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High-standard farmland construction (HSFC) is a key measure to ensure national food security. The development of digital technology has brought new opportunities for HSFC. Based on panel data from 30 provinces (municipalities and autonomous regions), this paper employs a two-way fixed effects model, a panel threshold model, and a spatial Durbin model (SDM) to empirically examine the impact of digital technology on HSFC efficiency, as well as its threshold and spatial spillover effects. The study yielded the following key findings: First, digital technology has significantly improved the efficiency of HSFC. Simultaneously, its positive impact is more pronounced in areas with smaller terrain undulations, areas with higher agricultural land transfer, and eastern regions. Second, the impact of digital technology on the efficiency of HSFC exhibited a double threshold effect. When the level of digital technology is below the second threshold, it will significantly affect the efficiency of HSFC, and when the level of digital technology is between the first threshold and the second threshold, it will significantly affect the efficiency of HSFC. The effect is particularly strong when digital technology falls between the first and second thresholds. Third, digital technology has generated significant negative spatial spillover effects on the efficiency of HSFC. Based on this, we should strengthen the construction of rural digital infrastructure, build a digital management system for HSFC, and at the same time promote regional coordinated development of HSFC to achieve efficiency improvement in HSFC.
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1 Introduction

The World Food Security Outlook released by the World Bank in November 2024 indicates that 343 million people across 74 countries are experiencing acute food insecurity, marking a 10% increase from the previous year and nearly 200 million more than pre-pandemic levels. The global food security situation remains dire. With its large population, China faces ongoing challenges in maintaining food security. Land is the foundation of grain production, and strengthening the protection of cultivated land plays a crucial role in maintaining social stability. In recent years, China has adopted the strategy of “storing grain in land and technology” and implemented the high-standard farmland construction (HSFC) policy. By the end of 2023, China had developed more than 66.67 million hectares of high-standard farmland, providing essential support for maintaining a national grain output of over 650 million tons for nine consecutive years. However, HSFC, as a quasi-public good, faces practical challenges such as “reconstruction with limited management,” “low farmer participation or difficulty in participation,” and “inconsistent objectives among stakeholders.” Additionally, excessive administrative intervention in supervision and management has led to suboptimal overall outcomes (Xu et al., 2020). Given that HSFC is a primary means of implementing the “storing grain in land and technology” strategy, its inefficiency poses a significant obstacle to improving cultivated land quality. Therefore, enhancing HSFC efficiency and ensuring a stable and secure supply of grain and essential agricultural products are urgent practical challenges that must be addressed.

With the rapid advancement of the fourth industrial revolution, characterized by 5G, cloud computing, blockchain, and artificial intelligence, human society has entered a new era driven by the digital economy (Khitskov et al., 2017), reshaping the landscape of HSFC. The National HSFC Plan (2021–2030) explicitly emphasizes leveraging digital technology to integrate farmland construction, production, and management while enhancing total factor productivity. The widespread adoption of digital technologies such as the Internet, big data, and artificial intelligence is increasingly demonstrating their potential to modernize and optimize high-standard farmland development. On one hand, China’s rural network infrastructure has significantly improved, making the Internet a fundamental resource for rural residents and providing a solid foundation for digital technology to support HSFC. On the other hand, the government has introduced a series of policies to promote digital villages and explore new models of HSFC in the digital era, aligning with the broader trend of high-quality farmland development. The integration of digital technology has injected fresh momentum into HSFC, reducing decision-making and supervision costs while significantly improving construction efficiency. At present, empowering HSFC with modern digital technology is not only a key component of digital agriculture but also a critical pathway to addressing HSFC challenges in the digital age.

After reviewing the literature, scholars have analyzed the conceptual definition and fundamental characteristics of digital technology and digital empowerment from a theoretical perspective (Lazebnyk and Voitenko, 2020; Mäkinen, 2006; Li et al., 2018). Research has also explored the mechanisms and pathways through which digital technology empowers rural governance (Xia et al., 2022), increases farmers’ income (Zhang and Fan, 2024), and promotes high-quality agricultural development (Xia et al., 2019). Additionally, some studies have empirically examined the impact of digital technology on local government environmental governance (Wang and Guo, 2024), green development (Wang et al., 2021), and agricultural economic resilience (Quan et al., 2024).

Research on the effectiveness of HSFC has primarily focused on its implementation and overall performance, with empirical analyses highlighting its economic, social, and ecological benefits. Economically, HSFC enhances grain output by increasing cropping frequency, mitigating drought and flood impacts, and expanding cultivated land (Hao et al., 2024; Sun et al., 2025). Furthermore, it contributes to land leveling, protects the agricultural environment, and improves infrastructure, which in turn enhances food quality (Gong et al., 2023) and increases farmers’ income (Chen et al., 2023). From a social perspective, high-quality farmland development has accelerated the emergence of new agricultural entities (Zhao and Sun, 2022) and improved farmers’ mechanization levels through strategic land consolidation and leveling (Bradfield et al., 2021). Additionally, empirical research has shown that HSFC policies can significantly reduce the rural poverty rate by 7.4% (Peng et al., 2022). Ecologically, Xu et al. (2022) investigated the impact of HSFC on agricultural film recycling behavior using survey data from rural areas in Sichuan Province. The study found that farmers participating in HSFC programs were 16% more likely to engage in agricultural film recycling. Liu and Lin (2024) noted that HSFC’s carbon reduction effects on agricultural land use are particularly significant in central regions while less pronounced in eastern and western areas. Additionally, some researchers argue that HSFC substantially reduces chemical fertilizer usage, particularly in major grain-producing regions and in central and western parts of the country (Liu et al., 2023).

Several studies have evaluated the performance of HSFC. Regarding the evaluation framework, some researchers have used three key indicators—farmland productivity, stability of farmland productivity, and uniformity of farmland productivity—to assess HSFC effectiveness (Pu et al., 2019). However, improvements in farmland productivity alone do not fully capture the overall effectiveness of HSFC. Consequently, to provide a more comprehensive assessment, an increasing number of researchers have incorporated additional metrics across various dimensions, including equity, efficiency, ecological impact, social factors, and economic performance (Wang et al., 2022). Regarding evaluation methods, the current approaches for measuring HSFC performance primarily include the entropy weight TOPSIS method (Xin et al., 2017), matter-element extension, and TOPSIS modeling (Tian et al., 2019). Some researchers have applied the analytic hierarchy process (AHP) to determine indicator weights within the HSFC evaluation system (Xu et al., 2020). Additionally, some researchers have employed the data envelopment analysis (DEA) method to evaluate HSFC performance. For instance, Liu and Zhang (2024) implemented a three-stage super-efficiency slack-based measure data envelopment analysis (SBM-DEA) model to assess HSFC efficiency across different provinces in China.

The research above provides a valuable reference for understanding the relationship between digital technology and HSFC efficiency. However, several limitations remain. First, while some researchers have systematically evaluated HSFC performance, they have not assessed its efficiency from an input–output perspective, limiting the accurate reflection of resource allocation efficiency. Second, few studies have examined the impact of digital technology on HSFC efficiency and its underlying mechanisms. The internal causal relationship between these two factors has not been thoroughly analyzed. Thus, can digital technology enhance HSFC efficiency? To what extent? Does this impact exhibit threshold or spatial spillover effects? A comprehensive discussion of these questions is crucial for elucidating the mechanisms through which digital technology influences HSFC efficiency, ultimately facilitating the transformation of farmland into “good farmland” and ensuring food security.

In light of this, this paper employs China’s provincial panel data from 2005 to 2017 to calculate the efficiency of HSFC using the super-efficiency SBM-DEA model. Subsequently, it adopts methodologies such as the two-way fixed effects model, panel threshold effect model, and spatial Durbin model to thoroughly investigate the impact of digital technology on HSFC efficiency and its spatial spillover effects. The objective is to provide decision-making references for enhancing the construction of high-standard farmland in China and offer valuable insights for global farmland protection efforts. This study offers several contributions that distinguish it from existing research. First, it examined three key phases—before, during, and after construction—to systematically reveal the mechanism of digital technology in enabling HSFC efficiency and provide scientific evidence of how digital technology promotes the improvement of the efficiency of HSFC, thereby enriching the research content of digital technology and HSFC and expanding the application of digital technology theory in the field of HSFC. Second, the study employed a super-efficiency SBM-DEA model incorporating unexpected outputs to provide an objective assessment of HSFC efficiency. Finally, it explored both the threshold and spatial spillover effects of digital technology on HSFC efficiency while analyzing variations in its impact across different contexts, expanding new antecedent variables for the study of HSFC efficiency, and demonstrating feasible ways to solidly promote HSFC.



2 Theoretical analysis and research hypothesis


2.1 Impact of digital technology on the efficiency of HSFC

The concept of efficiency was first proposed by Farrell (1957), referring to the ratio of the minimum possible input of factors to the actual input under the same output constraint. The Cobb–Douglas function is a widely used model for studying input–output efficiency. Land, physical capital, and labor are traditional input factors in economic growth, playing a significant role in economic development. As a new production factor, digital technology can effectively enhance economic efficiency by integrating deeply with traditional production factors such as capital and labor (Jiang and Jin, 2022).

In the HSFC process, integrating digital technologies such as the Internet of Things, cloud computing, and big data enables the efficient and intelligent management of HSFC projects. This integration enhances resource allocation efficiency and reduces costs related to information acquisition and project implementation across various entities. Specifically, digital technology improves construction efficiency by facilitating quality enhancements at each stage—before, during, and after construction.

First, it enhances decision-making accuracy in the pre-construction stage. On one hand, digital technology is highly effective at capturing and integrating information. By leveraging big data integration and intelligent analysis technologies, government departments can transform fragmented high-standard farmland data into systematic information. This reduces search costs, mitigates information asymmetry issues, and supports more informed decision-making, thereby improving the accuracy and effectiveness of farmland construction. On the other hand, digital technology enables rapid information sharing and interconnectivity. Farmers can more easily access HSFC project information and participate in decision-making, fostering a “bottom-up” and “top-down” dual-track HSFC demand expression mechanism that ensures an accurate response to farmers’ needs.

Second, it improves construction quality during the implementation process. The government, as a key participant in HSFC, typically selects market entities as project agents through public bidding. Based on the rational economic man hypothesis, the extent to which market entities actively engage in construction depends largely on the perceived benefits and costs of participation. In the digital age, the positive actions of market entities are increasingly amplified through digital technology, significantly enhancing the benefits of cooperative strategies while increasing the reputational losses associated with “free-riding” behavior. This discourages opportunistic behavior and helps ensure farmland construction quality. Additionally, applying digital technologies such as big data, the Internet of Things, satellite remote sensing, and geographic information systems provides more precise geographic, climate, and soil information for farmland construction. These technologies not only improve the accuracy and efficiency of HSFC but also facilitate information sharing among construction entities, standardization, transparency, and intelligent management, ultimately enhancing construction quality.

Third, in the post-construction phase, strengthening long-term management and maintenance is essential. The application of digital technology facilitates the development of a digital management platform for high-standard farmland. Through this platform, real-time and dynamic monitoring of management fund allocation, the performance of management entities, and facility maintenance can be achieved. This enables “continuous management, intelligent management, and full-process management,” reducing information asymmetry, lowering supervision costs, and enhancing the timeliness, transparency, and efficiency of farmland management. As a result, high-standard farmland can continue to generate long-term economic and social benefits. Furthermore, insufficient participation of farmers who are the direct beneficiaries and users of HSFC will hinder the improvement of HSFC efficiency. In the context of highly interconnected social networks, farmers’ “free-riding” behavior during the maintenance and protection of high-standard farmland can rapidly and widely disseminate within their social groups, leading to their reputational damage and subsequently making it difficult for them to do anything within their villages. This constrains farmers’ behavior to a certain extent and promotes their participation in the post-construction management and maintenance of high-standard farmland. Simultaneously, in the digital age, farmers’ participation in such projects is more likely to spread and diffuse within villages. The resulting demonstration effect within rural communities, characterized by close-knit social networks, further encourages farmer participation in maintenance activities and enhances the overall efficiency of HSFC. Based on this, this study proposes hypothesis H1.


H1: Digital technology helps improve the efficiency of HSFC.
 



2.2 Threshold effect of digital technology on the efficiency of HSFC

Digital technology inherently enhances resource allocation efficiency, economic operation efficiency, and public management efficiency, contributing to overall improvements in productivity (Niu and Zhang, 2022). However, in order to give full play to the radiation and driving role of digital technology, it may be necessary to accumulate to a certain level. When the level of digital technology is low, due to the low scale of digital networks and the imperfect rural digital infrastructure, farmers left behind in rural areas have a low level of awareness of digital technology. In the process of participating in HSFC, they rarely use digital technologies and smart agricultural machinery such as mobile phones and drones, resulting in a low degree of integration of digital technology with various links in HSFC, which further leads to the limited effect of digital technology on improving the efficiency of HSFC.

When digital technology develops to a certain level, HSFC stakeholders can leverage digital technologies such as the Internet of Things, cloud computing, and big data to achieve efficient and intelligent management of HSFC projects, thereby enhancing construction efficiency. At the same time, various HSFC departments utilize digital technology to continuously optimize internal governance structures, strengthen coordination and cooperation between departments, and ensure seamless integration across design, procurement, construction, acceptance, management, and maintenance, ultimately improving HSFC efficiency. In other words, the relationship between digital technology and HSFC efficiency is nonlinear and exhibits a threshold effect. Based on this analysis, hypothesis H2 was proposed.


H2: The impact of digital technology on HSFC efficiency has a threshold effect.
 



2.3 Spatial spillover effects of digital technology on the efficiency of HSFC

New economic geography theory suggests that the diffusion and spillover of information technology enhance spatial dependence between economies. Unlike traditional production factors such as technology and human capital, digital technology exhibits strong positive externalities, high mobility, and deep penetration. By facilitating the flow and integration of production factors across regions, it significantly influences the digital technology levels of neighboring areas through spillover effects. According to information hinterland theory, proximity to regions with advanced digital technology amplifies these spatial spillover effects.

Although HSFC is independently implemented in each region, it also influences HSFC efforts in adjacent areas, demonstrating significant spatial correlation characteristics. Regarding the relationship between digital technology and HSFC efficiency, digital technology possesses attributes of efficient integration, rapid dissemination, and high spillover (Batabyal and Nijkamp, 2016). These characteristics transcend geographical barriers, time constraints, and information transmission limitations, breaking down time and space constraints in HSFC projects and reducing costs in neighboring areas through the diffusion of knowledge and technology. Furthermore, as digital technology advances, the efficiency of cross-regional information and data exchange continues to improve, promoting the integration and sharing of knowledge, technology, and other resources. This, in turn, facilitates cooperation among HSFC departments in different regions, fostering an open and collaborative development environment. Additionally, through the demonstration effect, government departments in neighboring regions are likely to learn from and adopt successful applications of digital technology in HSFC, further improving construction efficiency.

However, due to regional disparities in digital technology development, rural digital infrastructure, farmers’ digital literacy, and digital industry growth remain uneven. According to the theory of circular cumulative causation, the return effect of digital technology is widespread and outweighs its diffusion effect. In other words, regions with advanced digital technology experience greater improvements in HSFC efficiency. Meanwhile, surrounding areas, lacking digital infrastructure, technical expertise, and skilled labor, often experience resource migration—capital and labor tend to flow toward digitally developed regions. As a result, these less-developed areas become sources of production factor outflows. In essence, while regions with higher levels of digital technology benefit from efficiency gains, their dominance may negatively impact the efficiency of HSFC in neighboring areas, thereby hindering the coordinated development of high-standard farmland across regions. Based on this observation, hypothesis H3 was proposed.


H3: Digital technology has a negative spatial spillover effect on HSFC efficiency.
 

To summarize, the analytical framework of how digital technology affects the efficiency of HSFC is shown in Figure 1.

[image: Figure 1]

FIGURE 1
 Framework of the analysis of the impact of digital technology on the efficiency of HSFC.





3 Research design


3.1 Model construction


3.1.1 Model setting for the impact of digital technology on the efficiency of HSFC

In order to empirically examine the effects of digital technology on the efficiency of HSFC, this study established the following equation:

[image: image]

Here, [image: image] and [image: image] represent the HSFC efficiency and digital technology level in period t in province i, respectively; Xit are control variables; ui and vt represent the province fixed effects and year fixed effects respectively; [image: image] represents the random disturbance term.



3.1.2 Panel threshold effect model

Referring to Hansen (1999), this study uses the digital technology level as the threshold variable and the panel threshold effect model for empirical analysis. The model setting is as follows:

[image: image]

In Equation 2: DIGit is a threshold variable; I(•) is an indicative function, which takes the value 1 when the expression enclosed in brackets is true; [image: image] and [image: image] represent the threshold values to be estimated; i and t represent the region and time respectively; [image: image] represents the coefficient to be estimated; Xit represents the control variable; and [image: image] is a random disturbance term.



3.1.3 Spatial spillover effect measurement model setting

To explore the spatial spillover effect of digital technology on the efficiency of HSFC, this study constructs a spatial Durbin model (SDM):

[image: image]

Equation 3, W is the spatial weight matrix, α representing the spatial autoregression coefficient; [image: image], [image: image] and [image: image] are the spatial lag terms of the explained variable, the explanatory variable and control variable, respectively.

In addition, since the spatial Durbin model contains spatial lag terms of the dependent variable and independent variable, the estimated coefficients of each explanatory variable in the model cannot directly reflect the impact of the variable on the dependent variable. In order to further analyze the impact of digital technology on the efficiency of HSFC, drawing on the research (LeSage and Pace, 2009), the spatial effects are decomposed through partial differential equations. The partial differential matrix equation for Equation 4 is as follows:

[image: image]

In the above formula, the local effect corresponds to the mean of the diagonal elements of the rightmost matrix, reflecting the degree of influence of the independent variable of the region on the explained variable of the region. The indirect effect corresponds to the mean of the sum of the non-diagonal elements of each (row) column of the rightmost matrix, which is expressed as the degree of influence of a unit change of the independent variable in the surrounding area on the explained variable of the region, also known as the spatial spillover effect (Elhorst and Fréret, 2009). Total effect = direct effect + indirect effect.

Since HSFC efficiency may be affected by the demonstration and imitation effects between regions and shows strong spatial correlation, the geographic adjacency distance weight matrix emphasizes the relationship between the intensity of spatial effect and spatial proximity, that is, the closer the distance between units, the stronger the spatial effect. Given this, this study constructed a spatial weight matrix based on geographic adjacency, which is specifically expressed as:

[image: image]

Equation 5, Wij is the element in the spatial weight matrix W, which represents the neighboring relationship between provinces i and provinces j.




3.2 Variable measurement and description


3.2.1 Explained variables

Based on the related research (Shu et al., 2024; Deng et al., 2016; Kuang et al., 2020; Chen, 2024), this paper employs the super-efficiency slack-based measure data envelopment analysis (SBM-DEA) model, which includes undesired outputs, to evaluate HSFC efficiency. The ‌SBM-DEA model is an efficiency evaluation method based on data envelopment analysis, which is particularly suitable for dealing with slack variable problems in decision-making units, thereby improving the accuracy of efficiency evaluation. The reason for adopting this model is that the input and output of the traditional DEA model are enlarged or reduced in the same proportion, which makes it easy to overestimate the efficiency value of DMU and thus affect the accuracy of the measurement results. The super-efficiency SBM-DEA model can not only take into account both input and output but also consider the non-expected output of each decision-making unit and obtain a more realistic efficiency evaluation result. The specific formula is as follows:
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In the Equations 6 and 7, ρ represents the efficiency evaluation value, where a higher value indicates greater HSFC efficiency. x represents the elements of the input vector, [image: image] and [image: image] are the elements in the expected output and non-expected output matrices respectively; i, r, and k are the number of input, expected output and non-expected output indicators respectively; λ is the weight of the input or output element; n is the number of decision-making units (DMUs), that is, the number of provinces. Each DMU consists of input m and expected output s1 and unexpected output s2.

Based on HSFC practices, this paper draws on existing studies (Liu and Zhang, 2024; Pu et al., 2019; Ma et al., 2020), combines policy documents such as the “Evaluation Specification for High-standard Farmland Construction” and “General Rules for High-standard Farmland Construction GBT30600-2022. The selected input and output variables used to construct HSFC efficiency are shown in Table 1.



TABLE 1 Evaluation index system for HSFC efficiency.
[image: Table1]

This study selects two types of input indicators to effectively represent HSFC inputs: ① Capital investment—Measured using agricultural comprehensive development input, this represents the total investment in HSFC. ② Labor input—Following the methodology of Wang and Zhang (2018), this study uses the number of people employed in the planting industry as a proxy.

For output variables, this study selects grain output, effective irrigation area, high-standard farmland area, and soil and water loss control area as expected output variables. Simultaneously, considering that HSFC primarily involves land consolidation and farmland irrigation, tillage carbon emissions and irrigation carbon emissions are included as undesired outputs.



3.2.2 Core explanatory variables

From an agricultural perspective, digital technology encompasses the application of digital, intelligent, and information technologies in agricultural production and management. Its core objective is to achieve efficient resource utilization and precise decision-making through data-driven processes, thereby reducing production costs, enhancing productivity, and increasing farmers’ income. Given that digital technology constitutes a comprehensive system, a multi-dimensional evaluation framework is more appropriate for assessing its impact comprehensively. This study draws on existing research (Zhao et al., 2020; Wang et al., 2023) and policy requirements of “Digital China” and “Digital Village,” and builds an index system to evaluate the digital technology at three levels: digital technology foundation, digital technology application, and digital technology users (see Table 2 for details). Drawing on existing literature (Pan et al., 2022), this study uses principal component analysis to calculate the comprehensive index of digital technology level in 30 provinces and cities based on data standardization. This method’s advantage is that it can reduce the multicollinearity problem between indicators and convert the original multidimensional indicators into a few unrelated new variables while retaining most of the original information. Therefore, this method can more objectively and truly reflect the level of digital technology.



TABLE 2 Digital technology level evaluation index system.
[image: Table2]



3.2.3 Control variables

Following previous studies (Li et al., 2023; Yang et al., 2022), this study selected the following control variables: Economic Development Level (Econ), fiscal autonomy (Fis), Farmers’ education level (Edu), rural population size (Popu), Per capita income level of farmers (Inc), agricultural mechanization level (Mech), and transportation convenience (Tran).




3.3 Data sources

This paper selects panel data from 30 provinces (cities and regions) across China from 2005 to 2017 to examine the impact of digital technology on the efficiency of HSFC. Since the management of farmland construction projects has been integrated into the unified management of the Ministry of Agriculture and Rural Affairs in 2018, the Finance Yearbook of China no longer counts the area of high-standard farmland. Therefore, this is the most complete data sample currently available. In addition, due to the serious missing values in Tibet, it is not considered in the analysis. Data were obtained from the China Statistical Yearbook, China Rural Statistical Yearbook, Finance Yearbook of China, China Population and Employment Statistical Yearbook, China Science and Technology Statistical Yearbook, and from information published on the National Bureau of Statistics website. Missing data were addressed via inferences based on time series trends and linear interpolation. Table 3 outlines specific definitions and descriptive statistics for the variables.



TABLE 3 Descriptive statistics of variables.
[image: Table3]




4 Empirical results and analysis


4.1 Analysis of the changing characteristics of digital technology level and HSFC efficiency

This study utilized the super-efficiency SBM-DEA model to evaluate HSFC efficiency. Principal component analysis was used to quantify the level of digital technology, and a regional difference analysis was conducted across four major regions: East, Central, West, and Northeast. To facilitate comparative analysis, the comprehensive index of digital technology levels was normalized on a scale of 0–1. Detailed results are presented in Table 4.



TABLE 4 Differences in efficiency of digital technology and HSFC in different regions.
[image: Table4]

From 2005 to 2017, the average efficiency of HSFC was 0.120, the minimum was 0.055, and the maximum was 0.258, showing a fluctuating downward trend. The reason may be that although the country proposed an HSFC policy in 2005 and promulgated the “National High-Standard Farmland Construction Master Plan (2011–2020)” in 2013, aiming to complete the construction of 400 million mu of high-standard farmland by 2015 and striving to build 800 million mu by 2020, thereby establishing short-term tasks and long-term goals for HSFC, the relevant departments have not clarified annual construction targets and tasks for each province. This has resulted in low enthusiasm for HSFC among provinces. Additionally, before 2017, HSFC involved multiple government departments, such as those responsible for land, finance, development and reform, water conservancy, and agriculture. In practice, this led to functional conflicts and overlapping jurisdictions, causing multiple HSFC plans to emerge in many provinces without coordinated efforts, which hindered efficiency improvements. From a regional perspective, compared with 2005, HSFC efficiency has declined in both the eastern and western regions, while that of the northeast has increased significantly by 341.38%. Specifically, the average efficiency values are 0.168, 0.066, 0.068, and 0.256 in the eastern, central, western, and northeastern regions, respectively, indicating substantial regional disparities. The reason may be that the northeast region is the main black soil protection area in China, accounting for about 44.78% of the cultivated land area in the region, and pays more attention to the construction, management, and use of high-standard farmland, so the efficiency of HSFC is higher. The eastern region is mainly plains, with stronger agricultural resource endowments, better farmland irrigation conditions, and relatively less difficulty in HSFC. In addition, the flat terrain is more conducive to the use of agricultural machinery and equipment, so the efficiency of HSFC is higher. However, due to the constraints of the natural environment and economic development, the level of agricultural development in the central and western regions is relatively low. It is difficult to implement HSFC in these regions, and the efficiency of HSFC is therefore low.

Each region’s level of digital technology exhibited a varying upward trend, with the eastern region outperforming the others, averaging 0.257. In contrast, the western region lagged in digital technology, with an average of only 0.104. One possible reason for this disparity is that the western region is constrained by several factors, including a relatively low level of economic development, an underdeveloped digital infrastructure, limited investment in science and technology, and a shortage of digital technology talent. Additionally, the western region was a late starter in the development of digital technology, resulting in an overall lower level of digital advancement compared to the eastern region.



4.2 Results of the benchmark regression analysis

Before performing regression on Equation 1, the Hausman test was conducted. The Hausman test results show that the p value is 0.0135, rejecting the null hypothesis of random effects and supporting the fixed effects model. Therefore, this study controlled for both time and individual effects, with results shown in Table 5. It can be observed that digital technology improved HSFC efficiency at the 5% significance level, regardless of whether control variables were included. This suggests that digital technology has had a significant positive impact, confirming Hypothesis H1.



TABLE 5 Benchmark regression results on the impact of digital technology on the efficiency of HSFC.
[image: Table5]



4.3 Endogeneity test

In the baseline model, potential endogeneity issues may arise due to reverse causality, omitted variables, and other factors. Firstly, higher efficiency in HSFC may lead to increased demand for digital infrastructure and related technologies, thereby promoting improvements in local digital technology levels. Secondly, the level of digital technology could be influenced by unobservable omitted variables, such as farmers’ awareness and acceptance of digital technology and the quality of local governance, which in turn may affect the efficiency of HSFC. Therefore, this study acknowledges the presence of endogeneity in examining the impact of digital technology on the efficiency of HSFC.

To address this, the instrumental variables (IV) method was employed for endogeneity testing. An ideal instrument must satisfy both exogeneity and relevance conditions. Following the current research (Huang et al., 2019; Liu and Liu, 2023; Nunn and Qian, 2014; Chen and Zhang, 2021), this study selects the interaction terms of the number of fixed-line telephones at the end of 1984 in each province and the distance from each province to Hangzhou with the national information technology service income in the previous year as instrumental variables for digital technology level and uses 2SLS to test. For the instrumental variable of the number of fixed-line telephones at the end of 1984, on the one hand, the number of fixed-line telephones per 100 people in 1984 can reflect the level of development of communication infrastructure in various places, so there is a strong correlation between the past fixed-line telephone penetration rate and the current digital technology development. On the other hand, 1984 is a long time away from current economic production activities, and with the rapid development of mobile communication technology, fixed-line phones have gradually been replaced by mobile phones. Therefore, the number of fixed-line phones in that year will not have a direct impact on the efficiency of HSFC, which meets the requirement of exogeneity of symbolic instrumental variables. For the instrumental variable of the distance from each province to Hangzhou, on the one hand, the closer the distance between the provincial capitals and Hangzhou, the higher the digital technology level, which meets the condition of instrumental variable correlation; on the other hand, because the geographical distance has very typical natural geographical characteristics, its location will not be affected by the outside world, and there is no direct correlation with the efficiency of HSFC, which meets the condition of strict exogenous instrumental variables.

The results in Table 6 show that the first-stage F values of the two instrumental variables are 43.08 and 33.77, respectively, and the Kleibergen-Paaprk Wald F value and Cragg-Donald-Wald F value are both greater than the 10% critical value of Stock-Yogo; that is, there is no weak instrumental variable problem. At the same time, the K-Paaprk LM statistics of the identifiable test are significant at the 1% level, satisfying the identifiability of the instrumental variables, indicating that the selection of instrumental variables is reasonable. After adding the instrumental variables, the second-stage regression results show that the impact coefficients of digital technology on HSFC efficiency are 0.698 and 0.648, respectively, and both pass the significance level test. The above results show that after eliminating the endogeneity problem, the conclusion that digital technology can improve the HSFC efficiency still holds.



TABLE 6 Endogeneity test results.
[image: Table6]



4.4 Robustness test


4.4.1 Changing the explanatory variable measurement method

The level of digital technology was recalculated using the entropy-weight method. The results in column (1) of Table 7 indicate that both the significance and direction of digital technology align with the findings of the baseline regression, suggesting that the regression results are relatively robust.



TABLE 7 Robustness test results: changing the measurement method, replacing the explanatory variables, and lagged the explanatory variables by one period.
[image: Table7]



4.4.2 Replacing the explanatory variables

Because digital technology relies on the Internet as a key medium (Ren et al., 2021), this study selected the level of Internet development as an alternative explanatory variable for digital technology. It was measured using the product of the length of long-distance optical cable lines and the Internet penetration rate. Column 7 (2) presents the results, which indicate that the level of Internet development significantly enhances HSFC efficiency at the 5% level. This finding suggests that the regression results remain robust even after substituting the explanatory variables.



4.4.3 Lagging the explanatory variables by one period

Digital technologies not only influence HSFC efficiency in the current period but also impact efficiency in subsequent periods. Consequently, this study incorporated a one-period lag in the digital technology level, with the estimation results presented in column 3 of Table 7. The findings indicate that digital technology with a one-period lag continues to significantly enhance HSFC efficiency.



4.4.4 Increasing sample size

Given that the previous analysis used panel data from 2005 to 2017, and considering the rapid development of digital technology alongside the government’s increasing focus on HSFC, it remains unclear whether the impact of digital technology on HSFC efficiency has changed over time. Therefore, this study draws on related research (Chen and Peng, 2024), which employed linear interpolation and proportional estimation methods to supplement data on HSFC areas and agricultural comprehensive development input from 2018 to 2021. A subsequent regression analysis was conducted to verify whether the conclusions from the benchmark regression remain valid. The linear interpolation method was the first approach, while the ratio method was the second. Specifically, for HSFC area estimation, the average proportion of such areas in each province, as reported in the China Agricultural Reclamation Statistical Yearbook, was used to estimate the corresponding construction area for each province. By analyzing the proportion of high-standard farmland in agricultural reclamation across provinces, it was found that annual fluctuations were minimal. The estimated national HSFC area in 2021 was approximately 92 million mu, closely aligned with the 106 million mu figure released by the Ministry of Agriculture and Rural Affairs, demonstrating its practical applicability.

Regarding agricultural comprehensive development investment, the agricultural comprehensive development investment for each province from 2018 to 2021 was estimated using the average proportion of such investment relative to fiscal support for agriculture from 2005 to 2017. By calculating the proportion of agricultural comprehensive development investment in each province, it was found that annual changes in the proportion were relatively stable, indicating that the ratio method was reliable.

Based on the supplementary data, the digital technology level and HSFC efficiency were recalculated, and the effect of digital technology on HSFC efficiency was estimated. The findings are presented in column (1) and (2) of Table 8. It can be seen that regardless of whether the interpolation or proportional method was used, the coefficient for digital technology remained positive and statistically significant at the 1% level. This demonstrates that the effect of digital technology on HSFC efficiency persists even after incorporating data from 2018 to 2021, supporting Hypothesis H1.



TABLE 8 Robustness test results: increase sample size, excluding municipalities, and lagged the explanatory variables by one period.
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4.4.5 Excluding municipalities

From the perspective of digital technology, the development level of the four municipalities is at the forefront of the country, so the data of the municipalities are removed and re-regressed, and the results are shown in column (3) of Table 8. It can be seen that digital technology still has a positive impact on the efficiency of HSFC, and the results are relatively stable.



4.4.6 Adjusting the time window

Since China’s rapid development and application of digital technology mainly occurred after 2011, this paper narrows the research window and adjusts the sample period to 2011–2017. The estimated results are shown in column (4) of Table 8. It can be seen that digital technology still has a significant positive impact on the efficiency of HSFC, which further verifies the robustness of the baseline conclusion.




4.5 Threshold effect test

This study used a panel threshold model to examine the incremental effects of digital technology on HSFC efficiency. Referring to the approach of Guo et al. (2023), the threshold test results and threshold estimation results were obtained using the “repeated self-sampling method” 300 times, as shown in Tables 9, 10. As demonstrated by the test results, when digital technology is a threshold variable, there is a single threshold value, which is 3.6499, respectively. This demonstrates that digital technology has a dual threshold effect on HSFC efficiency, supporting hypothesis H2.



TABLE 9 Threshold test results.
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TABLE 10 Panel threshold effect model regression results.
[image: Table10]

Figure 2 is a likelihood ratio function diagram of a single threshold value of digital technology. The critical value 7.35 of the LR statistic is greater than the threshold value, indicating that the threshold value of digital technology is real and valid.

[image: Figure 2]

FIGURE 2
 LR diagram of single threshold value of digital technology.


When the level of digital technology is below the threshold value of 3.6499, its effect on the efficiency of HSFC is statistically insignificant. However, once the digital technology level exceeds this threshold, it exerts a significant positive impact on HSFC efficiency at the 1% significance level, with an estimated coefficient of 48.933. This finding suggests that digital technology can substantially enhance the efficiency of HSFC, but only when it surpasses a certain development threshold.

The explanation may be as follows: When the level of digital technology is low, rural digital infrastructure is relatively backward, farmers’ digital literacy is not high, and digital technology is rarely used in the process of HSFC, which leads to less effect of digital technology on improving the efficiency of HSFC. Simultaneously, digital technology has not yet been deeply integrated into all aspects of HSFC. At this time, the cost of introducing digital technology in HSFC has hindered the improvement of HSFC efficiency. When digital technology develops to a certain extent, the application scenarios of digital technology in the field of HSFC are gradually increasing. Intelligent agricultural machinery and equipment, such as plant protection drones and intelligent irrigation facilities, can effectively improve the efficiency of HSFC. In addition, the use of big data technology to provide intelligent decision-making support can help the main body of HSFC make correct decisions quickly, thereby improving the efficiency of HSFC.



4.6 Heterogeneity analysis


4.6.1 Analysis of terrain heterogeneity

Cultivated land in mountainous or hilly regions is more likely to be fragmented and isolated than land in flat areas (Yu et al., 2022). This fragmentation makes mechanized operations more challenging, adversely affecting the construction of high-standard farmland. Referring to the terrain relief dataset calculated by previous studies (You et al., 2018), this study divided the samples into two categories: small relief (≤1) and large relief (>1). This classification aimed to determine whether digital technology influences HSFC efficiency differently across these areas.

The results presented in columns (1) and (2) of Table 11 indicate that digital technology significantly enhances HSFC efficiency in regions with small terrain relief. In contrast, although digital technology still has a positive effect in regions with large terrain relief, the impact was not statistically significant, and the coefficient was relatively small. This finding aligns with expectations. The diminished effect in regions with greater terrain variation may be attributed to the challenges associated with mechanized operations, which are more easily implemented in areas with less topographical variation. In such areas, the adoption of intelligent agricultural machinery, such as smart tractors and deep-plowing machines, is facilitated, thereby improving HSFC efficiency.



TABLE 11 Results of heterogeneity analysis of topography, economic development level and land transfer degree.
[image: Table11]



4.6.2 Heterogeneity analysis of economic development levels

Significant regional disparities exist in natural resource endowments, the level of digital economic development, and their respective contributions to food security. These disparities may lead to spatial variations in the impact of digital technology on HSFC efficiency. To examine whether the effect of digital technology on HSFC efficiency differs across regions with varying levels of economic development, the sample was categorized into the eastern, central, and western regions. The findings presented in Table 11 indicate that digital technology significantly enhances HSFC efficiency in the eastern region. By contrast, in the central and western regions, the effect of digital technology on efficiency was not statistically significant. The potential reasons for these regional differences are as follows. The eastern region benefits from a higher level of economic development, where the rapid advancement and application of digital technology yield greater marginal returns, thereby facilitating a more effective HSFC. In contrast, the central and western regions, which have relatively lower levels of digital technology, experience a diminished impact, although digital technology still contributes to HSFC. Specifically, the western region faces challenges related to its natural environment and slow economic development, which hinder agricultural progress. Consequently, the implementation of HSFC in these areas is less effective, reducing the positive impact of digital technology on construction efficiency.



4.6.3 Analysis of heterogeneity in the degree of land transfer

The scale effect of cultivated land is more pronounced in regions with higher levels of land transfer, which benefits HSFC. To investigate how digital technology influences HSFC under different land transfer levels, this study incorporated an interaction term between land transfer and digital technology. Column (6) in Table 11 shows that the coefficient of the interaction term is 0.083 at the 10% significance level, suggesting that digital technology is more effective in enhancing HSFC efficiency in areas with elevated land transfer levels.





5 Spatial spillover effect test


5.1 Analysis of spatial correlation results

Prior to conducting spatial econometric analysis, Moran’s I index was used to test spatial correlation. This paper conducts a test based on the spatial weight matrix of geographical adjacency, and the results are shown in Table 12. From 2005 to 2017, except for 2006 and 2012, the Moran’s I values of HSFC efficiency were significantly positive, indicating that HSFC efficiency exhibits spatial autocorrelation. Therefore, selecting a spatial econometric model for empirical analysis is reasonable.



TABLE 12 Global Moran index of HSFC efficiency from 2005 to 2017.
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5.2 Exploratory spatial data analysis

ArcGIS software was used to draw the distribution map of HSFC efficiency in 30 provinces (municipalities and autonomous regions) in China in 2005 and 2017. The quartile classification method was used to divide the HSFC efficiency into four areas according to their numerical value: higher efficiency area, high-efficiency area, medium-efficiency area, and low-efficiency area. The results are shown in Figure 3. It can be seen that in 2005, only seven provinces, including Xinjiang, Heilongjiang, Inner Mongolia, Beijing, Tianjin, Shanghai, and Hainan, had higher efficiency of HSFC, and most of the remaining provinces were at medium and low-efficiency levels. From a regional perspective, the efficiency of HSFC in the eastern coastal areas was relatively low, and most provinces in the central and western regions were at medium and low-efficiency levels. In 2017, the efficiency of HSFC in the western and eastern areas increased, such as in Gansu, Ningxia, Shanxi, and Jilin provinces, which were upgraded to higher efficiency levels, and Sichuan and Yunnan from medium-efficiency levels to high-efficiency levels. The efficiency of HSFC in a few provinces decreased, such as in Heilongjiang and Xinjiang provinces, which dropped from higher efficiency levels to medium-efficiency levels.

[image: Figure 3]

FIGURE 3
 Spatial distribution of HSFC efficiency in 2005 and 2017.


Overall, HSFC efficiency in 2005 and 2017 exhibited a northward increase in efficiency levels across regions. Specifically, the Northeast region comprised high-efficiency clusters, the Southwestern region contained medium-high-efficiency clusters, and both the Central and Eastern coastal regions were categorized as medium-low-efficiency clusters.

Moreover, this paper uses the geographic adjacency matrix to conduct local autocorrelation analysis on the efficiency of HSFC, and the specific results are shown in Figure 4.

[image: Figure 4]

FIGURE 4
 Local Moran scatter plot of HSFC efficiency in (a) 2005, (b) 2009, (c) 2013, and (d) 2017.


In the local Moran’s I scatter plot, the majority of Chinese provinces are situated in Quadrants I and III—corresponding to high–high and low–low clusters—indicating that HSFC efficiency is spatially concentrated among regions with similarly high or low performance. Only a few provinces fall into Quadrants II and IV. For example, in 2017, Quadrant I comprised Heilongjiang, Liaoning, Jiangsu, Zhejiang, Shandong, Shanghai, Jilin, and Inner Mongolia—predominantly northeastern and eastern coastal provinces with well-developed HSFC foundations and high efficiency. In contrast, Quadrant III included Shanxi, Shaanxi, Fujian, Guangdong, Guangxi, Yunnan, and Sichuan—mainly western regions where more complex conditions have led to lower construction efficiency. Tianjin and Xinjiang occupied Quadrant IV, while Beijing appeared in Quadrant II. Overall, from 2005 to 2017, the regions with higher efficiency in HSFC in China were mainly concentrated in the northeast and eastern coastal areas, while the regions with lower efficiency in HSFC were concentrated in the central and western regions, generally showing a decreasing development from east to west. Similarly, with the evolution and changes over time, the locations of some provinces and cities in the spatial scatter plot have also changed, such as Beijing, Zhejiang, Inner Mongolia, Qinghai, and other provinces.



5.3 Spatial model selection

To ensure the validity of the spatial econometric model selection, this study conducted the following tests.

First, the LM test was performed. The results indicate that both the LM-error and LM-lag tests are significant, as shown in Table 13, suggesting that the SDM is preferable to other models.



TABLE 13 Test results of spatial econometric model.
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Second, the findings of a robust LM diagnosis revealed that neither the Robust LM-Lag nor the Robust LM-Error statistics were significant. Consequently, additional LR and Wald tests were conducted, and the results demonstrated that both passed the 5% significance level test, further supporting the selection of the SDM for investigating the impact of digital technology on HSFC efficiency. Finally, the Hausman test was performed, and the results showed that the SDM with fixed effects was better. Simultaneously, since both time factors and regional individual differences may have an impact on the estimation results, the two-way fixed effects SDM was finally selected for analysis.



5.4 Spatial regression analysis

Based on the geographic adjacency matrix, this study constructed a spatial Durbin model to examine the impact of digital technology on the efficiency of HSFC. Since the estimated parameters of the spatial Durbin model cannot directly reflect the size of the spatial spillover effect, this paper, based on the research (LeSage and Pace, 2009), decomposes the spatial effect through partial differential equations. The results, presented in Table 14, reveal that the indirect effect is both negative and statistically significant at the 1% level, indicating that digital technology has a substantial detrimental impact on HSFC efficiency in neighboring areas. This finding provides further support for H3.



TABLE 14 Spatial spillover effects of digital technology on the efficiency of HSFC.
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A potential explanation for this phenomenon is the uneven distribution of digital technology across rural regions, which exhibits spatial heterogeneity. In areas with lower digital technology levels, digital infrastructure development is relatively delayed, and the lack of advanced digital technologies and tools. Regions with high digital technology levels have better digital infrastructure, stronger policy support for digital technology development, and a good digital technology development environment. In addition, digital technology has the nature of a natural monopoly, which may lead to a high concentration of digital technology in developed provinces, which will lead to the outflow of resources and talent toward regions with higher digital technology levels (Liu et al., 2022; Karacay, 2018). In other words, regions with higher levels of digital technology create a spillover effect on adjacent areas’ HSFC, resulting in a “Matthew effect,” where the “weak become weaker, and the strong become stronger,” ultimately negatively affecting HSFC efficiency in neighboring areas. Simultaneously, digital technology is still not widely used in China’s rural areas, and it is not sufficiently integrated with other HSFC components. Hence, the contribution of the digital to HSFC efficiency is restricted, rendering the fostering of a favorable relationship between digital technology and HSFC efficiency in nearby locations challenging.




6 Research conclusions and policy implications

This study utilized provincial panel data and applied fixed-effects models, threshold-effect models, and other analytical techniques to examine the impact of digital technology on HSFC efficiency. The key findings are as follows:

First, digital technology significantly enhances HSFC efficiency, a result that remains robust across various checks, including changes in the measurement of explanatory variables, substitution of variables, inclusion of a one-period lag for explanatory variables, and consideration of endogeneity. Second, threshold effect analysis indicates that the relationship between digital technology and HSFC efficiency follows a dual threshold pattern, with the impact exhibiting a diminishing marginal effect as digital technology levels increase. Third, spatial effect analysis highlights that digital technology has a significant negative impact on HSFC efficiency in neighboring regions due to spatial spillover effects. Lastly, heterogeneity analysis reveals that digital technology is particularly effective in improving HSFC efficiency in areas characterized by low topographical relief, high land transfer levels, and those located in eastern regions.

Based on the above research conclusions, the following policy implications are put forward on how to improve the construction of high-standard farmland, help protect global farmland, and thereby ensure food security.

First, strengthen rural digital infrastructure construction. Accelerate the expansion of network coverage in urban and rural areas, ensuring comprehensive deployment of 5G networks and advancing the large-scale implementation of IPv6 to enhance the role of digital technology in improving HSFC efficiency. Additionally, prioritize the construction of next-generation digital infrastructure, including the industrial internet, artificial intelligence, and fiber-optic networks. Expanding internet coverage in rural areas will capitalize on the “digital dividend” effect and reduce the costs for HSFC stakeholders to access relevant information. This will enable real-time data acquisition, interconnection, and sharing of high-standard farmland information, providing one-stop services for government decision-making and improving HSFC efficiency. Continuously promote the application of intelligent irrigation systems, soil improvement facilities, smart agricultural machinery, and other technologies in high-standard farmland areas to achieve the digital integration of hardware and software and facilitate the digital upgrading of high-standard farmland. Strengthen the coordination of rural digital infrastructure construction in various regions. For regions with low digital technology levels, the coverage of rural Internet should be expanded to give play to the “digital dividend” effect, digital technology should be introduced, and advanced experience should be learned from regions with high digital technology levels. Conversely, in regions with advanced digital technology, cross-regional training programs and knowledge-sharing sessions on rural digital infrastructure development and the application of digital technologies should be promoted. This would facilitate the establishment of a collaborative mechanism for the coordinated development of rural digital infrastructure.

Second, expedite the development of a digital HSFC system. Establish a digital HSFC system encompassing planning, design, construction, and approval by leveraging digital technologies. Through visualization, intelligent supervision, and automated information collection, fully integrate digital technology into the “pre-construction,” “construction,” and “post-construction” phases of high-standard farmland projects to enhance standardization and transparency while improving HSFC efficiency and quality. Additionally, actively develop a digital management platform for high-standard farmland, promote advanced intelligent farmland monitoring systems, and conduct real-time tracking of management activities and personnel performance.

Third, implement HSFC policies tailored to local conditions. Given the significant regional disparities in the impact of digital technology on HSFC efficiency—shaped by factors such as terrain, topography, and economic development—it is crucial to adopt region-specific policies rather than a uniform approach. In the central and western regions and mountainous areas, where rural digital infrastructure is less developed, the challenges of improving HSFC efficiency are more pronounced. Therefore, continued policy support should leverage late-stage digital technology advancements to promote its application in HSFC, with a focus on developing digitalized high-standard farmland. Conversely, in the eastern and flat regions, the rapid advancement of digital technology should be fully utilized to accelerate the establishment of digital high-standard farmland demonstration bases, create pilot zones for leading high-standard farmland, and drive the expansion of such initiatives into surrounding areas.

This paper analyzes the impact of digital technology on the efficiency of HSFC, which is of great significance to improving HSFC. It is worth noting that although this paper focuses on China, with the continuous development of global digital technology and the increasing importance of farmland protection, digital technology provides a new direction for global farmland protection. Therefore, the research inspiration of this paper also has certain reference significance for other countries. Of course, this study still has shortcomings, mainly because it fails to fully analyze the impact of obstacles such as limited digital literacy, uneven access to digital tools, and funding constraints on the spatial spillover effect of digital technology. It is difficult to gain insight into the deep logic of the negative spillover effect of digital technology, which is also the focus of subsequent research.
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