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Abstract

:

Under the “two-carbon” goal, the green and low-carbon development of agriculture is a critical way to consummate agricultural modernization and high-quality economic establishment. Digital inclusive finance eases credit restrictions. It enhances the availability of funds for farmers. It promotes the integration of agricultural industries and talent gathering through digitalization, improves the standard of agricultural production and promotes the development of green and low-carbon agricultural modernization in China. This paper uses panel data for 2011–2021, which includes 31 provinces in China. Green and low-carbon development indicators of agriculture were constructed and calculated, and the comprehensive horizontal spatial differentiation map of GIS technology was used for analysis. A spatial panel model was set up at the same time, to explore the impact and mechanism test of digital financial inclusion on the green and low-carbon development of agriculture, and regional heterogeneity was analyzed. (1) Digital financial inclusion can promote the green and low-carbon development of agriculture, and its influence has a positive spatial spillover effect. (2) The education level of the labor force plays an intermediary role and is the transmission mechanism of digital financial inclusion and the green and low-carbon development of agriculture. (3) The impact of digital financial inclusion on green and low-carbon agricultural development has regional heterogeneity.
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1. Introduction


Due to the development of the times, modern agriculture, which uses modern science and technology and modern means of production and equipment, is gradually replacing traditional agriculture. The birth of modern agricultural techniques has led to an increase in agricultural productivity; however, in modern agriculture, excessive use of chemicals has caused long-term harm to the environment. In the background of China’s “Double Carbon” goal and rural revitalization, green and low-carbon agricultural development is a crucial way to realize agricultural modernization and high-quality economic development [1]. Green and low-carbon agricultural development will gradually reduce extensive production and effectively protect natural resources, which are a solid foundation for agricultural production and life. And the concept of green and low-carbon development promotes agricultural production to produce the highest yield at the lowest cost, innovate green agricultural technology and improve green production efficiency. In terms of resources and concepts, the green and low-carbon development of agriculture has continuously promoted regional development. This development is sustainable and long-term.



With the continuous innovation of the digital economy, promoting the green and low-carbon development of agriculture by digitalization has gradually become the focus of scholars [2]. The green and low-carbon development of agriculture, in addition to needing the support of the digital economy, also needs an organic combination of financial elements and market mechanisms. The use of financial leverage can stimulate the optimization of financial factors and improve the total factor productivity of agriculture, thereby promoting green, low-carbon and high-quality development. Because traditional finance pays more attention to the market environment and economic effects, the problem of difficult rural financing cannot be effectively solved [3]. Although inclusive finance can effectively increase the income of rural residents [4], the lack of digital technology has led to a limited spread of inclusive finance to rural areas. With the rise of internet finance and electronic payments, inclusive finance that has joined digital technology has gradually penetrated the market. China’s digital financial inclusion average index rose from 36.2 to 218.9, with an average annual growth rate of 43.3%, which is due to the increase in the number of users and the entry of funds from 2011 to 2015. From 2015 to 2016, the development trend of digital financial inclusion slowed down, and the average annual growth rate declined. After 2016, with the introduction of normative documents and the enhancement of the risk supervision system, digital inclusive finance has developed at a steady annual growth rate of about 7.8% in a healthy market environment. The steady development of digital financial inclusion has effectively reduced the cost of financial risk identification, made the financial sector reach deeper and wider regions, and contributed to national economic development.



As a new financial model, digital inclusive finance uses digital technology to improve the efficiency of traditional finance and green finance services and provides a convenient and efficient financing channel for the majority of vulnerable agricultural production groups [5]. Based on this, agricultural production efficiency has improved, agricultural carbon dioxide emissions and agricultural pollution have reduced [6] and agricultural green output can be improved. In addition, digital inclusive finance can promote the industrialization of digital science and technology to optimize the industry [7], promote the integration of the agricultural industry and talent agglomeration, facilitate the formation of green agriculture and enhance the new kinetic energy of agricultural green development. Therefore, against the background of vigorously developing a digital economy and accelerating the digital transformation of traditional industries, the study on the impact of digital inclusive finance on the green and low-carbon development of agriculture is not only a critical method for upgrading the level of green development in agriculture but also an important issue to be considered in realizing the sustainable development of agricultural modernization.



How can digital financial inclusion promote the green and low-carbon development of agriculture? Is there any difference between different regions? By measuring the agricultural green and low-carbon development levels of 31 provinces in China and matching them with the provincial space based on the Peking University Digital Inclusive Finance Index, this paper focuses on exploring the effect and transmission mechanism of digital inclusive finance on agricultural green and low-carbon development, with a view to providing theoretical guidance and empirical evidence support for better promoting the development of digital inclusive finance and promoting agricultural green and low-carbon transformation. This paper may make a marginal contribution in the following three aspects: First, in terms of index construction, the evaluation index system of agricultural green and low-carbon development should be constructed from the dimensions of agricultural social and economic development, resource utilization, environmental ecology and green and low-carbon production. It should measure the level of agricultural green and low-carbon development in different regions of our country and conduct spatial differentiation analysis, therefore enriching the relevant literature and theoretical connotation. The second aspect is the transmission mechanism, which reveals the transmission effect of the development of digital inclusive finance on the green and low-carbon development of agriculture through the education level of the labor force and provides empirical evidence to support the scientific evaluation of the green, low-carbon and high-quality development of agriculture enabled by digital inclusive finance. Third, from the perspective of space, the latest data and GIS technology are used to draw a comprehensive horizontal spatial differentiation map to explore its spatial effect. The spatial panel model was constructed and analyzed to provide new ideas for analyzing the brunt of digital inclusive finance on the green and low-carbon development of agriculture.




2. Literature Review and Research Hypothesis


2.1. Literature Review


The low-carbon development of agriculture in China is the premise of rural revitalization and the key to realizing the green transformation of the social economy [8]. The relevant literature mainly includes research related to digital inclusive finance, research related to the green and low-carbon development of agriculture, and research related to digital inclusive finance in the green and low-carbon development of agriculture.



The first kind of research is on digital financial inclusion. A large number of works have studied high-quality economic development, the upgrading of industrial structure and rural household income related to digital inclusive finance. First of all, the digital economy is steadily becoming a new engine for China’s high-quality development. Yating [9] studied evidence from 30 provinces in China and indicated that digital financial inclusion is of direct and far-reaching significance to high-quality economic development. And it also has a positive impact on China’s economic transition by easing financial constraints through leverage [10]. Secondly, most scholars believe that digital inclusive finance has a great promoting effect on provincial and municipal industrial structure upgrading [11,12]. In addition, digital inclusive finance also plays a positive role in the integration of rural three industries [13]. Finally, digital inclusive finance faces farmers directly, so it plays an increasingly crucial role in improving residents’ income levels and optimizing income structure. Liu et al. [14] analyzed the data from a Chinese household finance survey from a micro perspective and indicated that digital inclusive finance significantly increased residents’ income. Fanqi et al. [15] suggest that digital financial inclusion will regulate residents’ understanding and financial cognition of finance, thus affecting farmers’ income.



Secondly, there are many research studies on the green and low-carbon development of agriculture, which mainly focus on its index construction, its influencing factors and its role. First of all, the overall goal of green and low-carbon agricultural development is coordination and realizing the transformation from agriculture with high resource consumption and high environmental cost to green and low-carbon agriculture and rural areas with high productivity, high resource utilization efficiency and low environmental impact [16]. Scholars have different indicators, but they basically follow the overall goal of green and low-carbon agricultural development. Fan [17] and others constructed the indicators of agricultural green development from four aspects: economic and social development, resource conservation and investment, resource recycling and resource-environment friendliness. He et al. [18] constructed an agricultural green and low-carbon development index system from the dimensions of resource conservation, environmental friendliness, high quality and living security. Jin [19] constructed an agricultural green and low-carbon development index system in China from the aspects of agricultural green production, green products, the ecological environment and people’s quality of life and living. Secondly, there are many factors affecting the green and low-carbon development of agriculture. The government plays an important role in promoting low-carbon agricultural development. Reasonable subsidies and carbon taxes can mobilize the enthusiasm of agricultural enterprises and farmers to participate in low-carbon agriculture, thereby promoting low-carbon agricultural development [20]. Finance also plays an important role in promoting the green development of agriculture. Bregje [21] and others believe that the development of green finance is conducive to promoting the development of low-carbon agriculture. Dainan and Xin [22], based on the provincial panel data of China from 2007 to 2019, think that agricultural insurance can inhibit the green development of agriculture. In addition, the application of digital information technology in agricultural activities and the green planting and consumption of farmers have promoted the green development of agriculture [23,24]. Finally, the development of green and low-carbon agriculture is not only conducive to the substantial growth of green assets from natural resources but also conducive to coping with climate change and achieving sustainable agricultural development [25,26]. It is also conducive to other social benefits, such as the level of labor education and urbanization [27].



Third, based on the impact of digital inclusive finance on the development of green and low-carbon agriculture, scholars mainly focus on financial support, technological innovation and green industry system construction. First of all, digital inclusive finance plays an important role in agricultural ecological efficiency and agricultural technological innovation. With the development of digital inclusive finance, the accessibility of financial services between urban and rural areas has increased, and digital inclusive finance will better meet the needs of people who struggle to obtain financial services [28]. Jiehua & Zhenghui [29] pointed out that there is a positive U-shaped nonlinear relationship between digital inclusive finance and agricultural ecological efficiency, and the investment in agricultural R&D will strengthen the promotion of digital inclusive finance for agricultural ecological efficiency. Digital inclusive finance promotes technological innovation through mechanisms such as financing constraints and market efficiency [30]. Moreover, digital inclusive finance can significantly improve farmers’ adoption of agricultural technology [31], and the green technologies and services generated are applied to agricultural production, which greatly reduces agricultural pollution and significantly improves resource utilization efficiency. Secondly, digital inclusive finance also plays an important role in the construction of agricultural green industrial systems. On the one hand, digital inclusive finance can reduce the occurrence of “credit mismatch” and “financial exclusion”, realize the accurate matching of supply and demand funds, improve the utilization rate of factors, optimize industrial supply and product quality, and thus promote the integrated development of the agricultural industry [32,33]. On the other hand, as a form of modern finance, digital inclusive finance can organically participate in the process of agricultural industry organization transformation and human capital transformation and promote the continuous development and growth of new intermediary industries such as agricultural social services [34,35]. By exerting the effects of talent gathering and technological innovation, digital inclusive finance has accelerated the process of establishing an agricultural, green industrial system [36].



The existing literature is rich and insightful, but there is much more to be performed to answer the question of how digital financial inclusion impacts the green and low-carbon development of agriculture: First, from the perspective of research, a large number of studies focus on the impact of traditional financial and digital technologies on the green and low-carbon development of agriculture. However, studies on the direct impact and transmission mechanisms of digital financial inclusion on the green and low-carbon development of agriculture are relatively weak. How digital financial inclusion can enable the green and low-carbon development of agriculture and the related research of digital inclusive finance on its transmission mechanism still needs to be further refined and expanded. Second, in terms of index construction, previous studies on agricultural green and low-carbon development indicators were not uniform, and each scholar focused on different aspects, mostly from the perspective of economic development, resource conservation and living ecology [37]. In addition to development and resources, green and low-carbon production should also be considered as the goal of the green and low-carbon development of agriculture. Few literature studies focus on this dimension. In this paper, green and low-carbon production is added to the index to explore the level of green and low-carbon agricultural development in China from the perspective of the production process and results.




2.2. Research Hypothesis


The green and low-carbon development of agriculture needs the coordinated development of a social economy and the overall development of agriculture. The emergence of digital inclusive finance has eased the credit constraint, reduced the digital divide of the income gap between urban and rural residents and increased farmers’ income and financial literacy [38]. Compared with traditional inclusive finance, digital inclusive finance promotes the coverage and availability of financial services for rural residents, alleviates urban–rural dual differentiation, coordinates the economic and social development of urban and rural areas, enhances the financial literacy of farmers, adjusts their understanding and cognition of finance, improves their income and optimizes their income structure [15]. Considering the provision of funds for the scale and specialization of agriculture, from the market aspect, it has promoted the technological innovation of R&D departments and improved the marketization degree of agricultural products, thus stimulating the economic vitality of rural areas and agriculture and the overall development of agriculture and rural areas. From the point of view of macroeconomic development, the development of digital inclusive finance can promote the high-quality development of the economy and the upgrading of industrial structures. Through the integrated development of rural three industries, the prosperity of rural industries can be promoted, the core competitiveness of rural areas can be enhanced, and the fragility of rural financial ecology can be alleviated, thus providing stable support for agricultural development and agricultural production. With the improvement of the economy, the basic literacy of farmers has improved, and farmers’ ecological awareness has been gradually awakened [39]. At the same time, for the purpose of adapting to the development of the economy, the agricultural market will be flooded with more capital and talent in line with the market, and the awareness of environmental protection development in the whole rural area and agricultural industry will be enhanced, thus promoting the green and low-carbon development of agriculture. Therefore, this paper puts forward the following assumptions:



Hypothesis 1.

Digital inclusive finance promotes the green and low-carbon development of agriculture.





The development of modern society cannot be separated from human resources. Human resources have the function of creating value. Meanwhile, they are also important means of production in agricultural production activities [40]. Digital financial inclusion integrates financial services with rural households in a deeper and more comprehensive way, alleviates the digital divide, improves the financial literacy of rural households and promotes the education level of the labor force. The quality of agricultural production has improved to further promote the green and low-carbon development of agriculture. The analysis of the specific influence mechanism is as follows: first, the inequality of educational opportunities restricts the education level of rural residents to a large extent, leading to a gap between urban and rural education levels. Digital financial inclusion can effectively promote equal educational opportunities; alleviate the inequality of educational opportunities caused by gender discrimination, urban and rural differences, income stratification, etc.; and enhance the educational expectations of families, thus promoting the educational level of the labor force [41]. Second, credit constraints to a large extent restrict the families’ investment in their children’s education. Digital finance, on the other hand, can break the restrictions of traditional finance through digital technology, improve the availability of products and services, make up for the deficiencies of traditional finance, relieve credit constraints and thus promote the investment of families in education [42] and therefore education attainment. When the education level of rural residents is relatively equal and families invest more in their children’s education, the education level of the labor force will improve. The labor force will use more knowledge in production labor, agricultural production efficiency and quality will be improved [43], social products and services will be innovative and the social atmosphere will be improved, enhancing the green and low-carbon development level of regional agriculture. Therefore, the following hypothesis is proposed:



Hypothesis 2.

The education level of the labor force plays an intermediary role in promoting the green and low-carbon development of agriculture by digital inclusion finance.







3. Measurement and Analysis of Green and Low-Carbon Agricultural Development Level


3.1. Construction of Agricultural Green and Low-Carbon Development Index System


In China’s green agricultural development plan, the implications of the green and low-carbon development of agriculture are relatively rich and clearly show that the construction of spatial patterns, industrial structures and production modes for resource conservation and environmental protection will be accelerated. Five clear goals were put forward, namely, the level of resource utilization was remarkably improved, the environmental quality of the production area was conspicuously improved, the agricultural ecosystem was significantly improved, the supply of green products was dramatically increased, and the carbon emission reduction and sequestration capacity were significantly enhanced [44]. On this basis, this paper constructs agricultural green and low-carbon development indicators based on four dimensions: agricultural socio-economic development, resource utilization, environmental ecology and green and low-carbon development.



The green and low-carbon development of agriculture cannot be separated from the word “development”: Green and low-carbon development refers to the maximum development with the least resources, while “green” should also pay attention to “development”. Therefore, in terms of agricultural social and economic development, this paper selects gross agricultural product, per capita net income of farmers and land yield rate to measure agricultural social and economic development. Promoting agricultural development is not extensive development but development that matches the carrying capacity of resources and environment, and three important indicators of multiple cropping index of cultivated land, water-saving irrigation and grain output per unit area are selected to reflect the situation in terms of resource utilization. Agricultural non-point source pollution is an important part of the battle against pollution prevention and control, and it is also an important problem to be solved in the green and low-carbon development of agriculture. At present, China has made positive progress in the treatment of pollution, but the structural and root causes of pollution are still great. Therefore, this paper selected forest coverage rate, intensity of pesticide use, fertilizer application intensity and agricultural film use intensity to reflect the agricultural environment and ecology. Green and low-carbon production is an indispensable part of low-carbon agricultural development. Therefore, this paper uses green production of food and low-carbon production on cultivated land to reflect green and low-carbon production indicators and mainly uses production results and processes to reflect the green and low-carbon development of agriculture. On this basis, this paper constructs an index system for measuring the level of green and low-carbon development in China’s agriculture from 2011 to 2021, as shown in Table 1.



This index is constructed according to the connotation and characteristics of the low-carbon agricultural economy and the development status for low-carbon agriculture in China, and with reference to the existing research results of the evaluation index system of the low-carbon agricultural economy. After a large number of literature reviews, basically every scholar’s index is different. Generally, there are three primary indexes: agricultural socio-economic development, resource utilization and environmental ecology, and the secondary indexes are slightly different. There is almost no measure of green and low-carbon production, which is what distinguishes this index from other indexes.




3.2. Data Processing and Calculation


Taking the research of Wang Fuxi et al. as a reference [45], this paper uses the entropy method to determine the weight of each evaluation index and then uses the calculated index weight to measure the green and low-carbon development level of China’s agriculture. The measurement steps of this method are as follows:



The first step is data standardization. Since there are differences in measurement units among indexes and the evaluation index of agricultural green development in the table includes both positive and negative indicators, the negative indicators must be treated in a positive way. For the positive indicator, bigger is better, while for the negative indicator, smaller is better. The following two formulas were used to standardize the data:



Positive indicators:


   X  ij   =    x  ij   −  x  min      x  max   −  x  min      











Negative indicators:


   X  i j   =    x  m a x   −  x  i j      x  m a x   −  x  m i n      








where Xij represents the standardized value of the j index of province i, xij represents the value of j index of province i, xmax and xmin represent the maximum and minimum values of the j index, respectively. The maximum and minimum values refer to the maximum and minimum values of all provinces.



The second step is to determine the specific gravity Ri of the index value under the j index.


   R i  =    X  i j       ∑   i = 1  n    ∑   j = 1  m   X  i j      











The third step is to calculate the entropy value Ej of the j index.


   E j  =     ∑   i = 1  n   (   R i  l n  R i   )    l n m    











The fourth step is to calculate the difference coefficient Gj of the j index.


   G j  = 1 −  E j   











The fifth step is to calculate the weight Wj of each index.


   W j  =    G j      ∑   j = 1  m   G j     











The sixth step is to calculate the comprehensive score Pi of agricultural green and low-carbon development level of each province according to the calculated weight of each index.


   P i  =   ∑   i = 1  n    ∑   j = 1  m   W j  ×  X  i j    












3.3. Analysis of the Measurement Results of Agricultural Green and Low-Carbon Development Level


Based on the constructed evaluation index system of agricultural green and low-carbon development levels, the calculation results of the entropy weight scores of each index are shown in Table 2. Overall, the weight of the environmental ecological indicator (0.413723) is the largest, indicating that the environment has an important impact on the green and low-carbon development of agriculture. The indicator weight of agricultural social and economic development (0.3003) is the second, which is also an important part of measuring the level of agricultural green production. Then, there is the weight of the resource utilization indicator (0.264072), which is not very different from the previous index. The weight of the green and low-carbon production indicator (0.021906) is the smallest. The possible reason for this is that the number of green food labels per unit area and the amount of carbon sequestered have small differences among different regions, so the impact is little. However, as an indicator of production and output, the green and low-carbon production index is still indispensable.



The score of the comprehensive indicators and the score of each index of the agricultural green and low-carbon development levels were obtained by means of the weight score of the entropy value, as shown in Table 3. According to the mean value, Beijing, Shanghai, Zhejiang, Fujian, Jiangsu, Guangdong, Shandong, Sichuan, Henan and Hunan ranked as the top 10, while Xinjiang, Jilin, Tianjin, Guizhou, Inner Mongolia, Shanxi, Ningxia, Gansu, Qinghai and Tibet ranked as the bottom 10, showing a certain gradient and level of green and low-carbon agricultural development. And most of the provinces in the front rank had better economic development, followed by regions with slower economic development. The average score of the green and low-carbon agricultural development level in Beijing was 0.290, while that of Xizang was only 0.078, reflecting the great differences in the green and low-carbon agricultural development levels among different provinces.



According to the development strategy of the country’s first rich region to drive the later rich region, the eastern region takes the lead in development, and then the eastern region is fed back to the central and western regions. However, after decades of development, there is still a gap between the eastern and central and western regions, and there is an imbalance in which the economies that are more developed and those that are less developed coexist. Therefore, this paper divides 31 provinces in China into eastern, central, western and northeastern regions and analyzes the changes in green and low-carbon agricultural development in four regions from 2011 to 2021. From Figure 1, it can be seen that the level of green and low-carbon development of agriculture in all regions has steadily increased over time, indicating that the green development advocated by China is steadily being implemented and has achieved initial results in recent years. The level of green and low-carbon agricultural development in the eastern region is steadily becoming higher than that in the central and western regions and the northern regions. The western region has the lowest level of green and low-carbon agricultural development. Possible reasons for this include: First, the economic development of the western region is relatively backward, and the response of the economically backward region to the policy is slow and its development mode is slow to change, so its agricultural green and low-carbon development level is low. Second, its resource utilization rate and production level are low, and there is no efficient production mode to provide the basis for the green and low-carbon development of agriculture, so its agricultural green and low-carbon development level is low.



In addition, this paper uses GIS visualization technology and the Jenks natural breakpoint classification method to divide the comprehensive index score from high to low into five types: low level of development, lower level of development, medium level of development, higher level of development and high level of development area. The comprehensive index was divided using the Jenks natural breakpoint classification method in ArcGIS software (https://www.esri.com/en-us/arcgis/about-arcgis/overview, accessed on 4 July 2023). Finally, the comprehensive spatial differentiation map of the mean value of green and low-carbon agricultural development in 31 provinces and the comprehensive spatial differentiation map of 2012, 2016 and 2020 were obtained.



As shown in Figure 2, from the perspective of mean distribution, the spatial difference of green and low-carbon development of agriculture is obvious and is mainly manifested in the increasing direction from southwest to southeast, with the north being generally lower than the south. The reason is that, in terms of topography, Tibet, Qinghai, Gansu, Ningxia and other regions belong to the plateau zone, their climate is relatively complex, agriculture is difficult to scale, and they do not have the cost advantage brought by resource endowments, such as agricultural scale. Culturally speaking, there are many ethnic minorities in these areas, and the implementation of policies is difficult. Although Xinjiang and the three northeastern provinces are not economically developed areas, their agricultural resources are abundant, the environment is suitable, and their agricultural scale is the core of the high level of green and low-carbon agricultural development. From the three time dimensions of 2012, 2016 and 2020, it can be seen that, with time, the level of green and low-carbon development of agriculture is increasing, but the basic situation of the region has not changed, and its development level is still increasing from southwest to southeast. The level of green and low-carbon agricultural development in the entire southeast region is constantly changing, but there is basically no change in other regions. The possible reason for this is that the southeastern provinces are in the core area of economic development and have been greatly affected by economic development in the past 10 years.





4. Variable Description and Model Setting


4.1. Data Sources and Description


The sample data from 31 provincial levels in China from 2011 to 2021 were selected in this paper. Data on digital financial inclusion came from the Digital Financial Inclusion Index (2011–2021), and data on the calculation and control variables of green and low-carbon agricultural development came from the official website of the National Bureau of Statistics of China, the China Statistical Yearbook and the China Rural Statistical Yearbook over these years. In the course of data processing, the missing data were searched for and completed in the regional Statistical Yearbook, and the interpolation method was not used to complete the missing data. Finally, 341 sample data were obtained, and the empirical samples in this paper are consistent.




4.2. Definition of Variables


4.2.1. Explained Variables


Green and low-carbon agricultural development (GLCA) is estimated according to the index system and method established in the previous paper.




4.2.2. Explanatory Variables


The Digital Financial Inclusion Index (DIF) is based on the relevant data of the Digital Inclusive Finance Index (2011–2021) compiled by the Digital Finance Research Center of Peking University. This paper draws on the methods of Guo Feng et al. [46] on the construction of a digital inclusive finance index and adopts the compilation index to describe the development status of digital inclusive finance in various provinces. Therefore, this paper chooses this set of indexes to measure the development status of digital inclusive finance in China.




4.2.3. Control Variables


	(1)

	
Government environmental management input (HJ). Reflects the government’s investment in energy conservation and environmental protection and calculates the proportion of the expenditure on energy conservation and environmental protection in the local general public budget.




	(2)

	
Urbanization level (CZ). In the process of urbanization, problems such as population loss and waste of land resources will also be raised. Therefore, the higher the level of urbanization, the more unfavorable the green and low-carbon development of agriculture will be. Urban population/total population was used for calculations.




	(3)

	
Economic development level (GDPR). The higher the level of economic development in a region, the more inclined it is toward green and low-carbon agricultural development. Regional per capita GDP was used to measure the level of economic development.




	(4)

	
State of agricultural infrastructure (NY). Agricultural infrastructure plays an important role in transforming traditional agriculture and realizing the green and low-carbon transformation of agriculture. The total power of agricultural machinery was selected to measure the situation of agricultural production infrastructure.








4.2.4. Intermediary Variables


The education level of the labor force (JY) refers to high-quality talents being one of the necessary conditions for the economic development of a region but also one of the key factors for the development of various industries. High-quality talents are also the core elements that promote scientific and technological innovation and the basic conditions for the green and low-carbon development of agriculture. In this paper, Cheng Qiuwang et al. [47] were referred to calculate the educational level of the labor force in each region by multiplying the proportion of the number of people at each education stage by the time taken for each, among which the years of education of primary school, junior high school, high school, college and above (including master’s and doctorate) are calculated as 6 years, 9 years, 12 years and 16 years, respectively.





4.3. Model Method


4.3.1. Spatial Metering Model


According to the needs of the actual research problems, the LM test, Husman test and LR test of the applicability of the model were carried out by referring to the research methods of [48]. The test results show that the spatial error model (SEM) with fixed effects is more suitable for this paper. Therefore, this paper constructs the following spatial error model:


   Y  it   =  α 0  +   ∑   j = 1  n   α j   X  itj   +  ε  it    










   ε  it   =    γ W ε    it   +  μ  it    










   μ  i t   ~ N ( 0 ,  σ 2  I )  











In the above formula, footmarks i and t represent the observation years of each province and sample, respectively. Y is the dependent variable; Xj is a series of arguments; εit and μit are random error terms obeying a normal distribution; α0 is the intercept and αj is the coefficient; W is the space weight matrix. Due to the limitation of freedom in practical operation, the spatial weight matrix cannot be generated by the data or model, so geographical distance is used to represent it in this paper.




4.3.2. Mediation Effect Model


This paper aims to explore the mediating effect of labor education levels in promoting the green and low-carbon development of agriculture through digital inclusion finance. Therefore, the mediating effect model is constructed by referring to Wen Zhonglin’s [49] Analysis of the Mediating Effect: Methods and Model Development:


    M  i t   =  β 1  +   ∑   j = 1  n   μ j   X  i t j   +  ε  i t    ,     (  ε  i t   = γ W  ε  i t   +  μ  i t    )    



(1)






    Y  i t   =  β 2  +  β 3   M  i t   +   ∑   j = 1  n   δ j   X  i t j   +  ε  i t    ,    (  ε  i t   = γ W  ε  i t   +  μ  i t   )   



(2)







In the above equation, M represents the intermediary variable, and the other settings are basically consistent with the spatial measurement model above. According to the stepwise test of the intermediary effect, the above spatial measurement model is tested first; if it is significant, the regression test of Equations (1) and (2) in the intermediary effect model is performed. When the coefficients of both the core explanatory variable in Equation (1) and the mediator variable in Equation (2) are significant, an indirect effect exists. Then, if the coefficient of the core explanatory variable in Equation (2) is significant, the direct effect is significant. Finally, if the product of the coefficient of the core explanatory variable in Equation (1) and the intermediary variable in Equation (2) has the same sign as the coefficient of the core explanatory variable in Equation (2), it indicates that the intermediary effect is significant. It can also disclose the proportion of the mediating effect to the total effect.






5. Empirical Analysis


5.1. Descriptive Statistics


The descriptive statistical analysis of each study variable is shown in Table 4. It can be seen in the table that the observed value of green and low-carbon agricultural development (GLCA) of the explanatory variable is 341, the minimum value is 0.0583, the maximum value is 0.591 and the standard deviation is 0.07. It can be seen that there is a certain gap between the level of green and low-carbon development of agriculture in different regions and different periods, which is related to the different economic and environmental development of different places, but on the whole, the differences are not particularly large. The minimum value of the education level of the labor force (JY) of the intermediary variable is 4.666 and the maximum value is 12.70, which shows that there are large differences in the quality of labor in different regions, which is related to the level of regional economic development. The standard deviation is 1.082. Although the value of the standard deviation is not particularly large, due to the small value of the education level of the labor force, this standard deviation has reflected a certain gap in the education level of the labor force among provinces, which may lead to the widening of the development gap between regions. The standard deviation of the digital financial inclusion index (DIF) is 103.4, the minimum value is 16.22 and the maximum value is 459, which shows that the development of digital financial inclusion varies greatly by region or year. In general, the observed values of the data in this paper are 314, the data gap is not large and there is strong stability.




5.2. Spatial Autocorrelation Test


For tests to determine whether there is a spatial correlation between regional variables, the spatial autocorrelation index Moran’s I, proposed by Moran, is generally used. The value range of Moran’s I is (−1,1). When it is greater than 0, it indicates that an economic variable between regions is spatially positively correlated; that is, there is spatial agglomeration. When it is less than 0, it indicates that an economic variable between regions is spatially negatively correlated, that is, there is spatial exclusion. When it is equal to 0, it indicates that the distribution of certain economic variables and locations between regions is independent of each other. A larger absolute value of Moran’s I indicates a stronger spatial correlation of the economic variables being tested. This paper conducted Moran’s I test for the low-carbon development of China’s agriculture from 2011 to 2021, and the test results are shown in Table 5. According to the test results, among the Moran’s I values in each year from 2011 to 2021, except for the significance at the 5% level in 2018, the other years passed the significance test at the 1% level, and all Moran’s I values were positive. This indicates that there is indeed an obvious positive autocorrelation in the spatial development of agricultural green and low-carbon development in provincial areas in China; that is, there is spatial agglomeration, and its correlation shows a trend of instability and increase year by year. From this, we can judge that it is more appropriate to use spatial econometric models to study the relationship between China’s transportation infrastructure level and total factor productivity growth than traditional measurement methods.




5.3. Baseline Regression


Before the spatial effect test, this paper first conducted an OLS regression to test whether digital inclusive finance and agricultural green and low-carbon development are related. The test results are listed in column (1) of the following table, Table 6, which shows that there is a significant positive relationship between digital inclusive finance and agricultural green and low-carbon development. This coincides with scholars’ academic research on digital inclusive finance to promote the green and low-carbon development of agriculture in terms of financial support [28], technological innovation [30] and green industrial system construction. Since the maximum likelihood value of the temporal fixed effect is better than that of other fixed effects, this paper selects the panel SEM model of the temporal fixed effect to empirically analyze the relationship between digital inclusive finance and agricultural green and low-carbon development, and the specific test results are shown in the following table. Firstly, column (2) in the table shows the regression before adding the control variable, and it can be seen from the regression results that the coefficient value is 0.179, which is significantly positive at the level of 1%, indicating that digital inclusive finance has a significant positive impact on the green and low-carbon development of agriculture. Column (3) shows the regression results after adding the control variable, giving the coefficient value 0.195, which is still markedly positive at the level of 1%, indicating that digital inclusive finance has a significant positive impact on the green and low-carbon development of agriculture. Secondly, the spatial coefficient (lambda) of the model is greater than 0, and the significance test of 1% is passed, indicating that there is a positive spatial spillover effect; that is, the improvement of the green and low-carbon development level of agriculture in one region will have a driving effect on neighboring areas. In other words, the development of digital inclusive finance has led to the green and low-carbon development of agriculture in a region, which will have a diffusion effect and promote the green and low-carbon development of agriculture in surrounding areas. This is based on spatial findings. The reason may be that the development of digital inclusive finance has improved the financial literacy of farmers, alleviated the digital divide and promoted innovative development in the market, stimulating the vitality of the rural market. Overall, farmers’ ecological awareness has improved [39] and agricultural and rural markets have developed greenly, thereby increasing the level of green and low-carbon development in agriculture.




5.4. Robustness Test


This paper conducted a robustness test from two aspects. First, the test of municipalities directly under the central government is excluded, and the four municipalities of Beijing, Tianjin, Shanghai and Chongqing are excluded for the regression results in column (1) as shown in Table 7. The results indicate that its coefficient is significantly positive at the level of 1%, consistent with the previous results. Then, the space matrix was replaced by the space adjacency matrix to check. According to the setting method commonly used in current international and domestic literature, this paper uses the first-order adjacency function matrix of distance to represent; that is, assigning 1 to adjacent regions and 0 to non-adjacent regions [50]. The test results are shown in column (2) and have a coefficient of 0.121, still at the level of 1%. Digital inclusive finance has a remarkably positive impact on the green and low-carbon development of agriculture, indicating that the research conclusions of this paper are relatively robust.





6. Further Analysis


6.1. Mediation Mechanism Test


This section mainly verifies the mediating effect of labor education level. The following table (1) shows the test of benchmark regression, with the regression result significant at the 1% confidence level. Further testing the models (1) and (2) through the regression test gave the results shown in columns (2) and (3) of Table 8. The results show that the coefficient of the core explanatory variable is 3.176, which is significant at the significance level of 1%, and β3 is 0.021, which is significant at the level of 1%, so the next judgment can be made. Both are significant, and the indirect effect can be judged to be significant. It was further found that 3.176 × 0.021 is the same as 0.132, and it can be found that its mediating effect is true, and hypothesis 2 is verified. The mediation effect accounted for 34.2% of the total effect, indicating that the education level of the labor force played an intermediary role in the promotion of the green and low-carbon development of agriculture by digital inclusive finance. In order to strengthen the verification results, bootstrapping was used to test its mediating effect, and it was found that, under a 95% confidence interval, the direct and indirect effects were (0.009235, 0.0195151) and (0.0239914, 0.0386581), respectively, and neither of them contained 0. This indicated that the mediating effect was significant; that is, the education level of the labor force had an intermediating effect on the green and low-carbon development of agriculture promoted by digital inclusive finance. In the past, scholars seldom studied the educational level of the labor force. The reason is that the development of digital inclusive finance can practically promote the availability of financial services and financial products for residents, alleviate credit constraints and the digital divide, and thus promote household investment in education and alleviate the phenomenon of educational inequity [41,42]. The education level of the labor force has improved, and the development of modern agriculture has been promoted. The quality of agricultural production has improved, agricultural industrialization has developed, and so the level of green and low-carbon development in agriculture has improved.




6.2. Analysis of Regional Heterogeneity


Considering the different geographical locations, climatic conditions, soil environment and other characteristics of different regions in China, there are also great differences in the green and low-carbon development of agriculture. The different regions of China were divided into the eastern, central, western and northeastern regions, and the fixed-effect model was again used for econometric analysis. The results are shown in Table 9. From the analysis results, all three regions had significant impacts, with the eastern, central and western regions showing positive influences and the northeast region showing as negative and not significant. The impact of digital financial inclusion on the green and low-carbon development of agriculture in the central region is more significant and deeper. In terms of the absolute values of the regression coefficients, the central region > the eastern region > the western region > the northeastern region. This may be because the main grain-producing areas in the country are mainly distributed in the central region, and its agricultural modernization development is relatively mature and large-scale [51]. Moreover, there is a passive spatial spillover effect in the central region; that is, there is a siphon effect on the green and low-carbon development of agriculture in one region, so the impact of digital inclusive finance on the green development of agriculture in the region is deeper. Most of the entire eastern region belongs to coastal cities. Following the tide of the times, the economy is more developed, the impact of digital financial inclusion is more far-reaching, and the spread is more rapid, so its impact on the green and low-carbon development of agriculture is deeper.





7. Conclusions and Policy Implications


7.1. Conclusions


Based on the inter-provincial panel data of 31 provinces in China from 2011 to 2021, this paper measured the level of green and low-carbon development of agriculture, constructed a spatial econometric model, and explored the influence effect and transmission mechanism of digital financial inclusion on the level of green and low-carbon development of agriculture. The results are as follows:



First, the level of green and low-carbon agricultural development in various regions has increased with time. The level of green and low-carbon agricultural development in different provinces showed a gradient decline, followed by the eastern, central, northeastern and western regions. The spatial differences in the green and low-carbon development of agriculture are obvious, mainly manifested in the increasing direction from southwest to southeast, and the north is generally lower than that of the south.



Second, digital financial inclusion can effectually promote the green and low-carbon development of agriculture. Moreover, the impact of digital financial inclusion on the green and low-carbon development of agriculture has a positive spatial spillover effect.



Third, the education level of the labor force plays an intermediary role in the promotion of green and low-carbon development of agriculture by digital inclusive finance; that is, digital inclusive finance promotes the improvement of the level of green and low-carbon development of agriculture by improving the education level of the labor force.



Fourth, the impact of digital financial inclusion on the green and low-carbon development of agriculture in different regions is different, with the central region having the deepest impact, followed by the eastern region. The impact of digital financial inclusion on the green and low-carbon development level of agriculture in the northeast region is not significant.




7.2. Policy Implications


Based on the above conclusions, this paper draws the following policy implications:



First of all, we should strengthen the orientation of agricultural green production, standardize agricultural green ecological standards and improve policies for the promotion and application of agricultural green and low-carbon technologies, expand the institutional guarantee of the agricultural green and low-carbon industrial chain and its integrated development, and coordinate the development of regional agricultural green industries.



Secondly, we should grasp the direction of the development of the digital economy, make good use of the technical “dividend” period in the process of digital inclusive financial services sinking into rural areas, actively promote the construction of rural digital infrastructure, improve the digital level and social service capabilities of rural areas, and use digital technology to drive agricultural and rural development.



And then, we should pay attention to the education level of agricultural laborers in the process of promoting agricultural development, further accelerate the construction of rural basic education and the technical training of farmers and focus on popularizing high school education to improve the cultural quality of farmers and continuously develop modern agriculture.



Finally, in the process of digitization, each region should take notice of the problem of unbalanced development, make corresponding policies according to the economic conditions and agricultural development of different regions and adjust them timely.
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Figure 1. Results of regional heterogeneous agricultural green and low-carbon development. 
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Figure 2. Comprehensive horizontal spatial differentiation diagram. 
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Table 1. Index system for measuring the level of green and low-carbon agricultural development in China.






Table 1. Index system for measuring the level of green and low-carbon agricultural development in China.





	
First-Order Index

	
Secondary Index

	
Indicator Meaning

	
Unit

	
Attribute






	
Agricultural social and economic development

	
Gross agricultural product

	

	
Hundred million CNY

	
Positive




	
Per capita net income of farmers

	

	
CNY/person

	
Positive




	
Land yield rate

	
Total agricultural output value/cultivated land area

	
T10000/hm2

	
Positive




	
Resource utilization

	
Multiple cropping index of cultivated land

	
Sown area/cultivated area of main crops

	
%

	
Negative




	
Water-saving irrigation

	
Water-saving irrigation area/arable area

	
%

	
Positive




	
Grain output per unit area

	
Grain yield/area sown to grain crops

	
kg/hm2

	
Positive




	
Environmental ecology

	
Forest coverage rate

	
Forest area/total land area

	
%

	
Positive




	
Intensity of pesticide use

	
Usage/arable area

	
kg/hm2

	
Negative




	
Fertilizer application intensity

	
Conversion amount/arable area

	
kg/hm2

	
Negative




	
Agricultural film use intensity

	
Usage/arable area

	
kg/hm2

	
Negative




	
Green and low-carbon production

	
Number of green food label products per unit area

	
Quantity/area of arable land

	

	
Positive




	
Carbon sequestration of crops per unit of cultivated land area

	
(Sown area of crops × Average annual carbon sequestration coefficient of crops)/actual cultivated land area at the end of the year

	
t/hm2

	
Positive











 





Table 2. Weight table of indicator system.
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First-Order

Indicator

	
Secondary Indicator

	
Weight

	
First-Order

Indicator

	
Secondary Indicator

	
Weight






	
Agricultural

social and

economic

development

	
Gross agricultural product

	
0.12424

	
Environmental ecology

	
Forest coverage

	
0.374385




	
Per capita net income of farmers

	
0.078458

	
Intensity of pesticide use

	
0.035781




	
Land yield rate

	
0.097602

	
Fertilizer application intensity

	
0.001825




	
Resource

utilization

	
Multiple cropping index of cultivated land

	
0.140359

	
Agricultural film use intensity

	
0.001732




	
Water-saving irrigation

	
0.034808

	
Green and low-carbon production

	
Number of green food label products per unit area

	
0.016308




	
Grain output per unit area

	
0.088905

	
Carbon sequestration of crops per unit of cultivated land area

	
0.005598











 





Table 3. Measurement results of green and low-carbon agricultural development in 31 provinces of China from 2011 to 2021.
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	Province
	2011
	2012
	2013
	2014
	2015
	2016
	2017
	2018
	2019
	2020
	2021
	Mean





	Beijing
	0.233
	0.244
	0.231
	0.236
	0.246
	0.253
	0.253
	0.263
	0.408
	0.394
	0.428
	0.290



	Tianjin
	0.122
	0.129
	0.118
	0.128
	0.136
	0.142
	0.151
	0.158
	0.182
	0.191
	0.205
	0.151



	Hebei
	0.157
	0.168
	0.178
	0.183
	0.185
	0.188
	0.195
	0.204
	0.213
	0.224
	0.235
	0.194



	Shanxi
	0.084
	0.087
	0.092
	0.102
	0.102
	0.104
	0.105
	0.113
	0.119
	0.130
	0.142
	0.107



	Inner

Mongolia
	0.111
	0.112
	0.116
	0.124
	0.128
	0.130
	0.133
	0.142
	0.144
	0.149
	0.158
	0.132



	Liaoning
	0.146
	0.152
	0.157
	0.152
	0.167
	0.169
	0.174
	0.177
	0.187
	0.193
	0.204
	0.171



	Ji Lin
	0.134
	0.142
	0.147
	0.151
	0.155
	0.156
	0.158
	0.156
	0.162
	0.168
	0.176
	0.155



	Heilongjiang
	0.157
	0.167
	0.177
	0.185
	0.188
	0.191
	0.200
	0.207
	0.211
	0.219
	0.225
	0.193



	Shanghai
	0.155
	0.165
	0.181
	0.198
	0.207
	0.216
	0.222
	0.288
	0.425
	0.524
	0.591
	0.288



	Jiangsu
	0.174
	0.191
	0.197
	0.209
	0.224
	0.225
	0.236
	0.245
	0.268
	0.282
	0.309
	0.233



	Zhejiang
	0.226
	0.232
	0.234
	0.246
	0.251
	0.256
	0.262
	0.287
	0.320
	0.330
	0.367
	0.274



	Anhui
	0.136
	0.145
	0.139
	0.151
	0.157
	0.160
	0.169
	0.176
	0.188
	0.197
	0.207
	0.166



	Fujian
	0.208
	0.217
	0.221
	0.233
	0.235
	0.242
	0.249
	0.274
	0.304
	0.319
	0.342
	0.259



	Jiangxi
	0.168
	0.173
	0.176
	0.184
	0.193
	0.198
	0.202
	0.210
	0.218
	0.226
	0.238
	0.199



	Shandong
	0.178
	0.186
	0.201
	0.214
	0.221
	0.218
	0.224
	0.235
	0.256
	0.267
	0.288
	0.226



	Henan
	0.164
	0.174
	0.178
	0.192
	0.200
	0.202
	0.209
	0.222
	0.241
	0.264
	0.277
	0.211



	Hubei
	0.175
	0.185
	0.175
	0.183
	0.189
	0.192
	0.200
	0.205
	0.219
	0.225
	0.241
	0.199



	Hunan
	0.176
	0.184
	0.182
	0.192
	0.195
	0.202
	0.209
	0.216
	0.238
	0.255
	0.270
	0.211



	Guangdong
	0.179
	0.190
	0.196
	0.207
	0.214
	0.224
	0.229
	0.241
	0.275
	0.267
	0.281
	0.228



	Guangxi
	0.163
	0.169
	0.175
	0.189
	0.195
	0.203
	0.210
	0.223
	0.242
	0.252
	0.271
	0.208



	Hainan
	0.150
	0.160
	0.141
	0.153
	0.157
	0.166
	0.170
	0.197
	0.200
	0.207
	0.218
	0.174



	Chongqing
	0.121
	0.125
	0.131
	0.144
	0.151
	0.159
	0.163
	0.180
	0.204
	0.227
	0.247
	0.168



	Sichuan
	0.176
	0.188
	0.174
	0.186
	0.196
	0.208
	0.218
	0.225
	0.246
	0.257
	0.272
	0.213



	Guizhou
	0.112
	0.106
	0.107
	0.129
	0.142
	0.147
	0.154
	0.162
	0.175
	0.185
	0.197
	0.147



	Yunnan
	0.130
	0.139
	0.146
	0.161
	0.164
	0.170
	0.175
	0.186
	0.206
	0.211
	0.229
	0.174



	Tibet
	0.066
	0.070
	0.071
	0.074
	0.071
	0.072
	0.080
	0.072
	0.088
	0.093
	0.103
	0.078



	Shaanxi
	0.142
	0.150
	0.145
	0.154
	0.158
	0.163
	0.168
	0.416
	0.194
	0.208
	0.221
	0.193



	Gansu
	0.065
	0.071
	0.071
	0.076
	0.081
	0.082
	0.088
	0.096
	0.104
	0.110
	0.118
	0.087



	Qinghai
	0.058
	0.063
	0.062
	0.068
	0.073
	0.075
	0.079
	0.090
	0.092
	0.097
	0.110
	0.079



	Ningxia
	0.079
	0.080
	0.075
	0.086
	0.090
	0.096
	0.100
	0.106
	0.114
	0.120
	0.124
	0.097



	Xinjiang
	0.135
	0.136
	0.140
	0.150
	0.157
	0.157
	0.163
	0.173
	0.165
	0.175
	0.192
	0.158










 





Table 4. Descriptive statistics.






Table 4. Descriptive statistics.





	Variable
	N
	Mean
	Sd
	Min
	Max





	GLCA
	341
	0.183
	0.070
	0.0583
	0.591



	DIF
	341
	230.5
	103.4
	16.22
	459.0



	JY
	341
	9.231
	1.082
	4.666
	12.70



	NY
	341
	7.640
	1.130
	4.543
	9.499



	GDPR
	341
	5.567
	2.877
	1.602
	18.75



	CZ
	341
	0.586
	0.131
	0.227
	0.896



	HJ
	314
	0.029
	0.009
	0.012
	0.068










 





Table 5. Moran’s I spatial autocorrelation test results of green and low-carbon agricultural development in all regions of China from 2011 to 2021.
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	Year
	I
	Year
	I





	2011
	0.222 (2.781) ***
	2017
	0.265 (3.223) ***



	2012
	0.222 (2.761) ***
	2018
	0.130 (1.832) **



	2013
	0.228 (2.816) ***
	2019
	0.235 (2.977) ***



	2014
	0.252 (3.080) ***
	2020
	0.248 (3.244) ***



	2015
	0.251 (3.080) ***
	2021
	0.255 (3.382) ***



	2016
	0.254 (3.115) ***
	
	







*** p < 0.01, ** p < 0.05.













 





Table 6. Baseline regression results table.
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Variables

	
(1)

	
(2)

	
(3)




	
OLS

	
SEM

	
SEM






	
lnDIF

	
0.036 ***

	
0.179 ***

	
0.195 ***




	

	
(12.030)

	
(10.44)

	
(10.68)




	
CZ

	
0.022

	

	
0.052




	

	
(0.740)

	

	
(1.44)




	
NY

	
−0.040 ***

	

	
0.008 ***




	

	
(−2.884)

	

	
(3.25)




	
HJ

	
−0.377 *

	

	
−0.157




	

	
(−1.658)

	

	
(−0.54)




	
GDPR

	
−0.001

	

	
−0.002




	

	
(−0.583)

	

	
(−1.41)




	
Constant

	
0.306 ***

	

	




	

	
(2.833)

	

	




	
Observations

	
341

	
341

	
341




	
lambda

	

	
0.364 ***

	
0.384 ***




	

	

	
(4.54)

	
(4.74)




	
R-squared

	
0.331

	
0.217

	
0.213








*** p < 0.01, * p < 0.1, standard error in parentheses.













 





Table 7. Robustness test results.
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	Variables
	(1)
	(2)





	lnDIF
	0.067 ***
	0.200 ***



	
	(3.79)
	(10.66)



	CZ
	0.025
	0.048



	
	(0.68)
	(1.36)



	NY
	0.000 ***
	0.010 ***



	
	(7.11)
	(3.73)



	HJ
	−0.639 ***
	−0.055



	
	(−4.39)
	(−0.19)



	GDPR
	0.013 ***
	−0.002



	
	(7.19)
	(−1.38)



	Observations
	297
	341



	lambda
	0.572 ***
	0.380 ***



	
	(6.67)
	(5.84)



	R-squared
	0.497
	0.213







*** p < 0.01, standard error in parentheses.













 





Table 8. Test results of mediating effect.
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Variables

	
(1)

	
(2)

	
(3)




	
GLCA

	
JY

	
GLCA






	
lnDIF

	
0.195 ***

	
3.176 ***

	
0.132 ***




	

	
(10.68)

	
(10.59)

	
(6.93)




	
JY

	

	

	
0.021 ***




	

	

	

	
(6.79)




	
CZ

	
0.052

	
0.630

	
0.027




	

	
(1.44)

	
(1.16)

	
(0.85)




	
NY

	
0.008 ***

	
−0.143 ***

	
0.014 ***




	

	
(3.25)

	
(−3.59)

	
(5.86)




	
HJ

	
−0.157

	
−6.144

	
−0.007




	

	
(−0.54)

	
(−1.37)

	
(−0.03)




	
GDPR

	
−0.002

	
−0.052 **

	
−0.001




	

	
(−1.41)

	
(−1.98)

	
(−0.33)




	
Observations

	
341

	
314

	
314




	
lambda

	
0.384 ***

	
0.567 ***

	
0.407 ***




	

	
(4.74)

	
(7.85)

	
(5.16)




	
R-squared

	
0.213

	
0.125

	
0.304








*** p < 0.01, ** p < 0.05, standard error in parentheses.













 





Table 9. Results of regional heterogeneity test.






Table 9. Results of regional heterogeneity test.





	
Variables

	
(1)

	
(2)

	
(3)

	
(4)




	
Eastern

	
Central

	
Western

	
Northeastern






	
lnDIF

	
0.156 ***

	
0.233 ***

	
0.074 **

	
−0.025




	

	
(4.02)

	
(3.24)

	
(2.55)

	
(−1.05)




	
CZ

	
−0.496 ***

	
−0.935 ***

	
0.086

	
0.425 ***




	

	
(−8.75)

	
(−3.86)

	
(1.39)

	
(4.02)




	
NY

	
0.000

	
−0.000 **

	
0.000 ***

	
0.000




	

	
(0.76)

	
(−2.38)

	
(5.47)

	
(0.50)




	
HJ

	
−0.141

	
−3.170 ***

	
−1.433 ***

	
0.211 *




	

	
(−0.43)

	
(−4.83)

	
(−2.83)

	
(1.69)




	
GDPR

	
0.025 ***

	
0.017 **

	
0.007

	
−0.031 *




	

	
(11.78)

	
(2.54)

	
(1.48)

	
(−1.78)




	
lambda

	
−0.164

	
−0.745 **

	
0.311 *

	
−0.600 ***




	

	
(−1.33)

	
(−2.55)

	
(1.84)

	
(−3.83)




	
Observations

	
110

	
66

	
132

	
33




	
R-squared

	
0.549

	
0.286

	
0.339

	
0.047








*** p < 0.01, ** p < 0.05, * p < 0.1, standard error in parentheses.
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