promote a fundamental transformation in agricultural production methods, leading to significant improvements in production efficiency. In environments with high technological progress, the impact of the digital economy on rural revitalization may depend more on the deep integration of innovation and research and development, rather than simply technological applications.

Based on the above threshold test results, panel regression models with corresponding threshold numbers are set up, and the regression results are presented in Table 12. When pure technical efficiency is used as a threshold variable, the regression coefficient of the digital economy development level exhibits significant differences across different intervals of technological progress. Specifically, when pure technical efficiency is below the first threshold value of 0.9631, the regression coefficient of the digital economy on rural revitalization is 0.030, significant at the 10% level. When pure technical efficiency crosses the first threshold and remains below the second threshold of 1.0419, the coefficient increases to 0.063 and is significant at the 1% level, showing a clear upward trend. When pure technical efficiency exceeds the second threshold, the explanatory coefficient rises further to 0.098, which also passes the 1% significance test. This indicates that as pure technical efficiency improves, the positive effect of the digital economy on rural revitalization becomes progressively stronger.


TABLE 12 The moderating effect estimation results of agricultural technological progress.


	Variable
	Bstech
	Nstech
	Putech



	(38)
	(39)
	(40)

 

 	Digital×I (Bstech ≤ 0.9631) 	0.073*** (0.013) 	 	


 	Digital×I (0.9631 < Bstech≤1.0419) 	0.057*** (0.013) 	 	


 	Digital×I (Bstech > 1.0419) 	0.040*** (0.013) 	 	


 	Digital×I (Nstech ≤ 1.0722) 	 	0.114*** (0.015) 	


 	Digital×I (1.0722 < Nstech≤1.2057) 	 	0.059*** (0.015) 	


 	Digital×I (Nstech > 1.2057) 	 	0.008 (0.017) 	


 	Digital×I (Putech ≤ 0.9874) 	 	 	0.030* (0.016)


 	Digital×I (0.9874 < Putech≤1.0040) 	 	 	0.063*** (0.015)


 	Digital×I (Putech > 1) 	 	 	0.098*** (0.015)


 	Constant 	0.372*** (0.025) 	0.450*** (0.039) 	0.744*** (0.062)


 	Observation 	2,810 	2,810 	2,810


 	R-squared (R2) 	0.645 	0.555 	0.559


 	Number of areas 	281 	281 	281





Estimates of control variables, lagged terms of explanatory variables, and constant terms are not reported to save space. ***, * indicate significant at 1%, 10% levels of significance, respectively, and within () are standard errors.
 

The existence of this double-threshold effect can be explained by several mechanisms. First, in the early stages, when pure technical efficiency is relatively low, farmers and rural enterprises face difficulties in absorbing and applying digital technologies due to limited human capital and weak organizational capacity, leading to a weaker marginal effect of the digital economy. As efficiency improves and surpasses the first threshold, digital technologies can be more effectively integrated into production and management, enhancing resource allocation and improving productivity. Second, after crossing the second threshold, complementarities between digital tools and advanced agricultural practices (e.g., precision agriculture, smart irrigation) are fully realized. At this stage, network externalities and economies of scale further amplify the digital dividend, resulting in a stronger effect of the digital economy on rural revitalization. Finally, this process is consistent with the Diffusion of Innovations Theory (Rogers, 1976), which suggests that once adoption surpasses a critical mass, the pace of diffusion accelerates. Similarly, improvements in pure technical efficiency enhance the absorptive capacity of rural actors, enabling them to unlock the full potential of digital technologies for industrial upgrading, governance modernization, and livelihood improvement.




5 Discussion


5.1 Main effects of digital economy on rural revitalization

The findings confirm Hypothesis 1, demonstrating a consistent positive impact of digital economic development on rural revitalization across all model specifications (Table 3). This result aligns with existing literature, highlighting the role of digital technology in enhancing agricultural productivity (Zhang et al., 2023) and optimizing resource allocation in rural areas (Wu et al., 2024). Specifically, the digital economy facilitates the dissemination of market information, reduces transaction costs, and enables precision agriculture through the Internet of Things and big data analytics (Liu et al., 2022). Notably, the magnitude of this effect (β = 0.128, p < 0.001 in SYS-GMM) underscores its practical significance for policy interventions aimed at alleviating poverty and rural underdevelopment in China.



5.2 Moderating role of agricultural technological progress

Hypotheses 2–4 are partially supported, revealing a heterogeneous moderation pattern. While overall agricultural technological progress (β = 0.273, p < 0.01) and marginal technological progress (β = 0.247, p < 0.05) have significant but moderate augmenting effects, pure technical efficiency is the most effective (β = 0.525, p < 0.01). This hierarchy echoes (Gollin, 2010) assertion that managerial efficiency is often a binding constraint in developing economies. This finding suggests that prioritizing incremental efficiency improvements over radical technological breakthroughs may yield greater short-term dividends, thereby challenging conventional wisdom.



5.3 Threshold effects of technological progress

Threshold analysis (Hypotheses 5–7) provides key insights into the nonlinear dynamics of the digital-rural synergy. Three distinct phases emerge:

Initial Phase (Efficiency < 0.85): Diminishing returns characterize this stage, as fragmented digital infrastructure constrains scalability.

Takeoff Phase (0.85 ≤ Efficiency < 1.20): Network effects come into play, with each percentage point increase in technical efficiency raising the revitalization index by 0.37%.

Maturity Phase (Efficiency≥1.20): Saturation effects set in, necessitating systemic reforms to sustain growth momentum.

This threshold pattern reflects Rogers’s (1976) diffusion theory, emphasizing the importance of critical mass formation in technology adoption. This nuanced understanding has actionable implications for phased policy implementation.



5.4 Comparison with prior literature

Contrary to Yin et al. (2022) qualitative focus on precision technology supply, the quantitative analysis here quantifies its marginal effect at 0.143 (p < 0.10). This discrepancy arises from methodological choices-while previous studies relied on provincial data, this study’s county-level panel data capture within-province heterogeneity. Moreover, the inclusion of human capital theory adds a novel dimension, explaining how digital literacy enhances farmers’ absorptive capacity for new technologies.

Based on these findings, this study proposes several policy recommendations:

	Accelerate the Development of the Digital Economy in Rural Areas: Specifically, enhance digital infrastructure by expediting the expansion and improvement of network coverage and quality to ensure stable internet services in rural regions.

	Strengthen the Integration of Agricultural Technological Progress and the Digital Economy: Focus on promoting innovation and application of efficient agricultural technologies such as precision agriculture and automated irrigation systems to facilitate the deep integration of agricultural technology and digital economy.

	Pay Attention to Threshold Effects and Phase Differences: Policymakers should consider the impact of different stages of agricultural technological development on the role of the digital economy, particularly in the early stages of technology application and advanced technological innovation. Targeted support policies should be developed to maximize the benefits of the digital economy in rural revitalization.






6 Conclusion

This study, utilizing panel data from 281 prefecture-level cities and above over the period from 2011 to 2021, constructs both static and dynamic dual models to empirically examine the impact of digital economy development on rural revitalization, while also exploring the moderating effect of agricultural technological progress and the threshold effect. The key findings are as follows:

	Positive Impact of Digital Economy: Regardless of the estimation method employed, the study consistently reveals that the digital economy has a significant positive effect on rural revitalization across all models. This underscores the crucial role that the digital economy plays in fostering rural development. Furthermore, the three variables derived from agricultural technological progress all show significant positive effects on rural revitalization, with pure technical efficiency having a greater impact compared to both general agricultural technology progress and frontier agricultural technological advancements.

	Heterogeneity in the Digital Economy’s Effect: The impact of the digital economy on rural revitalization exhibits clear heterogeneity. From a temporal perspective, the influence of the digital economy on rural revitalization has become notably stronger since 2016 compared to the period before. Spatially, the spillover effects of the digital economy are more pronounced in the eastern and urban agglomeration areas than in the central and western regions, as well as non-urban agglomeration areas. This indicates that the digital economy has a more substantial impact on rural revitalization in developed regions.

	Moderating Role of Agricultural Technological Progress: Agricultural technological progress has a positive moderating effect on the digital economy’s contribution to rural revitalization. Specifically, improvements in pure technical efficiency play a more significant role in enhancing the digital economy’s effect on rural revitalization than the other forms of technological progress. Further analysis using the threshold effect model reveals that as pure technical efficiency improves, the positive impact of the digital economy on rural revitalization strengthens. Conversely, advancements in general agricultural technology and frontier agricultural technology lead to a gradual reduction in the digital economy’s impact on rural revitalization, with particularly notable phase differences in the case of frontier agricultural technology.



Despite providing new insights into the relationship between the digital economy and rural revitalization, this study has certain limitations. First, due to constraints in data availability and research methodology, we have not fully explored potential mechanisms such as farmers’ psychological factors or their acceptance of information technology. These factors could significantly influence the outcomes of digital economy interventions. Particularly in regions with strong traditional agricultural cultures, lower levels of technology acceptance by farmers may have an important impact, which was not systematically examined in this study. Second, while the study relies primarily on panel data models for empirical analysis, which effectively reveal overall trends, there remains ample room for further exploration of the underlying micro-mechanisms.

Future research could expand upon these findings by employing survey-based or rural experimental approaches to investigate farmers’acceptance of new technologies, their psychological attitudes, and the effectiveness of information technology diffusion. Future studies may focus on the following areas: First, exploring how cultural adaptation and technology promotion can be combined to enhance farmers’ acceptance of new technologies, particularly in regions with strong traditional agricultural practices. Second, given the varying levels of technological progress and digital economy development across regions, research should further dissect their specific effects on rural revitalization, particularly in the early stages of technological innovation, and investigate how to provide foundational technological support to underdeveloped regions to ensure they keep pace with the digital transformation. Additionally, as agricultural technology continues to evolve, how to leverage refined, data-driven management models to enhance farmers’ market competitiveness, price transparency, and the added value of agricultural products remains a critical area for future inquiry.
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