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The digital economy has emerged as a new driving force and engine for China’s economic growth. However, given the current shortage of production factors, whether the digital economy positively impacts agricultural land productivity remains to be further confirmed. This study employs balanced panel data from 31 Chinese provinces between 2009 and 2023, constructs a three-tier indicator framework, and measures China’s digital economy development level using the entropy method. The research explores the impact and mechanisms of the digital economy on agricultural productivity. Key findings include: (1) Bidirectional fixed-effects models demonstrate that the digital economy significantly enhances agricultural productivity, supported by endogeneity tests, robustness checks, and threshold analysis. (2) Heterogeneity analysis reveals stronger productivity improvements in eastern, central, and northeastern regions, particularly in major grain-producing areas. (3) Mediation tests confirm that the digital economy boosts agricultural productivity by facilitating labor mobility. Based on these conclusions, policy recommendations are proposed: fundamentally improving rural digital infrastructure, establishing region-specific development frameworks, and strengthening support for digital agriculture entities. These measures provide practical pathways to enhance agricultural productivity.
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1 INTRODUCTION
As of 2024, China’s urbanization rate has reached 67%, an increase of 55.52 percentage points compared with the end of 1949, with an average annual increase of 0.75 percentage points. Since the founding of the People’s Republic of China, remarkable achievements have been made in China’s urbanization construction. The growth of China’s traditional agriculture has mainly relied on factors such as the economies of scale brought about by the innovation of the land system and the demographic dividend brought about by the labor force resources (Lin et al., 2018). The rapid development of urbanization has brought two direct impacts on China’s agricultural production: The reduction in arable land and the outflow of agricultural labor. Therefore, promoting the growth of the agricultural economy requires the exploration of new avenues. The Third Plenary Session of the 20th Central Committee of the Communist Party of China emphasized that “we should improve the system for promoting the in - depth integration of the real economy and the digital economy. We should accelerate the establishment of a system and mechanism to promote the development of the digital economy and improve the policy system to promote the digitalization of industries and the industrialization of digital technology”. This shows the country’s emphasis on the development of the digital economy, which lays a foundation for comprehensively transforming the agricultural development model and realizing the in - depth integration of the digital economy and agriculture. With the rapid development of global digitalization, the digital economy promotes the digital transformation of agriculture by integrating big data, the Internet of Things, blockchain, and 5G communication technologies into agricultural development. It empowers facilities, data, and technology, alters the internal structure of the agricultural industry, triggers the reallocation of production resources, and improves agricultural production efficiency. Thus, the digital economy has pointed out a new direction for agricultural development and has created the possibility of enhancing quality and efficiency in agriculture. As a new engine and driving force for high - quality economic growth, can the digital economy’s role in promoting economic growth be extended to the agricultural industry to improve the production efficiency of agricultural land, and what is the mechanism of this effect? This paper attempts to answer the above questions and provide policy suggestions for further realizing the modernization of agriculture and rural areas.
The concept of “digital economy” was put forward by American economist Tapscott, who believes that the digital economy has ICT infrastructure and various e-commerce models with ICT as the carrier (Tapscott, 1996). As the digital economy spreads around the world, Domestic scholars believe that the digital economy is a series of new - format economic and social activities that take digital information as resources, the Internet platform as the carrier, and digital technology innovation as the driving force (Chen et al., 2022). Its specific characteristics can be divided into three aspects: first, the characteristics of low - cost, standardization, and dynamism; second, the characteristics of low - cost, standardization, and dynamism; third, the characteristics of low - cost, standardization, and dynamism (Xiang and Wu, 2018). To further identify the impact of the digital economy, Many scholars have used the index method, the value - added method, the method of compiling satellite accounts, and methods related to national economic accounting,and the specific subdivision of measurement dimensions are also different. Liu and Meng (2019) divided the digital economy into two parts: the basic industries of the digital economy and the integration effect of the digital economy, and constructed a measurement model of the digital economy by aggregating these two parts. Hong (2019) used the value - added measurement method and the index method to conduct measurements from two dimensions: digital industrialization and industrial digitization. In addition, many studies have shown that the digital economy can make use of the information and intelligent characteristics of the digital economy to transform and upgrade traditional industries, and give birth to new industries, new business forms and new business models, improve production efficiency, and lay a theoretical foundation for improving agricultural land production efficiency.
Agriculture has always been considered as a land-and labor-intensive industry, in which the efficiency of agricultural land production plays a vital role in the overall development of agriculture. At present, the research on agricultural land production efficiency mainly focuses on the measurement and influencing factors of agricultural land production efficiency. From the perspective of input factors, the indicators to measure agricultural land production efficiency can be divided into: agricultural land output efficiency, agricultural labor productivity and total factor productivity, among which agricultural land output efficiency and agricultural labor productivity use the single factor productivity method. In order to further explore how to improve the productivity of agricultural land, many scholars have studied the impact of the current situation of labor force on the productivity of agricultural land and concluded that the transfer of migrant workers, non-agricultural employment and occupational differentiation can significantly improve the productivity of agricultural land (Sun, 2021; Qian and Hong, 2016; Chen, 2020). In addition, some scholars believe that agricultural machinery socialized services have a positive correlation with agricultural land production efficiency by expanding the scale of production (Ling et al., 2022). Since agricultural land can be exchanged and circulated as a commodity, the ownership of agricultural land can also affect the production efficiency of agricultural land. Studies have shown that the confirmation of agricultural land rights can significantly improve the production efficiency of agricultural land after more than 1 year (Gao et al., 2021).
Through the analysis of the existing literature, it can be concluded that: (1) there are abundant literature on the measurement and economic effects of digital economy, and the research on agricultural land production efficiency is still based on the traditional perspective, and there is a certain gap in the existence of digital economy on agricultural land production efficiency. (2) Some studies have shown that labor transfer can improve the productivity of agricultural land, but whether the transfer of agricultural labor force will have the same effect on the productivity of agricultural land remains to be proved. Therefore, this paper constructs an indicator system for the digital economy and conducts measurements from four dimensions: digital fundamental, digital application, digital innovation, and digital transformation. It establishes a bidirectional fixed effects model to examine the impact of the digital economy on agricultural land productivity. Furthermore, it introduces the transfer of agricultural labor as a mediating variable to explore the pathways through which the digital economy affects agricultural land productivity. Finally, by considering the digital economy as a threshold variable, the study examines the threshold effect between the two factors and investigates whether the impact of the digital economy on agricultural land productivity varies across different geographical regions.
2 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESIS
2.1 Direct effects
As a new economic form, digital economy can combine data, a new factor of production, with land, labor and other traditional factors of production to be used in agricultural production, realize the digital production mode of agriculture, and then improve the efficiency of agricultural land production. From the perspective of supply side, digital economy integrates digital technologies such as Internet and modern information technology into agricultural production process, implements accurate and efficient operation and management, establishes scientific modern agricultural production system, optimizes the rational allocation of production resources, and improves agricultural output efficiency (Li et al., 2025). At the same time, with the development of digital economy and the emergence of big data, producers can break through the obstacles of information circulation, obtain the information of cutting-edge technology in time, reduce the input cost of technological innovation, solve the problem of farmers to achieve innovation, and then expand the scale of production and improve the overall agricultural land production efficiency (Wen, 2024). From the demand side, the primary application of the digital economy in agriculture is to integrate information technology into agricultural production, thereby achieving a digital transformation in agriculture. This digitalization effectively breaks down the information barriers between consumers and producers, enabling producers to promptly and accurately capture the diverse needs of consumers for customized production. Additionally, based on consumer feedback from the APP, producers can optimize products and then formulate production plans. This approach maximizes the satisfaction of consumer demands, prevents supply and demand imbalances that could lead to overproduction or shortages, and ensures the efficient allocation of limited resources, thus enhancing the efficiency of agricultural land use (Liu, 2020).
Hypothesis 1. The digital economy can improve the production efficiency of agricultural land.
2.2 Indirect effects
2.2.1 The digital economy facilitates the transfer of agricultural labor
The dual economy theory holds that workers engaged in traditional agricultural production tend to pursue more efficient modern industries (Lewis, 1954). Among them, economic factors are also important influencing factors in labor transfer (Jia and Cheng, 2024). On the one hand, the high informatization of the digital economy can effectively reduce the time for laborers to collect job - related information, break the traditional employment information cocoon, provide a wide range of job options, achieve effective reallocation of resources, and promote labor transfer (Li and Gu, 2025). On the other hand, the digital economy attracts modern production factors such as capital, technology, and talent to establish a series of non - agricultural industries, forming new - mode industries with high levels of mechanization and digitization. It extends the industrial chain both vertically and horizontally. The emergence of new industries creates a large number of non - agricultural jobs, which require new employees as human capital support. This increases the labor demand, improves the employment rate of surplus labor, and promotes the transfer of farmers to non - agricultural industries (Tan et al., 2024).
2.2.2 The transfer of agricultural labor promotes the productivity of agricultural land
Based on the new theory of migration economics, labor transfer can increase investment in agricultural mechanization and deepen agricultural capital intensification in the short term. In the long run, it can improve the production efficiency of agricultural land (Woute, 2010). This is mainly because, on the one hand, labor transfer reduces the competitiveness of the agricultural and rural labor force. The elderly, the weak, women, and children gradually become the main body of the rural labor force (Huang and Hu, 2019), which stimulates increased investment in mechanization technology and promotes the substitution effect of agricultural machinery for labor, thereby improving the production efficiency of agricultural land (Wang et al., 2016). On the other hand, labor transfer can significantly increase the income level of families. To maximize the expected family income, family members will re - allocate production factors, causing some production factors to shift to non - agricultural industries. This increases the income of farmers from non - agricultural industries, thereby raising the overall family income level and increasing the possibility of reinvestment in production, so as to improve the production efficiency of agricultural land (Teng and Li, 2020; Wang, 2015).
Hypothesis 2. The digital economy improves the production efficiency of agricultural land by promoting the transfer of agricultural labor.
The specific theoretical mechanism diagram can be seen in Figure 1.
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3.1 Data source
Based on the availability and scientific nature of the data, this paper selects panel data from 31 provinces in China from 2009 to 2023 for empirical analysis. The main data come from the annual “China Statistical Yearbook”, “China Agricultural Statistical Yearbook”, and “China Population and Employment Statistical Yearbook” published by the National Bureau of Statistics. Considering price fluctuations, this paper deflates the output value of each year using the constant price index of 2009. For some missing values, linear interpolation is used in this paper.
3.2 Description of the variable
3.2.1 Dependent variable: agricultural land production efficiency (Eff)
In the existing literature, there are mainly two proxy variables for land production efficiency: yield per mu and profit per mu. The difference between the two is that the vector of input factors is no longer included in the profit per mu model (Wang, 2015). Based on the research purpose of this paper, considering that it is difficult to standardize the yields of different crops, the output value per mu is selected as the proxy variable for agricultural land production efficiency. The output value per mu of regional agricultural land is calculated by dividing the total regional agricultural output value by the sown area. Since the multiple cropping index of land varies across different regions, this paper uses the sown area instead of the cultivated land area.
3.2.2 Explanatory variable: digital economy (Dig)
The development of the digital economy relies on the theory of “four requirements”: digital foundation, digital application, digital innovation, and digital industry. Referring to the approach of Jiao and Sun (2021), based on the availability, comparability, and comprehensiveness of data and in combination with the above-mentioned “four requirements” theory, this paper constructs the indicator system shown in Table 1 below and uses the entropy method to measure the development level of the digital economy.
TABLE 1 | The comprehensive index system for the level of the provincial digital economy.	Composite indicators	Primary indicator	Secondary indicator	Tertiary indicators
	Level of digital economy	Digital fundamental	Mobile infrastructure	X1Capacity of Mobile telephone exchange
	X2Mobile phone penetration rate
	Fixed facility foundation	X3Internet broadband access port
	X4Number of domains
	X5Number of websites
	X6Long-distance optical fiber cable
	X7The total length of the limited television transmission trunk network
	Digital application	Personal application	X8Digital television
	X9The proportion of actual users of cable broadcasting and television
	Enterprise application	X10Number of websites owned by the enterprise
	X11The number of websites owned by every hundred enterprises
	X12Proportion of enterprises engaged in e-commerce transactions
	Social application	X13Total network retail sales/Total retail sales of consumer goods
	Digital innovation	Innovation investment	X14Full-time equivalent personnel in industrial enterprises above designated size for R&D
	X15R&D expenditures of industrial enterprises above a designated size
	Innovation output	X16The proportion of invention patent applications from industrial enterprises above a designated size accounts for the total number of patent applications
	X17Transaction volume in the technology market
	Digital transformation	The transformation of e-commerce development	X18Revenue from software business/GDP
	X19E-commerce sales/GDP
	X20E-commerce procurement value/GDP
	Transformation of benefits from new products	X21Number of new product development projects
	X22Expenditure on new product development funds
	X23Sales revenue from new products


Note: The bold letters in the table denote the variable labels for the third-level indicators.
3.2.3 Control variables
To control the potential impact of the existence of other factors on the production efficiency of agricultural land, this paper draws on the methods of Li et al. (2025) and Li and Bai (2018) to select the education level of residents (Edu), the level of economic growth (Dep), the average amount of pure - converted chemical fertilizers per mu (Fer), the average amount of pesticide used per mu (Pes), the proportion of effectively irrigated area (Irr), the average amount of agricultural film used per mu (Agri), and the proportion of disaster - affected area (Dis). Theoretically, in the process of agricultural production, these intermediate - input capital goods will improve the production efficiency of agricultural land. That is, the effects of the first six indicators are positive, while the proportion of disaster - affected area has a negative impact on agricultural production, and its effect is significantly negative. Of course, this needs to be verified later in the paper.
3.2.4 Mediator variable: transfer of agricultural labor force (Lab)
Through the above analysis of the theoretical mechanism, labor transfer can reduce agricultural competitiveness, improve the level of agricultural production mechanization, and thus enhance the production efficiency of agricultural land. This paper selects the level of labor transfer as an intermediary variable. Drawing on the research method of Wu (2016), it is measured by subtracting the number of employees in the primary industry from the number of rural employees.
The specific calculation methods and descriptive statistics for all variables used in this article can be found in Table 2.
TABLE 2 | Descriptive statistics.	Variable name	Calculation methods	Sample size	Mean	Standard deviation	Minimum value	Maximum value
	Agricultural land production efficiency (Eff)	Ln (Regional agricultural output value/acreage)	465	7.834	0.574	7.313	8.269
	Digital economy (Dig)	—	465	0.824	0.090	0.169	0.912
	The educational level of residents. (Edu)	Ln (Average years of education for rural residents.)	465	1.548	0.607	1.142	2.830
	Economic development level (Dep)	Ln (Net income of rural residents)	465	8.961	0.473	8.381	10.728
	Average Fertilizer Pure Quantity per Acre(Fer)	Ln (Regional fertilizer purity rate/cultivated area)	465	5.492	0.709	4.629	7.403
	Average Pesticide Usage per Mu (Pes)	Ln (Pesticide usage amount/cultivated area)	465	9.349	1.942	5.561	10.188
	Effective Irrigated Area Ratio (Irr)	Area of agricultural damage in the region/Cultivated Area	465	0.169	0.235	0.032	0.217
	Average film usage per mu (Agri)	Ln (Regional agricultural plastic film/Cultivated Area)	465	8.989	1.232	5.756	9.713
	Proportion of Disaster-Affected Area (Dis)	Effective irrigated area/cultivated area	465	0.829	0.114	0.573	0.962
	Transfer of agricultural labor force (Lab)	Ln (Number of rural workforce-Number of employees in the primary industry)	465	6.730	1.427	2.943	7.891


3.3 Model setting
Based on the aforementioned theoretical analysis, to verify the impact of the level of digital economy development on agricultural land production efficiency, the following benchmark regression model is constructed:
Effi,t=α0+α1Digi,t+βControli,t+λi+γt+εi,t(1)
(1) In the formula, λi represents the fixed effects of provinces, which are used to control individual factors that do not change over time (such as region - specific natural endowments: unobservable factors like soil quality, rainfall, temperature, etc. γt represents the fixed effects of years, which are used to control time factors that do not change with individuals (unobservable factors that affect agricultural land production efficiency as time changes). εi,t represents the random disturbance term. α1 reflects the impact effect of the development level of the digital economy on agricultural land production efficiency, which is the focus of this study.
To further examine the impact mechanism of the development level of the digital economy on agricultural land production efficiency, this paper draws on the approach of Baron and Kenny (1986) to construct the following mediating effect model:
Labi,t=θ0+θ1Digi,t+βControli,t+λi+γt+εi,t(2)
Effi,t=δ0+δ1Labi,t+βControli,t+λi+γt+εi,t(3)
Among them, Labi,t is the mediating variable, and the rest are consistent with those in the above benchmark regression.
4 EMPIRICAL ANALYSIS
4.1 Benchmark regression results
This paper uses stata software to conduct a preliminary test of the benchmark Model (1). The regression results in columns (1)(2)(3)(4) of Table 3 all take the development level of the digital economy as the explanatory variable, and study its impact on the production efficiency of agricultural land by gradually adding control variables, regional fixed effects, and year fixed effects. Thus, Hypothesis H1 is verified. Column (1) of Table 3 shows that without adding control variables and without fixing effects such as regions and time, the coefficient of the digital economy is significantly positive at the 1% level. The results in columns (2) and (3) of Table 3 show that after adding control variables and fixing time and regions respectively, the coefficient of the digital economy is still significantly positive at the 1% level. The result in column (4) of Table 3 shows that after adding control variables and fixing regional and time effects, the coefficient of the digital economy is 0.513, and it passes the significance test at the 1% level. It can be seen that the digital economy can significantly improve the production efficiency of agricultural land, and Hypothesis 1 is verified. Among the control variables, we further observe that the per-mu pure amount of chemical fertilizers and the per-mu usage of plastic films are significantly positive, which indicates that the development of biotechnology represented by chemical fertilizers and plastic films can significantly improve the production efficiency of agricultural land. However, the logarithm of the per-mu usage of pesticides is negative but not significant. Nevertheless, it also shows that pesticides are not beneficial to the production efficiency of agricultural land in China, which is basically consistent with Lin (2011) research results. Finally, it is found that the disaster rate is not significant for agricultural land production, indicating that the disaster rate has little impact on the production efficiency of agricultural land, which shows that China’s agriculture has strong disaster resistance.
TABLE 3 | Benchmark regression results.	Variable	Eff
	(1)	(2)	(3)	(4)
	Dig	0.691***
(12.65)	0.489***
(4.31)	0.646***
(11.06)	0.513***
(4.36)
	Edu		1.238**
(2.48)	0.252***
(2.84)	0.901*
(1.77)
	Dep		−0.150**
(−2.20)	−0.037***
(−1.64)	−0.01***
(−1.30)
	Fer		0.506***
(4.28)	0.540***
(4.74)	0.459*
(4.16)
	Pes		−0.060
(-1.00)	0.011
(0.20)	−0.10
(−0.15)
	Irr		−0.029
(-2.51)	−0.006**
(-3.01)	−0.01***
(−2.08)
	Agri		0.146***
(4.27)	0.120***
(3.50)	0.125***
(3.61)
	Dis		−0.002
(-2.84)	−0.002
(-2.42)	−0.001
(−2.28)
	Constant term	−3.062
(-7.70)	0.214
(0.62)	−2.387***
(-5.67)	−1.377**
(−1.55)
	Fixed effects for regions	No	No	Yes	Yes
	Time fixed effect	No	Yes	No	Yes
	N	465	465	465	465
	R2	0.7490	0.7516	0.7494	0.7504


Note: * * *, * *, * respectively indicate significance at the 1%, 5%, and 10% levels. The heteroscedasticity robust T-values adjusted for city level clustering are shown in parentheses. Same below.
4.2 Endogeneity test
Based on the above analysis, it can be concluded that the digital economy can significantly improve the efficiency of agricultural land production. However, the improvement of agricultural land production efficiency may also further promote the development of the digital economy. To eliminate this two-way causal relationship, this paper draws on the research of Li et al. (2024) and Wen (2023), and selects the interaction term between the one-period lagged term of the digital economy development level and the number of post and telecommunications offices per million people in each province in 1984 as the two instrumental variables in this paper. The reason is that the local communication level is related to the historical data of post and telecommunications offices. The number of post and telecommunications offices determines the current number of fixed-line telephones and Internet interfaces, which in turn affects the current local digital economy level, meeting the relevance condition of instrumental variables. Moreover, as a traditional communication facility, post and telecommunications offices have gradually faded out of people’s lives, so they will not have an impact on the efficiency of agricultural land production, which also meets the exclusivity of instrumental variables.
This paper uses the two-stage least squares method to conduct an endogeneity test. To test the validity of the instrumental variables, Table 4 reports a series of test results for the instrumental variables. First, the estimated values and t-values of the two instrumental variables in the first-stage regression are reported. The regression coefficients of the two instrumental variables are significantly positive at the 1% level, indicating that the two instrumental variables used in this paper are significantly and positively correlated with the development level of the digital economy. In particular, the coefficient of the one-period lag of the digital economy level exceeds 0.8, indicating that this indicator has a very large impact on the current development level of the digital economy. The Cragg - Donald Wald F values obtained from the weak instrumental variable test are relatively large, which indicates that there is no problem of weak instrumental variables. The p-value of the over-identification test result is very large, indicating that we cannot reject the hypothesis that the two instrumental variables are exogenous. All these test indicators show that the two instrumental variables selected in this paper are appropriate.
TABLE 4 | Results of the instrumental variable regression with the least squares method.	Variable	Model 1	Model 2	Model 1	Model 2
	Dig	Eff	Dig	Eff
	Dig		0.535**
(3.88)		0.530**
(2.76)
	L.Dig	0.852***
(4.49)		0.141***
(3.09)	
	Control Variables	Yes	Yes	Yes	Yes
	Fixed effects for regions	Yes	Yes	Yes	Yes
	Time fixed effect	Yes	Yes	Yes	Yes
	N	465	465	465	465
	Cragg-Donald Wald F	1672.21	1081.25
	p-value	5.755
(0.7263)	3.872
(0.7244)


In addition, according to the regression results in Table 4, after adopting the two-stage least squares instrumental variable regression, the coefficients of the digital economy level are all significantly positive at the 5% level, which further verifies the conclusion of the above benchmark regression in this paper. Therefore, it has passed the endogeneity test.
4.3 Robustness tests
4.3.1 Replace the measurement method
Considering that using different measurement methods may lead to certain deviations in the results, this paper uses the principal component analysis method to re - measure the digital economy level and uses it as a new explanatory variable. By adding control variables and fixing provinces and time, the above - mentioned model is used to conduct the benchmark regression again. The regression results are shown in column (1) of Table 5. The coefficient of the digital economy level is significantly positive at the 1% level, indicating that the digital economy growth level measured by the principal component analysis method instead of the entropy method still has a promoting effect on the agricultural land production efficiency. Therefore, the reliability of the benchmark regression results is verified.
TABLE 5 | Results of the robustness check.	Variable	Eff
	(1)
Replace the measurement method	(2)
Exclude special samples	(3)
Change the sample interval	(4)
One lag period	(5)
Two periods of lag
	Dig	0.592***
(7.14)	0.371***
(2.59)	0.691***
(6.91)		
	L.Dig				0.535***
(5.18)	
	L2.Dig					0.429***
(3.74)
	Control variables	Yes	Yes	Yes	Yes	Yes
	Constant term	−2.197***
(-4.30)	−0.290**
(-0.26)	−1.633***
(-3.07)	0.554***
(6.05)	0.414*
(5.92)
	Fixed effects for regions	Yes	Yes	Yes	Yes	Yes
	Time fixed effect	Yes	Yes	Yes	Yes	Yes
	N	465	405	248	434	403
	R2	0.7215	0.7254	0.7299	0.7289	0.6505


4.3.2 Exclude special samples
The research sample in this paper consists of panel data from 31 provinces across the country, including four municipalities directly under the Central Government, namely Beijing, Tianjin, Shanghai, and Chongqing. Since municipalities directly under the Central Government in China are provincial-level administrative regions under the jurisdiction of the central government and have special political, economic, and cultural statuses, they have absolute advantages compared with other provinces, which may affect the results of this paper. Therefore, after excluding the sample data of these four municipalities directly under the Central Government, the model set in this paper is used for regression again, and the results are shown in Table 5 (2) below. The results in Column (2) of the TABLE show that the coefficient of the digital economy is 0.371 at the 1% significance level, which is consistent with the results of the benchmark regression, indicating that it has passed the robustness test.
4.3.3 Change the sample interval
The sample time interval selected in this paper is from 2009 to 2023, with a relatively large time span. Moreover, the digital economy was first proposed in China at the G20 Summit in 2016. Studying the impact of the digital economy on agricultural land production efficiency after 2016 is more referential. Therefore, this paper shortens the sample time interval to 2016–2023 and conducts regression again. The results are shown in column (3) of Table 5. The coefficient of the digital economy is still significantly positive, passing the robustness test. Compared with the benchmark regression results, the coefficient of the digital economy has increased significantly, indicating that the digital economy has a greater role in improving agricultural land production efficiency in the recent period.
4.3.4 Consider the lag effect
The digital economy’s impact on enhancing agricultural land productivity involves multiple stages and exhibits a certain degree of time lag. To investigate whether this impact is delayed, this study re-estimates the regression by using the digital economy’s development level lagged by one period and two periods as new dependent variables, with the results presented in Table 5 (4) and (5). The findings indicate that the digital economy’s effect on improving agricultural land productivity is significant both when lagged by one period and two periods, confirming the delayed nature of its impact.
4.4 Heterogeneity analysis
4.4.1 Analysis of heterogeneity in different regions
There are differences in the levels of economic growth, resource endowments, institutional environments, etc. among different regions. This paper draws on the practice of Zhang and Yang (2023), and divides the sample regions into four categories: eastern, central, western and northeastern regions according to the classification standards of the National Bureau of Statistics, and conducts regression separately. The results are shown in Table 6 (1) (2) (3) (4). According to the results, the coefficients of the digital economy in the eastern, central, and northeastern regions are positively significant, indicating that the digital economy can effectively improve the agricultural land production efficiency in the eastern, central, and northeastern regions. The possible reason is that the eastern, central and northeastern regions have certain advantages in resource endowment compared with the western regions, and the high level of digital economy development can effectively combine with local sufficient agricultural land and labor force and other factors of production to improve the efficiency of agricultural land production. The reason why it is not significant in the western region lies in the lack of production resources due to remote geographical location and harsh climate environment, and it is easy to be affected by extreme weather in the production process, which hinders the improvement of agricultural land production efficiency.
TABLE 6 | Heterogeneity test results.	Variable	Eff
	(1)
Eastern	(2)
Central	(3)
Western	(4)
Northeastern	(5)
major grain - producing areas	(6)
non - major grain - producing areas
	Dig	1.105***
(5.01)	0.641*** (8.61)	0.517
(7.13)	0.662***
(3.29)	0.953***
(6.07)	0.716
(4.72)
	Control Variables	Yes	Yes	Yes	Yes	Yes	Yes
	Constant term	−7.996** (−4.10)	−3.708*
(-4.35)	−3.272 (−3.85)	−3.876***
(−2.15)	−4.379*
(−2.74)	−5.822
(−7.16)
	Fixed effects for regions	Yes	Yes	Yes	Yes	Yes	Yes
	Time fixed effect	Yes	Yes	Yes	Yes	Yes	Yes
	N	165	90	165	45	195	270
	R2	0.8681	0.8580	0.8525	0.8580	0.7988	0.9397


4.4.2 Distinguish whether it is a principal grain producing area
Agricultural land is the fundamental resource for human survival and development. The quantity and quality of agricultural land are the foundation for enhancing agricultural production capacity and ensuring food security. The development of the digital economy has improved the production efficiency of agricultural land and may play a certain role in promoting the increase of grain output. This paper divides the sample into grain producing areas and non-grain producing areas by referring to Zhou et al. (2023).1 As can be seen from columns (5) and (6) of Table 6, the coefficient of the digital economy in major grain - producing areas is significantly positive at the 1% level, while the coefficient of the digital economy in non - major grain - producing areas is not significant. This indicates that the digital economy has a more significant promoting effect on the production efficiency of agricultural land in major grain - producing areas. The possible reason is that the mechanization level in major grain - producing areas is relatively low. The development of the digital economy has invigorated the region, activating redundant local labor and production resources, optimizing the efficient allocation of these resources, and thus enhancing agricultural land productivity. For regions not primarily focused on food production, the scarcity of land resources is the most critical issue. Even with a high level of digital economy, this does not contribute to improving agricultural land productivity.
4.5 Mechanism verification
The above regression results and robustness tests have verified that the digital economy significantly improves the production efficiency of agricultural land. But what is its mechanism of action? According to the theoretical analysis above, labor transfer is selected as the mediating variable, and regression is carried out using the mediation test Models 2, 3 constructed in this paper. The test results of the mediating effect of labor transfer are shown in Table 7. Through the analysis of the results, it can be seen that the digital economy can significantly promote labor transfer, and labor transfer can significantly improve the production efficiency of agricultural land, indicating that labor transfer can significantly play a mediating effect, thus verifying the validity of Hypothesis 2.
TABLE 7 | Agent inspection results.	Variable	(1)	(2)
	Lab	Eff
	Dig	0.236***
(3.57)	0.752***
(4.15)
	Lab		0.316***
(3.29)
	Control Variables	Yes	Yes
	Constant term	−5.884***
(−4.43)	−2.397***
(−4.83)
	Fixed effects for regions	Yes	Yes
	Time fixed effect	Yes	Yes
	N	465	465
	R2	0.8570	0.9821


4.6 Threshold effect testing
In this paper, the Bootstrap method is used to conduct a threshold existence test with 500 self - samplings. The results are shown in Table 8. The results show that the model with the digital economy as the threshold variable has passed the single - threshold and double - threshold tests. From the estimation results in Table 9, it can be seen that the estimated coefficients of the digital economy within the three confidence intervals are all significantly positive at the 1% level and gradually increasing. Therefore, there is an increasing threshold effect.
TABLE 8 | Threshold value and confidence interval.	Inspection Methods	Threshold	RSS	MSE	F	P	10%	5%	1%
	Single barrier	11.0184	0.0545	0.0002	57.22	0.0025	24.0013	28.4918	39.4310
	Double threshold	11.2737
9.8103	0.0478	0.0002	40.27	0.0025	23.0409	26.4723	34.8923
	Three doorsteps	11.7630	0.0457	0.0002	13.35	0.5300	31.7451	37.0121	56.3814


TABLE 9 | Estimation results of the threshold effect.	Variable	Eff
	Dig<9.8103	0.214**
(5.86)
	9.8103<=Dig<11.2737	0.493***
(3.72)
	Dig>=11.2737	0.737***
(2.94)
	Constant term	Yes
	Fixed effects for regions	Yes
	Time fixed effect	Yes
	N	465
	R2	0.7416


5 CONCLUSIONS AND POLICY RECOMMENDATIONS
5.1 Conclusion
This paper uses the balanced panel data of 31 provinces from 2009 to 2023 and adopts the two-way fixed effects model to analyze the impact of the digital economy on the production efficiency of agricultural land. The main conclusions are divided into the following aspects: First, the digital economy significantly boosts agricultural land productivity. After the endogeneity test and robustness test, the results remain robust. Second, the digital economy’s impact on agricultural land productivity varies significantly. It notably enhances productivity in the eastern, central, and northeastern regions, as well as in major grain-producing areas. However, in western regions and non-grain-producing areas, the digital economy does not significantly improve agricultural land productivity. Third, mechanism analysis indicates that facilitating labor mobility is a key pathway for the digital economy to enhance agricultural land productivity.
5.2 Suggestion
Based on the research results of this paper, the following policy suggestions are put forward:
Firstly, To improve the digital infrastructure in rural areas, the digital economy needs a solid foundation of digital infrastructure to enhance agricultural productivity. This infrastructure ensures that digital technologies and resources are effectively integrated into the production process. Therefore, the government should increase investment in 5G networks, big data, and smart terminals, establish agricultural smart demonstration parks, provide policy subsidies and tax reductions for companies undergoing digital transformation, encourage individuals with digital expertise to contribute to agricultural digitalization, and offer free digital skills training to farmers, thereby enhancing the digital service level that aligns with the agricultural industry.
Secondly, construction systems should be formulated according to local conditions in different regions, and precise policies should be implemented. For the western region, the digital agriculture development guarantee system should be fundamentally improved first, good digital agriculture business entities should be introduced and cultivated, infrastructure construction should be improved, and the local digital development level should be enhanced. Then, the ways to improve the efficiency of agricultural land production can be broadened. For the eastern, central, and northeastern regions, platforms for the integration of the digital economy and agricultural production should be further constructed. Local available digital resources should be integrated to achieve in - depth integration of digital technology and agriculture. Starting from the real economy, a new batch of new business models and new business forms should be spawned relying on the digital economy to consolidate and strengthen digital development.
Thirdly, the cultivation of the digital agriculture business group should be strengthened. Digital skills training should be incorporated into the core content of the high - quality farmer cultivation project and the training of leaders of rural practical talents. Practical training such as Internet of Things operation, data analysis, e − commerce operation, and the use of intelligent management platforms should be carried out for family farm owners, cooperative leaders, and agricultural enterprise managers to improve the human capital level of those participating in the development of digital agriculture.
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