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Green is the foundation of agricultural development. By leveraging modern information technology, digital village construction injects new momentum into the green growth of agriculture. Using balanced panel data from 31 provinces in China from 2011 to 2022, this paper employs the entropy approach and SBM-GML index to measure the indicators of digital village construction and agricultural green total factor productivity (AGTFP). The impacts and mechanisms of digital village construction on AGTFP are examined through fixed effect, mediating effect, and threshold models. The findings are as follows: (1) AGTFP in China shows an overall increasing trend from 2011 to 2022, with significant growth in the western region compared to the eastern and central regions. (2) Digital village construction significantly accelerates the improvement of AGTFP, a conclusion supported by robustness tests. (3) Mechanism analysis indicates that digital village construction advances AGTFP by fostering agricultural technology innovation, enhancing agricultural human capital, and improving agricultural productive services. (4) Digital village construction has a more significant impact on major grain-producing areas, economically underdeveloped areas, and northern region compared to other regions. (5) Environmental regulation acts as a threshold effect on the impact of digital village construction on AGTFP. Digital village construction substantially impacts AGTFP when environmental regulation is below the threshold, with the positive effect continuing beyond this point but at a reduced intensity.
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1 Introduction

Advancing the greening of agriculture is essential for mitigating climate change, maintaining food security, and safeguarding the well-being of the planet’s ecosystems. In 2015, the United Nations unveiled the Sustainable Development Goals. The urgency of supporting sustainable agricultural growth and guaranteeing global food security is particularly emphasized by the second of these goals, Zero Hunger. In 2023, China’s total grain output reached 695.41 billion kilograms, while the per capita grain possession reached 493 kilograms, surpassing the internationally recognized food security line of 400 kilograms. As a populous developing country, China has achieved self-sufficiency in agricultural output. However, China’s previous agricultural development model relied heavily on chemical fertilizers and pesticides, making it unsustainable. The over-reliance on chemical fertilizers and pesticides in agricultural production has caused worldwide environmental hazards, threatening human health and food security (Dou et al., 2016; Rockström et al., 2017). Achieving the harmony and unity of agricultural productivity and environmental sustainability is an urgent issue in modern agricultural development (Koiry and Huang, 2023). To address this issue, agricultural green development is a practical solution.

There is a consensus among nations, with a general increase in focus and funding directed toward agricultural green development. In March 2020, the European Union introduced its Farm to Fork strategy. Implementing this plan is an excellent start in reducing agricultural carbon footprints and stimulating a sustainable transition in the food system. Agricultural green development is also a top priority for the Chinese government. According to the Communist Party of China’s report to the 19th National Congress, efforts should be made to address major environmental issues, tighten regulations on non-point source pollution from agriculture, and implement measures to enhance the quality of life in rural areas. Agricultural green development has also been emphasized numerous times in Central Document No. 1 in recent years. Agricultural Green Total Factor Productivity (AGTFP) fully reflects the comprehensive competitiveness of agricultural green development and has become an important indicator for measuring it. Enhancing AGTFP is a crucial step in advancing the green transformation of agriculture, which has become the predominant path of China’s agricultural development.

Traditional Total Factor Productivity (TFP) primarily focuses on improving production efficiency while ignoring the ecological impact of agriculture, which is not conducive to modern agricultural practices (Baležentis et al., 2021). AGTFP seeks sustainable and ecologically friendly economic growth by incorporating environmental considerations into TFP. AGTFP is crucial for managing the pressure of an ever-increasing population (Myeki et al., 2023), safeguarding global food security (Zhang et al., 2021), adapting to climate change, and ensuring the sustainability of agriculture (Akzar and Amandaria, 2021). Research has confirmed the beneficial impact of factors including crop insurance (Fang et al., 2021), rural industrial integration (Chen et al., 2024), and agricultural mechanization (Zhu et al., 2022b) on AGTFP. However, scholars have given less attention to the impact of recent changes in China’s village environment on AGTFP. Therefore, this paper innovatively explores the impacts and mechanisms of AGTFP from the perspective of digital village construction.

Digital technology significantly aids the advancement of rural and agricultural development. The rapid progress of information and communication technology has been the primary catalyst for the global trend of smart villages, which has emerged in recent years. In 2017, the European Commission introduced the EU Smart Village Initiative to promote balanced regional development, rural prosperity, and growth. Digital village construction has been identified as a critical tactic to solve the numerous obstacles to sustainable agricultural growth (Zhang and Zhang, 2020). In 2018, Central Document No. 1 put forth proposals for executing the digital countryside strategy. In December 2023, the National Development and Reform Commission and the National Data Bureau issued the Implementation Programme on Digital Economy for Common Wealth, making digital village construction a critical task to empower rural revitalization. The all-encompassing development of digital village construction has boosted agricultural and rural development, a prerequisite for encouraging agricultural modernization and a calculated move toward realizing the objective of rural revitalization (Shen and Ye, 2021). Its essence is to empower the whole process of agricultural production and marketing through technology and to achieve the organic combination of the new paradigm of the digital economy and the traditional production organization of agriculture (Guo and Liu, 2023). This paper argues that digital village construction is critical in promoting AGTFP. Digital village construction may effectively enhance the intelligence and precision of agricultural production and its efficiency in utilizing resources and energy. It will ultimately strengthen AGTFP. Despite previous studies examining the multifaceted consequences on rural areas (Mei et al., 2022) and farmers’ lives (Chen et al., 2022), there is a lack of thorough research on the implications of digital village construction on AGTFP. In light of this, the objective of this paper is to investigate the impacts of digital village construction on AGTFP and its underlying mechanisms. Given the current push for green development, these concerns merit investigation. This paper will provide valuable references for promoting global ecological balance, mitigating climate change, and ensuring social well-being.

This paper experimentally analyzes the influence of digital village construction on AGTFP and its underlying mechanisms using balanced panel data for 31 Chinese regions from 2011 to 2022. This paper’s contributions are outlined below. (1) Regarding research content, this work investigates how digital village construction affects AGTFP, adding to the body of literature on the subject and discussing the elements that influence AGTFP. (2) In terms of the impact mechanism, studies have verified the mediating effects of factors such as resource misallocation (Guo and Liu, 2023), agricultural scale operation, and agricultural informatization (Du J. et al., 2023) in the process of digital village construction empowering AGTFP. This paper explores how digital village construction fosters AGTFP through agricultural technology innovation, agricultural human capital, and agricultural social services. Consequently, the impact pathway of digital village construction on AGTFP is more fully recognized. (3) Previous studies have not considered the potential threshold effect of digital village construction on AGTFP. This paper uses environmental regulation as a threshold variable to investigate the threshold effect. In light of the aforementioned conclusions, targeted recommendations are provided for policymakers to optimize digital village construction to promote environmental sustainability while enhancing agricultural productivity.



2 Literature review


2.1 Digital village construction

The digital village strategy was initially introduced in the central government’s No. 1 document in 2018. Since then, scholarly investigations into digital village construction have evolved from qualitative and theoretical interpretations to quantitative evaluations and empirical analyses. First, given that digital village construction is an emerging research field, most recent studies have been theoretical, exploring the connotations of digital village construction, practical dilemmas, and path selection. The literature defines the concept of digital village construction. By using modern information networks as the primary platform and contemporary information technology as the primary engine, digital village construction refers to a set of initiatives, plans, and procedures designed to entirely reinvent rural economic development based on the advancement of the digital economy (Wang S. et al., 2021). Second, the Institute for New Rural Development at Peking University introduced the County Digital Village Index in 2022 to quantitatively measure digital village construction. The index uses Four primary dimensions to construct an extensive assessment framework: digital infrastructure, digitalization of economic activity, digitalization of governance procedures, and digitalization of citizens’ lives. Subsequently, there was a steady surge in the exploration of how digital village construction can empower rural communities and agriculture. From a broad viewpoint, digital village construction can promote rural economic growth (Wang P. et al., 2023) and sustainable rural development (Adamowicz and Zwolińska-Ligaj, 2020). The divide between towns and the countryside tends to close as the level of the digital village rises (Zhao and Zhao, 2024). At the micro level, digital village construction can significantly reduce the likelihood that rural households in China will alter their current secure situation in response to disturbances and increase their resilience (Cai et al., 2023). Additionally, by encouraging employment in other industries and asset conversion, digital village construction can significantly boost the revenue of farmers (Chen et al., 2022).



2.2 AGTFP

The domain of AGTFP research is constantly expanding and deepening. Initially, research concentrated on AGTFP measurement techniques and outcome analysis, striving to establish and improve quantitative instruments for evaluating AGTFP. Over time, scholars broadened their perspectives and initiated investigations into the diverse elements influencing AGTFP. In 1957, Robert Solow first proposed the notion of TFP, also known as the Solow residual. Since its introduction to the agricultural industry, TFP has become a crucial metric for assessing the state of the agricultural economy (Jorgenson and Gollop, 1992). With the increasing contradiction between resources and the environment, the level of resource utilization and the degree of ecological damage are involved in the evaluation index (Oskam, 1991). There are currently two categories of AGTFP research. Measuring and analyzing AGTFP comes first. Parametric and non-parametric approaches are the categories into which their measurement methodologies fall. Research on AGTFP drivers is the second. Agricultural credit inputs have been shown by researchers to considerably boost AGTFP within a region while inhibiting its growth in adjacent areas (Wang et al., 2022). Fang et al. (2021) found that increasing agricultural insurance coverage will facilitate AGTFP, and this effect will increase with the growing operation scale.

Furthermore, the researcher discovered that adopting the carbon trading pilot program boosts AGTFP (Yu et al., 2022). AGTFP’s driving force has grown over time due to the reduction of carbon quotas. In addition, some scholars have explored the drivers of AGTFP from the perspectives of integration of rural industries (Chen et al., 2024), industrial agglomeration (Luo et al., 2023), and digital inclusive finance (Gao et al., 2022).



2.3 Digitization and AGTFP

Digital village construction has become a significant concern at the national strategic level due to the ongoing advancement of digital technology and its deep integration with agriculture and rural areas. Simultaneously, indicators for evaluating agricultural digitization have evolved. Agricultural digitization indicators were initially single-dimensional but have since developed into a multi-dimensional indicator system. In previous research, academics primarily utilized the notion of agricultural informatization to determine the state of digitalization in rural regions. The association between agricultural informatization and TFP has been the leading research subject. Digital village construction is now a crucial component for the excellent growth of agriculture due to the profound advancement of the current technological revolution (Mei et al., 2022). The advent of the digital village signifies a new phase in the advancement of agricultural digitalization. In addition to positively impacting agriculture’s TFP (Fang et al., 2024), digital village construction has some ecological effects. Some studies have found an inverted U-shaped curve association between digital village construction and carbon emissions in rural areas. This effect will vary depending on the stage of regional economic development (Hao et al., 2022). While Tang and Chen (2022) confirmed that the development of digital villages can increase the effectiveness of greening arable land, a thorough empirical examination of its underlying influence mechanism is lacking. On this basis, Lin and Li (2023) found that digital village construction can enhance agroecological efficiency through agricultural scale operation and optimizing agricultural planting structure. However, other researchers have discovered that digital village construction lowers ecological performance by using the e-commerce into rural comprehensive demonstration zone policy as a quasi-natural experiment (Zhang and Zhong, 2023).

By combining the relevant literature in this field, it was found that the literature has conducted relevant studies on the evaluation methods and driving elements of AGTFP. Scholars have begun concentrating on the impact of digital village construction on agriculture as a result of the progression of the digital village strategy. The findings of previous studies serve as a valuable guide for this paper. Nonetheless, there is still space for the current study to be improved and expanded upon: (1) Existing research mostly starts from a single indicator, such as access to the internet and the degree of agricultural information, to explore its impact on agricultural development, and less research has focused focus on the effect of digital village construction on agriculture. (2) Research on the mechanisms influencing AGTFP is not well-represented in the literature currently, and a relatively small amount of studies have empirically examined the connection between digital village construction and AGTFP. Thus, this work investigates the effect of digital village construction on AGTFP and provides additional clarification on the impact mechanism of digital village construction on AGTFP based on previous research. Ultimately, policy proposals for China’s digital village construction are proposed in light of the paper’s findings to support rural green development while accomplishing agricultural modernization.




3 Theoretical analysis and hypothesis


3.1 Digital village construction and AGTFP

Digital village construction has greatly influenced several facets, such as agricultural production, rural life, and village governance, by utilizing modern technologies, particularly the web, big data, artificial intelligence, and other tools. The following points illustrate how digital village construction affects agriculture’s green development. First, digital village construction reduces the transaction costs faced by farmers due to information asymmetry and other factors by providing efficient information services (Zanello, 2012). Using this platform, agricultural producers can quickly and accurately grasp the dynamics of land supply and demand, improve land resource allocation, and promote agricultural development toward large-scale operation. The large-scale management of agriculture fosters the popularization of environmental protection agricultural technology and the optimization of agricultural structure (Du J. et al., 2023), achieving the efficient use of resources, increasing production efficiency, and boosting the green transformation of agriculture (Wei et al., 2022). Second, the efficiency and transparency of information sharing have progressively increased with the ongoing development and application of information technology (Ji et al., 2023). The information-based regulatory capacity of agricultural green production has strengthened (Arts et al., 2016). The application of artificial intelligence, remote sensing satellites, and Beidou navigation to agricultural production has accelerated (Shin and Choi, 2015), improving agricultural production efficiency and precision and reducing resource waste and environmental pollution. In addition, digital village construction promotes establishing an information-based regulatory system for agricultural green production, thus strengthening the supervision and management of environmental protection standards for agricultural production (Granell et al., 2016) and guaranteeing the quality of agricultural goods and the safety of the natural environment. Thus, hypothesis 1 is put out in this work.


Hypothesis 1. Digital village construction can contribute to AGTFP.
 



3.2 Influence mechanisms of digital village construction on AGTFP

The permeability of digital technology is driving the digital transformation of production elements and production relations, thereby altering the model of social and economic growth. Digital village construction can empower agriculture in the agricultural sector through three dimensions. First, technological empowerment: digital village construction can lead to technological agricultural innovations. These innovations can optimize agricultural production processes and are critical for raising AGTFP. Second, labor empowerment: digital village construction can attract talent to the countryside and improve the comprehensive literacy of farmers, thus enhancing rural human capital. Human capital, as a carrier of information and expertise, is vital for the progress of AGTFP. Third, management empowerment: digital village construction accelerates the growth of agricultural productive services through technological support. Agricultural productive services, which provide crucial information and managerial guidance, facilitate AGTFP growth. Collectively, these three approaches have boosted AGTFP and offered a fresh outlook for the sustainable development of agriculture.


3.2.1 Digital village construction, agricultural technology innovation, and AGTFP

Technological innovation is the core of improving food output and enhancing agricultural productivity, sustainability, and resilience (Liu et al., 2021). Digital village construction has expedited the agricultural sector’s technical advancement rate. The adoption of advanced technologies could enhance AGTFP while lowering the detrimental effects of agricultural production on the environment (Wang H. et al., 2021). First, digital village construction is a significant component in advancing the creation of a digital China and a strategic path for rural rejuvenation. This objective has sped up the adoption of digital technology in agriculture and encouraged the invention of innovative agricultural technologies. Second, digital village construction has reinforced the rural advancement of information infrastructure. The popularization of broadband and mobile communication networks has established a strong hardware basis for technology innovation and accelerated the application and popularisation of advanced agricultural technologies. Innovation in agricultural technology greatly maximizes the distribution of production elements, enhances the efficiency of traditional energy use, and reduces the carbon footprint from agricultural production (Zhu et al., 2022b). In addition to significantly increasing the productivity of production factors, the use of advanced technology in agriculture can spur the development of novel agricultural production practices. For instance, it supports the growth of ecological agriculture. It ensures that agricultural production activities and the natural environment remain harmonious. Consequently, hypothesis 2 is put out in this work.


Hypothesis 2. Digital village construction can enhance AGTFP by promoting agricultural technology innovation
 



3.2.2 Digital village construction, agricultural human capital, and AGTFP

Human capital is a crucial and scarce resource for digital village construction. Enhancing agricultural human capital is instrumental in elevating the quality and efficiency of agricultural management. This enhancement is essential for advancing AGTFP. Farmers’ digital quality improves and highly qualified talent returns, both of which are indicators of increased agricultural human capital. While promoting innovation and entrepreneurship in villages (Audretsch et al., 2015), digital village construction also opens up diverse employment avenues for residents (Ma and Han, 2023). The widespread use of digital technology provides a new employment direction and career development opportunities for high-skilled labor, promotes the return of talent to the agricultural field, and injects new vitality into the sustainable development of agriculture. Highly skilled personnel can not only develop and promote new agricultural technologies but also spread the concept and knowledge of green agriculture to more agricultural producers and enhance farmers’ environmental awareness and technical level, thus improving agricultural production efficiency and ecological friendliness. As digital village construction continues, rural communities’ digital infrastructure has steadily improved, providing farmers more diversified access to knowledge and information. Farmers can now more easily access market trends and learn advanced agricultural technologies and management strategies, enhancing their information literacy and agricultural production management skills. It has positively impacted the promotion of green production practices and AGTFP (Du F. et al., 2023). Accordingly, hypothesis 3 is put out in this work.


Hypothesis 3. Digital village construction can enhance AGTFP by enhancing agricultural human capital.
 



3.2.3 Digital village construction, agricultural productive services, and AGTFP

The agricultural productive service industry refers to the industry that specializes in providing intermediate services for the producers of agricultural products, and its services cover the entire agricultural production process. Promoting agricultural productive services is essential for accelerating the process of agricultural modernization and promoting rural industrial revitalization. Along with the depth of digital village construction, agricultural productive services will also improve. On the one hand, digital village construction provides a perfect infrastructure for agricultural productive services, providing accurate data supply and thus improving the productivity and accuracy of agricultural productive services. On the other hand, the adoption of modern digital techniques dramatically expands the service scope of the agricultural productive service industry. It stimulates innovation in its service mode and content to address farmers’ diverse demands more accurately and upgrade efficiency and quality of service. To pursue maximum economic returns, farmers tend to apply agricultural inputs, including pesticides, chemical fertilizers, and agro-film in excess during farming, to increase agricultural output, which places a significant burden on the ecological environment (Xu et al., 2022). Agricultural productive services are a vital way to alleviate these problems.

First, agricultural productive service organizations can popularize and promote water-saving irrigation, organic farming, and other environmentally friendly agricultural technologies to farmers and guide agricultural business entities to adopt scientific and environmentally friendly production technologies and management methods (Yang et al., 2013), thereby reducing agricultural pollution related to the agricultural production process and reducing agricultural non-desired output. Second, enhancing the level of expertise at each link in the agriculture value chain is agricultural productive services (Zhu et al., 2022a). The benefits of specialization brought about by the division of labor enhance agricultural productivity and alleviate the excessive use of agrochemicals (Sims and Kienzle, 2017). In addition, accompanied by technological innovation, agricultural productive services can be digitized and intelligently upgraded, allowing farmers to access information more conveniently and effectively, feeding back the market demand for green agricultural goods to farmers and incentivizing them to carry out green production. Accordingly, hypothesis 4 is put out in this work.


Hypothesis 4. Digital village construction can enhance AGTFP by promoting agricultural productive services.
 




3.3 Digital village construction, environmental regulation, and AGTFP

Environmental regulation aims to safeguard the environment by controlling different activities that contaminate the public space, and it is an essential element of social regulation. Using a range of legislative and policy initiatives, environmental regulation effectively reduces pollutant emissions, thus weakening ecological damage. Two major groups of academics have different perspectives on how environmental regulations affect agriculture. Some scholars advocate innovation compensation theory, arguing that appropriate environmental regulation can stimulate agricultural farmers to incorporate more environmentally friendly technologies and methods (Porter and Linde, 1995), promote ecological and sustainable agriculture, and improve AGTFP. Other scholars follow the cost theory, emphasizing that environmental regulation may bring additional costs to agricultural production (Barbera and McConnell, 1990), putting pressure on agricultural production, especially for small-scale farmers and economically underdeveloped areas, and affecting their competitiveness. In addition, the increase in environmental management costs will crowd out the R&D expenditures of cleaner agricultural technologies, increasing the financial burden on agricultural producers. It may lead to a decline in AGTFP in the short term. The role of environmental regulation in digital village construction to promote AGTFP depends on the dynamic relationship between innovation compensation and the cost of compliance under different intensities. Therefore, a non-linear link exists between digital village construction and AGTFP. Thus, hypothesis 5 is put out in this work.


Hypothesis 5. Environmental regulation has a threshold effect on the impact of digital village construction on AGTFP.
 

Figure 1 depicts the theoretical framework of this paper.

[image: Figure 1]

FIGURE 1
 Theoretical analysis framework.





4 Measurement of AGTFP


4.1 Indicators selection


4.1.1 Input indicators

This paper selects labor, land, water, energy, chemical fertilizers, agrochemicals, and agro-films as indicators of agricultural inputs. Among them, labor input is measured by primary industry employees. The crop sown area serves as a gauge for land input. The quantity of water utilized in agriculture is used to calculate water input. Agriculture’s energy intake is calculated by how much power is used. Chemical fertilizer, agrochemical, and agro-film are measured by the number of pure chemical fertilizers used, the agrochemicals used, and the amount of agro-films used, respectively.



4.1.2 Desired output

The gross value of forestry, livestock, fishery, and agriculture deflated for the 2011 base period is used to calculate the desired output.



4.1.3 Undesired output

This paper identifies six primary sources of agricultural carbon emissions by extensively investigating agricultural production practices and reviewing pertinent research findings. First, carbon emissions are generated by the use of agricultural films, pesticides, and fertilizers. Second, plowing alters soil structure and emits greenhouse gases. Third, burning fossil fuels during irrigation and using agricultural machinery contributes to carbon emissions. To more accurately assess the effects of these actions on nature, an indirect pollution quantification can be achieved by using carbon emissions as a proxy variable. Undesired output was measured using carbon emissions from agriculture. The type of carbon source, its quantity, and the related carbon emission coefficient are the three components required for estimating total carbon emissions, according to Li et al. (2011). Equation 1 presents the equations.

[image: image]

In Equation 1, [image: image] is the sum of carbon emissions. [image: image] shows the carbon emissions per source selected for this paper. [image: image] represents the quantity of each carbon source. [image: image] represents the carbon emission factor. Table 1 offers the individual carbon emission factors.



TABLE 1 Carbon emission factor for agriculture.
[image: Table1]




4.2 Measurement method


4.2.1 Super-efficiency SBM model

Methods for measuring production efficiency can be categorized into parametric and non-parametric methods. The stochastic frontier production function (SFA) represents the former and the latter using the data envelopment analysis (DEA) method. The SBM model (Tone, 2001) and the super-efficiency SBM model (Tone, 2002) are extensions and enhancements of the traditional DEA model. Compared with other models, the super-efficiency SBM model has several outstanding advantages. First, compared with SFA, the super-efficiency SBM model avoids presetting the production function form, reducing subjectivity in the model setting process and enhancing the efficiency assessment’s objectivity. Second, compared with the traditional DEA model (represented by the CCR model and BCC model), the non-radial and non-angle super-efficiency SBM model simultaneously considers the slack variables of inputs and outputs, reflecting the actual situation of each factor more objectively, thereby avoiding the measurement errors caused by the radial and angle selection problems of the traditional DEA model. Third, the super-efficiency SBM model can handle situations containing undesired outputs, demonstrating its unique application value in environmental efficiency assessment. Fourth, the super-efficiency SBM model can assess the efficiency of effective units in a more detailed way, identifying slight differences in AGTFP across each Chinese province. Nonetheless, the super-efficiency SBM model cannot handle cases where input and output variables exhibit radial and non-radial characteristics. Considering the above factors, this paper assesses AGTFP using the super-efficiency SBM model.

In Equation 2, [image: image] is the decision unit efficiency value. x, y, and b are the input, desired, and undesired output vectors. [image: image] and [image: image] are slack variables. [image: image] is a vector of weights in the model. When [image: image], the system is considered to be efficient.
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4.2.2 Global Malmquist-Luenberger index

The super-efficiency SBM model evaluates individual decision-making units’ production efficiency values at a given technology level. The efficiency value determined by the model, however, does not visualize the dynamics of productivity over time; instead, it is a static indicator. Therefore, based on the super-efficiency SBM model, the Global Malmquist-Luenberger (GML) index is used to measure AGTFP to achieve an inter-period comparison of productivity. The formula is as follows.

[image: image]

In Equation 3, [image: image] represents the change in AGTFP from period t to t + 1. [image: image] and [image: image] denote the values of the efficiency distance function at times t and t + 1, respectively, which measure the relative efficiency of the decision-making unit at times t and t + 1. When the GML index surpasses 1, the efficiency of the decision unit at time t + 1 has increased relative to time t. If the GML index is below 1, the production efficiency has decreased compared to the base period. The case where the GML index is precisely 1, on the other hand, reflects that the productivity of the decision-making module has remained stable over the assessment period.




4.3 Measurement results

Using 2011 as the base year, the AGTFP of 31 provinces in China was measured from 2011 to 2022. Three areas were created out of the provinces by considering their geographic locations: East, Central, and West. Figure 2 depicts the findings of the computation. At the national level, the GML index consistently remained above 1 during the decade from 2012 to 2022. Specifically, the GML index increased from 1.017 in 2012 to 1.072 in 2017. It then increased to 1.150 in 2022, showing an overall upward trend. It reflects that Chinese agriculture is gradually transforming toward a more environmentally friendly and sustainable green development path. Notably, under the influence of the COVID-19 epidemic in 2020, AGTFP in regions other than the east of China decreased to varying degrees, especially in the West. The AGTFP in the east, central, and west at the regional level increased steadily during the sample period. As shown in Figure 2, the West performs exceptionally well in terms of the growth of AGTFP. Specifically, in 2012, the region’s GML index was 0.994, lower than other regions. However, by 2022, the index had increased significantly to 1.178, not only catching up but also jumping above the national average. This jump shows that although the economic and agricultural progress of the West is slightly lagging behind that of the East and Central, this phenomenon provides the region with a unique late-comer advantage, indicating its vast growth potential. In transitioning to a green economic system, the West can actively change its traditional agricultural production mode and structure. In addition, the West can reach the target of specialization and scale in production by learning and adopting advanced green production technology to catch up with other regions and show a strong development momentum in upgrading the greening of agriculture.

[image: Figure 2]

FIGURE 2
 Evolutionary trend of the AGTFP.





5 Research design


5.1 Model specification

The present study develops an econometric model to investigate the influence of digital village construction on AGTFP through empirical means, depending on the theoretical analysis presented above.

[image: image]

In Equation 4, i indicates the region. t indicates the year. [image: image] is the AGTFP of province i in period t. [image: image] is the digital village construction degree of province i in period t. [image: image] is the coefficient to be estimated, indicating the direction and magnitude of the effect of digital village construction on AGTFP. [image: image] stands for control variables. [image: image] represents the constant term. [image: image] and [image: image] represent the province and year fixed effects, respectively. [image: image] represents the potential random error term.

In this paper, the mediating effect was adopted according to Jiang (2022), and agricultural technology innovation, agricultural human capital, and agricultural productive services were selected as the mediating variables. The modeling is as follows.

[image: image]

In Equation 5, [image: image] represents the mediating variable. [image: image] is the coefficient to be estimated, indicating the degree and direction of the influence of digital village construction on the mediating variable.



5.2 Variables definition


5.2.1 Dependent variable

This paper uses AGTFP as the dependent variable. Since the AGTFP calculated above is a chained growth index from time t to t + 1, this paper transforms it into a cumulative value with 2011 as 1. Hence, the AGTFP in 2012 was the product of the AGTFP in 2011 and the GML index in 2012. The AGTFP was calculated analogously for subsequent years.



5.2.2 Independent variable

Digital village construction aims to advance digital transformation across all rural and agricultural facets. This construction process involves a wealth of content and covers various participating subjects. Therefore, when assessing the state of digital village construction, the academic community tends to establish an integrated system of evaluation indicators. According to the relevant literature, combined with data availability, this paper creates a system of indicators containing three dimensions, and the detailed metrics are listed in Table 2. The comprehensive score of each province’s digital village construction level is then determined using the entropy approach, and it serves as the independent variable for this paper. Among these indicators, weather stations are devices that gather and quantify data concerning atmospheric phenomena, which is crucial for forecasting weather conditions, analyzing climate change, and evaluating the state of the environment. However, these statistics are insufficient for agricultural needs. Consequently, agrometeorological stations were established. Agrometeorological stations track meteorological features directly related to agriculture, specialize in meeting agricultural production needs, and assist farmers in promptly updating their agricultural production strategies.



TABLE 2 Digital village construction indicator system and reference sources.
[image: Table2]



5.2.3 Mechanism variables

Agricultural technology innovation: The quantity of patents is usually regarded as an essential gauge of technical advancement. According to Liu et al. (2021), the number of patents per capita is valuable for gauging agricultural technology innovation in rural settings. Agricultural human capital: The actual per capita human capital data of rural areas in China Human Capital Report 2023 was adopted. Agricultural productive services: According to Tang et al. (2023), the gross value of services in forestry, agriculture, livestock, and fisheries per unit of sown area is a proxy for the degree of productive agricultural services. In empirical evidence, logarithms are utilized.



5.2.4 Threshold variable

In this work, environmental regulation serves as the threshold variable. Referring to Lv et al. (2021), the amount of environmental investment divided by the annual gross agricultural product was used to assess the state of environmental regulation.



5.2.5 Control variables

To exclude the impact of external factors on AGTFP, drawing on the relevant literature (Sun, 2022; Bai et al., 2023), the indicators of urban–rural income distribution, fiscal expenditure on agriculture, agricultural disaster rate, agricultural machinery density, and agricultural cropping structure are picked as control variables. The ratio of per capita disposable income in urban areas to that in rural areas is utilized to indicate the income distribution. The logarithm of local financial expenditure on forestry, water affairs, and agriculture is used to estimate the amount of financial expenditure on agriculture. The disaster area to total sown area ratio represents the agricultural disaster rate. Agricultural machinery density is measured by the power of agricultural machinery per unit sown area. The proportion of the area devoted to food crops to the overall area of crops is employed to express the agricultural crop structure.




5.3 Data sources

For the independent variables, data on Taobao villages originate from the China Taobao Village Research Report from previous years. The Peking University Digital Financial Inclusion Index report sourced the digital financial inclusion index. Data on farmers’ consumption levels of digital services come from the China Statistical Yearbook. The rest of the indicators, such as agrometeorological stations, derive from the National Bureau of Statistics. For the dependent variable, all data come from the National Bureau of Statistics website, except for those employed in the primary sector, which come from provincial statistical yearbooks. All data were sourced from the National Bureau of Statistics website for control variables. Human capital statistics were sourced from the China Human Capital Report 2023 for the mediating variables. Data on patents were collected from the China National Knowledge Infrastructure Patent Database. Raw data on agricultural productive services come from the China Tertiary Industry Statistical Yearbook. The data for the threshold variables were obtained from the China Environmental Statistics Yearbook. For missing data for individual years in some provinces, the paper employed linear interpolation to supplement the data.



5.4 Descriptive statistical analysis

Table 3 shows the characteristics of the variables. From 2011 to 2022, the standard deviation of China’s AGTFP was 0.480, and the maximum and minimum values were 3.210 and 0.587, respectively, indicating a significant difference in each province’s AGTFP. For digital village construction, the values range from 0.015 at the lowest point to 0.767 at the highest. The standard deviation is 0.113, which reflects that the overall level of digital village construction needs to be improved and that there is uneven development among regions. Analysis of the mean and standard deviation of the mediating and threshold variables reveals significant disparities among Chinese provinces regarding productive services, technological innovation capacity, and environmental regulation. Analysis of the control variables shows that Chinese provinces have relatively balanced urban–rural income distribution, more significant financial support for agriculture, higher mechanization density, and a relatively balanced agricultural structure, all providing the necessary conditions for green agricultural development.



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




6 Empirical results


6.1 Baseline regression results

Table 4 reports the baseline regression results for the impact of digital village construction on AGTFP, which are regressed empirically without and with control variables. Column (1) of Table 4 shows the results without adding control variables, which shows that the estimated coefficient is 1.464 and is significantly positive at the 1% level, which indicates that digital village construction can promote AGTFP; thus, hypothesis 1 is initially verified. On this basis, by introducing the control variables of the income distribution, financial expenditure on agriculture, agricultural disaster rate, agricultural machinery density, and agricultural structure, the regression coefficient becomes 0.817. Its effect on AGTFP is still significant at the 1% level. Regardless of the insertion of control factors, the results demonstrate that the influence of digital village construction on AGTFP is considerably positive at the 1% level, revealing that digital village construction is essential for encouraging AGTFP. Hypothesis 1 is proved. The extant literature supports this conclusion. Using a sample of 1740 county-level administrative units in 2019, Du J. et al. (2023) demonstrated the role of digital village construction in enhancing AGTFP. Despite some differences in the data samples used, the consistency of the findings strongly supports the reliability of the conclusions presented in this paper.



TABLE 4 Baseline regression results.
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Regarding the control variables, AGTFP is significantly improved by the income distribution gap between urban and rural areas. This finding reveals that moderate income disparity can effectively incentivize agricultural production to shift to greener and more efficient production methods, thus enhancing AGTFP. However, the effects of financial expenditure on agricultural support and machinery density on AGTFP are significantly adverse. The possible reason is that the current development model in China still relies mainly on traditional methods of resource consumption. In this context, financial support for agriculture may inadvertently intensify inputs to the traditional agricultural model, which not only exacerbates the demand for natural resources but also exacerbates the problem of environmental pollution, which is not conducive to enhancing AGTFP. The use of agricultural machinery increases fuel consumption, which in turn increases greenhouse gas emissions, adversely affecting the ecology and thus limiting the positive role of agricultural mechanization in promoting AGTFP. In addition, the effect of the agricultural disaster rate on AGTFP is negatively correlated. Besides, the influence of agricultural structure shows a positive correlation, but neither effect reaches a statistically significant level.



6.2 Robustness tests

The following five robustness tests are used to verify the robustness of the influence of digital village construction on AGTFP.


6.2.1 Replacing the measurement method of the dependent variable

The previous section used the GML index method to calculate China’s AGTFP. To examine the robustness of the results, AGTFP is re-measured in this section using the CCR model, a more traditional DEA model for evaluating the size and technical efficiency of DMUs, which has strong feasibility and applicability in practical applications. By adopting the new calculation method to estimate AGTFP and including it as the dependent variable in the regression model, the results are displayed in column (1) of Table 5. The results show that the digital village construction regression coefficient on AGTFP drops to 0.175, a reduction compared to the baseline regression results. This phenomenon is attributed to the inherent differences in the measurement of efficiency values between the CCR model and the super-efficiency SBM model, highlighting the precision differences between the models in measuring efficiency. Nonetheless, the regression coefficients for digital village construction remain positive and significant at the 1% level even after adjusting for the different measures. This result confirms that the benchmark regression results are reliable.



TABLE 5 Robustness tests.
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6.2.2 Replacing the measurement method of the independent variable

The entropy method measures the core independent variable digital village construction in the benchmark regression. To avoid interference from different measurement methods in the results, this section uses principal component analysis to measure the degree of digital village construction again. Principal component analysis is a multivariate statistical analysis technique that captures the critical information embedded in the raw variables by extracting a few linear combinations. This approach effectively avoids the repetition of information owing to the increased number of indicators, reduces redundancy, and improves the efficiency of data processing, leading to a more precise assessment of the characteristics and evolutionary trends of the research object. After being re-measured via principal component analysis, the variables related to digital village construction are substituted into the model and re-examined. As indicated in column (2) of Table 5, the regression coefficient for digital village construction on AGTFP is 0.186. It is significantly positive at the 1% level. The difference in the results stems from the differing data processing methods of the two approaches. The entropy method emphasizes the informativeness and balance of the indicators. In contrast, the principal component analysis method prioritizes extracting the central variability of the data. Even with different measurement methods, the positive effect of digital village construction on AGTFP is still significant, indicating the robustness of the above findings.



6.2.3 Excluding municipalities

Compared with other general provinces, municipalities have unique characteristics in terms of administrative level, geographic factors, economic positioning, and agricultural development conditions. To ensure the comparability and dependability of the results and to avoid the potential interference of these unique factors on the model estimation, the municipalities in China, Beijing, Tianjin, Chongqing, and Shanghai, were removed from the model analysis in this paper. Using the new samples, the model is re-estimated. Column (3) of Table 5 gives the results. After excluding the municipalities’ sample, the digital village construction’s positive impact on AGTFP becomes significantly higher, with the regression coefficient rising to 1.145. The possible reason is that municipalities have limited environmental carrying capacity. Thus, their agricultural policies may emphasize ecological protection and sustainable development more. While digital village construction is essential for promoting green agricultural development, its impact on municipalities may be weaker due to existing local environmental policies. The results above reaffirm the reliability of the paper’s conclusions.



6.2.4 Trimming

Extreme values or outliers may greatly impact statistical analyses and model estimation. The disturbance of these outliers on the analytical results can be reduced by shrinking the tails. To ensure the dependability of the analytical results and reduce the possible disturbance of outliers on model estimation, the main variables were subjected to tailoring at the 1% quartile. After the trimming of the variables, the model was re-estimated with parameters. As indicated in column (4) of Table 5, the coefficient for digital village construction remains significantly positive even after accounting for possible bias from extreme values. This finding suggests that digital village construction positively enhances AGTFP and that this effect is stable and reliable.



6.2.5 Adding control variables

Within the framework of the existing control variables, the degree of industrialization and the state of rural roads are further introduced as control variables to enhance the explanatory power and robustness of the model. The percentage of industrial-added value to gross regional product signifies industrialization. The state of rural roads is represented by the ratio of (total highway mileage of the province—highway mileage—first-class highway mileage) to the province’s area. After re-estimating the model, column (5) of Table 5 depicts the regression results. The regression coefficient remains significantly positive even after incorporating a more comprehensive set of control variables. This finding further strengthens the previous conclusion that digital village construction positively affects AGTFP and that this effect is robust across different model settings.




6.3 Endogeneity issue

The Endogeneity issues may challenge the findings of the previous study. Digital village construction uses information technology to increase AGTFP. However, regions with greater AGTFP are also likely to have higher requirements for infrastructure, information technology, etc., which drives digital village construction. To mitigate the impact of this reverse causation on the results as much as possible, this paper adopts an instrumental variables(IV) approach by employing the two-stage least squares.

Referring to Bartik (2009), the Bartik IV [image: image] is constructed, where [image: image] is the degree of digital village construction lagged by one period and [image: image] is the first-order difference at the national level of digital village construction over time. Bartik’s instrumental variables can effectively mitigate endogeneity problems caused by reverse causality. This instrumental variable theoretically satisfies the two essential properties required of an instrumental variable. In terms of correlation, this variable includes one lagged period of digital village construction, and the level of digital village construction in the current period is inevitably affected by the level of digital village construction in the lagged period. Therefore, this instrumental variable is highly correlated with the endogenous variables in this paper. From the perspective of exogeneity, the exogeneity of this instrumental variable mainly derives from different terms. Since the level of digital village construction at the national level is derived from the mean value synthesized by the 31 provincial administrative regions, its trend will not be significantly affected by individual provincial administrative areas. The difference term is exogenous relative to individual regions. In summary, the only channel through which this instrumental variable affects the dependent variable is the associated endogenous independent variable, ensuring the original endogenous independent variable is estimated consistently.

The Bartik IV regression results are illustrated in columns (1) and (2) of Table 6. Apart from this, this paper adopted the method of Chen and Chu (2023) to estimate the first-order difference value of the digital village construction level in each year of the country. It implements the de-one method (LOO) processing. This step is intended to reduce the effect of the increase in digital village construction in a single region on the overall national growth rate. The regression results using the LOO method are displayed in columns (3) and (4) of Table 6.



TABLE 6 Endogeneity issue.
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The initial stage regression results are displayed in columns (1) and (3). The hypothesis of weak IV is rejected since the F values of the two instrumental factors in the first stage are more significant than 10. The Cragg-Donald Wald F-statistic is bigger than the crucial value of 16.38 under 10% bias. Columns (2) and (4) show the results for the second stage IV, demonstrating that after identifying the endogeneity issue, digital village construction still significantly impacts AGTFP, further verifying hypothesis 1. The estimation results in Table 6 indicate that digital village construction can promote AGTFP, regardless of whether the IV is constructed using the Bartik or LOO methods.



6.4 Mechanisms test

To circumvent the problems of overuse and endogeneity bias present in the traditional step-by-step test of mediating effects, this paper relies on the two-step method proposed by Jiang (2022) to conduct the mediating effects test. The impact of each mediating variable on AGTFP has already been verified through the literature review. Therefore, this section focuses on whether digital village construction can influence the mediating variables, thus verifying the mediatings effect.


6.4.1 Agricultural technology innovation

Agricultural technology innovation csan minimize the consumption of resources by improving resource use efficiency while lowering the utilization of pesticides and fertilizers to reduce environmental pollution. Numerous studies have confirmed that agricultural technology innovation has an advantageous influence on AGTFP (Zhang et al., 2022; Dai et al., 2023; Liu Y. et al., 2023). Thus, this investigation covers only the effect of digital village construction on agricultural technology innovation. As shown in column (1) of Table 7, the main regression coefficient is 2.652, indicating that digital village construction can significantly promote agricultural technology levels. Through the integration and application of modern information technology, digital village construction has provided significant impetus to agricultural technological innovation and accelerated the practical application of these innovations. The enhancement of agricultural technology innovation improves the efficiency of agricultural resources and energy use, thereby promoting the enhancement of AGTFP. Therefore, digital village construction significantly promotes agricultural technology innovation, thus facilitating the improvement of AGTFP. It verifies hypothesis 2.



TABLE 7 Mechanisms test results.
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6.4.2 Agricultural human capital

As an endogenous driver of agricultural growth, human capital in agriculture plays a crucial part in promoting the green transformation of agriculture. It constitutes an innovative starting point for sustainable agricultural development and an essential component in realizing this transformation. The favorable effect of agricultural human capital accumulation on agricultural green growth has been confirmed by the lSterature (Ren et al., 2022; Wang Y. et al., 2023). As shown in column (2) of Table 7, the regression coefficient is 0.389, indicating that digital village construction can enhance rural human capital. Digital village construction has not only attracted a large number of technical and managerial talents but also provided opportunities for knowledge updating and skills upgrading in rural areas. By leveraging network platforms, digital village construction can promote the cross-regional sharing of educational resources and improve the accessibility of rural education. Through these channels, rural human capital has been gradually upgraded, thereby providing intellectual support for the green and intelligent transformation of agriculture. Therefore, digital village construction enhances AGTFP by facilitating the accumulation of agricultural human capital. It verifies hypothesis 3.



6.4.3 Agricultural productive services

Strengthening the construction and improvement of agricultural productive services is of great significance in promoting the process of agricultural modernization. Numerous academics have studied the relationship between agricultural productive services and agricultural sustainable growth, and they all concur that these services can increase AGTFP (Zhu et al., 2022a; Bai et al., 2023; Tang et al., 2023). Column (3) of Table 7 shows the results, and the coefficient is 0.796 and is positive at the 1% level, showing that digital village construction can improve agricultural productive services. Digital village construction further encourages the growth of AGTFP by optimizing agricultural productive services, such as providing timely market information, efficient supply chain management, and high-quality policy advisory services, thereby enhancing the quality and accessibility of services. Therefore, digital village construction enhances AGTFP by improving agricultural productive services. It verifies hypothesis 4.




6.5 Heterogeneity analysis


6.5.1 Heterogeneity of agricultural functional attributes

To arrange agricultural output in the most efficient way possible, guarantee food security, and provide an adequate quantity of necessary agricultural products, the Ministry of Agriculture and Rural Development of China issued the National Cultivation Structure Adjustment Plan (2016–2020), which divides 31 provinces into 13 major grain-producing areas and 18 non-major grain-producing areas, considering the specificities of different regions in terms of food consumption and production. Differences in agricultural policies, planting structures, and production methods in various functional areas can impact the AGTFP. Therefore, according to the functional attributes of agriculture, the sample is divided into two areas to conduct regressions separately to examine the impact of digital village construction on AGTFP in areas with different functional attributes. According to columns (1) and (2) of Table 8, the effect of digital village construction on AGTFP is significantly positive at the 5% level in both areas. The difference is that the regression coefficient of digital village construction is more significant than that of non-major grain-producing areas in major grain-producing areas, indicating that digital village construction can promote AGTFP in major grain-producing areas. Slightly different from the division adopted in this paper, Guo and Liu (2023) subdivided non-major grain-producing areas into food marketing and balance areas. However, their study demonstrates that digital village construction significantly affects AGTFP in major grain-producing areas.



TABLE 8 Heterogeneity analysis results.
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The possible reason for this is that the major grain-producing areas, due to their rich agricultural production resources and strong policy support, tend to be the pioneer zones of agricultural modernization and agricultural technology innovation, which means that the major grain-producing areas not only possess progressive agricultural technology but also show significant advantages in agricultural management and operation. In addition, because of their large-scale agricultural production activities, major grain-producing areas are more likely to attract new agricultural management bodies, which adopt advanced technologies and foster a green revolution in agriculture, thus enhancing the effectiveness of digital village construction in major grain-producing areas.



6.5.2 Heterogeneity of regional economic progress degree

At present, the problem of unbalanced regional progress in China still exists. There is a particular gap in each region’s economic development level, which also influences agricultural production. A division into economically developed and underdeveloped areas comprises 31 provinces determined by the per capita GDP division standard. The influence of digital village construction on AGTFP under different stages of economic growth is then empirically examined to determine whether there is any variability. Digital village construction favors AGTFP in developed and underdeveloped areas, as seen by Table 8’s columns (3) and (4). The influence of digital village construction is insignificant in the developed areas.

Conversely, at the 1% level, the impact is higher and more substantial in underdeveloped areas. The potential cause is relatively limited infrastructure construction in underdeveloped areas. Promoting digital village construction can rapidly improve infrastructure conditions, such as network coverage and informationisation in these regions, thus directly promoting the green development of local agriculture. In addition, digital village construction can also encourage the transformation of traditional agriculture to modern agriculture through the adoption of high-end technologies and intelligent equipment, improve the efficiency of resource allocation, and promote the enhancement of AGTFP in underdeveloped areas. Furthermore, areas with prosperous economies tend to focus more on environmental concerns and employ various tactics to lessen the damaging effects of agriculture on ecosystems.

Moreover, the infrastructure and agricultural technology in economically developed areas are already more perfect, so digital village construction can only play a role in optimization and enhancement, with relatively little impact on the greening of agriculture. The role of digital village construction on AGTFP is more significant in economically underdeveloped areas.



6.5.3 Heterogeneity of regional location

In tandem with the growth of the regional economy in China, new challenges and problems have gradually emerged, among which the tendency toward uneven economic growth is becoming more noticeable. The center of gravity of economic activities has continued to tilt toward the South, causing the developmental differences between the North and the South to become a focus of attention gradually. The Qinling-Huaihe line is an essential demarcation between northern and southern China, and it has a significant distinguishing role in many aspects, including nature, culture, and agriculture. Therefore, following the traditional division, using the Qinling-Huaihe River as the boundary, the 31 provinces are separated into two sub-samples, the South and the North, and regression analyses are conducted separately. As depicted in columns (5) and (6) of Table 8, the influence of digital village construction on AGTFP is significantly positive in both regions, indicating that digital village construction has boosted AGTFP in both regions. However, the regression coefficients show that digital village construction contributes more significantly to the green development of agriculture in the North and has the second highest impact on agriculture in the South. The possible reason is that, on the one hand, the terrain in the North is dominated by plains and plateaus, which are conducive to mechanized farming. In addition to increasing agricultural productivity efficiency, it also establishes the groundwork for greening agriculture.

On the other hand, as the core region of China’s grain production, the North, especially the Northeast, has a large scale and standardization of agricultural output, which helps promote green agricultural technologies and management practices. The northern region’s topography and degree of agricultural scale give a solid basis for developing digital villages, which helps foster the greening of the region’s agriculture. Therefore, its positive effects are more significant.




6.6 Threshold effect

This section incorporates environmental regulation as a threshold factor to investigate further the function of digital village construction on AGTFP. The following is the model.

[image: image]

In Equation 6, [image: image] is the threshold variable. [image: image] is the indicator function. The condition in the brackets is assigned a value of 1 if it is accurate and 0 otherwise. [image: image] represents the estimated threshold. Since Equation 6 defines a single threshold, the multi-threshold model can be developed in line with it. Table 9 exhibits the outcome of a 300-time sample for the threshold effect test conducted using the self-help sampling approach. The findings of the threshold test show that the p value corresponding to the threshold variable is significant only under the single-threshold model. At the same time, the model has only a single-threshold effect, with a threshold value of 0.0410, as the double-threshold fails the significance test.



TABLE 9 Threshold test results.
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Table 10 exhibits the findings of the threshold regression. If environmental regulation is below 0.0410, the coefficient is 3.234. Above 0.0410, it is 2.155. The significance test is passed in both phases, suggesting a consistent positive impact of digital village construction on AGTFP. There is a single threshold effect based on the intensity of environmental regulation. Hypothesis 5 is verified. Notably, once the regulatory level exceeds the threshold, there is a tendency for the facilitating role of digital village construction on AGTFP to weaken.



TABLE 10 Threshold regression results.
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Digital village construction can significantly contribute to AGTFP when environmental regulation is low. During this period, environmental regulation pressure has not yet reached a critical point, and the agricultural sector exhibits greater flexibility and enthusiasm in adopting and innovating green technologies. Specifically, moderate environmental regulation can stimulate agricultural technology innovation by agricultural technicians, encourage producers to adopt environmentally friendly production technologies and methods and motivate the service industry to promote green agricultural practices. This combination of moderate environmental regulation and digital village construction effectively enhances AGTFP. However, if the intensity of environmental regulation exceeds the threshold, the impact of digital village construction on agricultural greening weakens. The reasons for this can be summarized as follows: first, under high-intensity environmental regulation, agricultural technological innovations may focus too much on environmental adaptability, neglecting productivity and economic efficiency. Second, meeting stricter environmental standards requires agricultural producers to invest more in environmental management. These additional costs create financial pressure for agricultural producers, hindering their continued investment in green technologies.




7 Conclusions and policy recommendations


7.1 Conclusions

Drawing on the balanced dataset encompassing 31 provinces in China from 2011 to 2022, this paper first constructs an evaluation index system of digital village construction and AGTFP. Then, the fixed effects model was leveraged to evaluate the role of digital village construction in enhancing AGTFP. Second, by constructing a mediation model, we explored the fundamental pathways by which digital village construction impacts AGTFP. Furthermore, we scrutinize the uniformity of digital village construction’s effects on AGTFP across various scenarios. Finally, the paper employs a threshold model to identify whether environmental regulation is a threshold factor in the link between digital village construction and AGTFP. The paper’s principal results are: (1) China’s AGTFP has been trending upward in recent years. (2) Digital village construction significantly increases AGTFP, a conclusion supported by numerous robustness and endogeneity tests. This finding highlights the positive economic consequences of digital village construction and identifies critical drivers for greening agriculture. (3) Digital village construction can promote agricultural technology innovation, enhance agricultural human capital, and improve agricultural productive services, thereby promoting AGTFP. This paper further enriches the theoretical framework of the field. (4) The favorable outcome of digital village construction on AGTFP is more significant in major grain-producing areas, economically underdeveloped areas, and northern region. (5) The influence of digital village construction on AGTFP is subject to a single threshold effect of environmental regulations. This finding provides policymakers with a reference for formulating environmental regulations. It opens new research paths and perspectives for future studies.

As an emerging research field, digital village construction is showing vigorous development. Future research can explore the impact of digital village construction on the agricultural industry, rural communities, and individual farmers. Additionally, future studies can use micro-level databases to more accurately and carefully assess the impact of digital village construction on agriculture.



7.2 Policy recommendations

1. Strengthening digital infrastructure in rural areas is essential to address agricultural deficiencies. Firstly, the government should allocate more funds to build digital infrastructure for agriculture, expand network coverage in rural areas, and reduce the digital divide between urban and rural areas. Secondly, the digitalization of traditional rural infrastructure should be reinforced to enhance its service capacity and efficiency. Additionally, to expand funding channels and improve financing efficiency, it is crucial to support innovation in the rural digital infrastructure investment and financing system and attract social capital for this initiative.

2. Village talent should be nurtured to bridge the digital divide. The government should increase rural education, training funding, and subsidies to enhance farmers’ knowledge. Simultaneously, training programs should be designed to meet the actual demands for occupational skills that farmers require. Additionally, the innovation and promotion of green technologies in agriculture are inseparable from high-quality talent. Robust social security systems, enhanced public services, and well-designed talent development programs are essential for rural communities to create an environment conducive to attracting, developing, and retaining talent.

3. Regions should be encouraged to innovate and formulate digital village strategies tailored to their local characteristics. Firstly, regions with remarkable results should summarize and share their outstanding experiences to facilitate mutual learning and progress. Secondly, each area should assess its geographic position, economic foundation, and social and cultural background to develop region-specific digital village strategies and models for green agricultural growth. Social organizations, enterprises, institutions of higher learning, and research institutions should be encouraged to engage in the process, brainstorming new paths for digital village construction.

4. The balance between environmental protection and economic development should be controlled, and the intensity of environmental regulation should be flexibly adjusted. Firstly, environmental regulation policies should take a long-term perspective, considering their long-term impact and overall benefits for sustainable agricultural development. Secondly, the participation of stakeholders, including farmers, environmental organizations, and scientific research institutes, should be promoted in the policy formulation process to enhance transparency and public participation. Additionally, the effectiveness of environmental regulation should be regularly reviewed and updated based on agricultural development, technological progress, and social change. Adequate environmental regulation is fundamental to advancing sustainable and green farming practices. By reasonably regulating the strength of the regulation, farmers can be effectively incentivized to adopt green technologies and elevate productivity and product excellence in farming, thus achieving both farming efficiency and environmental safeguards.
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