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This manuscript applies the GML model with unexpected output to measure agricultural green total factor productivity (GTFP) in 30 provinces in China from 2011 to 2019. We explore the effect and mechanism of digital inclusive finance (DIF) on agricultural green total factor productivity. Our empirical results show that during the sample period, China’s agricultural green total factor productivity has shown an increasing trend. Digital inclusive finance mainly promotes agricultural GTFP by improving green technology level. The coverage rate, the application rate and the digitalization rate of digital inclusive finance all generate positive effects on agricultural green total factor productivity, among which the coverage rate contributes the most. Besides, the positive effect of digital inclusive finance in the eastern coastal areas is more significant than in other areas. The analysis of the mechanism shows that digital inclusive finance can indirectly help improve agricultural green total factor productivity through motivating agricultural technology innovation and industrial structure optimization. The research results of this manuscript are extremely meaningful for better implement DIF-related policies, and promote the green development of agriculture.
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INTRODUCTION

Since the Economic Reform and opening-up, China’s agricultural economy has been rapidly growing, which is now called the world-known “China Miracle”. During 1978 to 2020, the average annual growth of China’s agricultural gross domestic product (GDP) is at 4.6%. During the same period 2003 to 2021, China’s total grain output has increased from 430 million tons to 680 million tons, maintaining a continuous growth for 18 years. However, China’s high speed agricultural economic growth at the cost of high investment and heavy pollution inevitably lead to excessive waste of resources and deterioration of the biological environment (Su et al., 2020). Taking carbon emissions as an example, China’s agricultural carbon emissions account for 17% of world’s carbon emissions, but this share for the U.S. and the world’s average level is only at 7 and 11%, respectively (Huang et al., 2019). In fact, China has become the largest source of agricultural carbon emissions in the world. Agricultural development faces dual pressures of low production efficiency and heavy environmental pollution (Fang et al., 2021).

In this context, the report of the 19th National Congress of the Communist Party of China proposed to promote the development of environmentally friendly agriculture and improve the total factor productivity. In 2022, China’s “No. 1 Document” further emphasizes the importance of development of environmental efficient agriculture. Previous studies have confirmed that implementing sustainable development strategies and improving agricultural green total factor productivity is an effective way to achieve agricultural green development (Wu et al., 2020). Agricultural green total factor productivity, i.e., agricultural environmental efficiency and agricultural ecological efficiency, measures agricultural total factor productivity under the consideration of resources and environment. The acceleration of agricultural green total factor productivity growth is inseparable from supports provided by financial services (Zeng et al., 2021).

Under the traditional financial service framework, the cost and risk of providing financial services to agriculture and rural areas is high, therefore discouraging financial institutions from entering the industry, and by consequence creating obstacles for farmers to receive external financings. Zhang et al. (2015) shows that due to the constraints of cost, risk and technology, traditional finance fails to provide strong support for the green development of China’s economy. Therefore, it is urgent to accelerate the pace of financial model reform and innovation to improve the availability of agricultural financial services (Cao et al., 2021). Incorporating new technologies such as artificial intelligence and big data (Awan et al., 2021), digital financial inclusion emerges in responding the demand. Digital inclusive finance overcomes high costs and information asymmetry in traditional rural financial transactions, it is also able to improve the financial availability in remote areas and for vulnerable groups, thus playing an important role in alleviating the shortage of funds in the agricultural sector and promoting high-quality agricultural development (Xing, 2021). The 49th “Statistical Report on Internet Development in China” shows that the number of rural netizens in China has reached 284 million, and the Internet penetration rate in rural areas has reached to 57.6% up to December 2021. Through network terminals such as mobile phones, groups excluded from the formal financial system have access to financial services (Gomber et al., 2018). Practice shows that digital financial inclusion promotes the optimal allocation of financial resources, which has a significant positive impact on rural development and agricultural production (Ahmed and Huo, 2021; Cao et al., 2021). Hence, it is of great significance to explore the relationship between the digital inclusive finance and agricultural green total factor productivity for realizing the sustainable development of China’s agriculture.

Previous research has mainly focused on the effect of agricultural trade (Zhao et al., 2018), industrial agglomeration (Wu et al., 2020), agricultural insurance (Carter et al., 2016), and farmer household characteristics (Adnan et al., 2018) and other factors on agricultural green total factor productivity, nevertheless, little attention has been paid to the relationship between digital inclusive finance and agricultural green total factor productivity. Romer’s endogenous growth theory points out that financial development would affect total factor productivity through resource allocation and technological progression (Romer, 1986). Subsequently, some studies have shown that digital inclusive finance can promote green economic development (Siek and Sutanto, 2019) and green total factor productivity growth (Li et al., 2021). However, previous studies have controversial conclusions at the level of agricultural research. Hu et al. (2021) argue that inclusive finance supports the transformation of agricultural production by providing loans to improve agricultural total factor productivity. Li (2021) and Sun et al. (2022) found that digital inclusive finance increases the supply of financial services, thereby promoting changes in agricultural production methods, quality and efficiency, and leads to promoting agricultural green total factor productivity. However, Matthews (2019) pointed out that the short-term effect of digital financial inclusion on agricultural and rural economies is limited. In the absence of mature digital inclusive finance development systems and regulatory mechanisms, it may bring new risks to the development of the agricultural sector. Digital inclusive finance is profit-seeking like other types of capital. The narrow profit-seeking space in rural areas, technical threshold of digital inclusive finance, the lack of financial infrastructure in rural areas and financial knowledge of rural people make digital inclusive finance significantly less active in rural areas (Xing, 2021).

The existing literature mainly focuses on the impact of digital financial inclusion on the agricultural economy, while few studies focus on the impact of agro-ecology, and fewer studies comprehensively consider the economic and ecological effects. Most of the existing literature examines and verifies the relationship between the two, and lacks sufficient analysis of the transmission path, so it is difficult to identify the internal mechanism of digital inclusive finance affecting agricultural green total factor productivity. In general, the impact of digital inclusive finance on agricultural green total factor productivity is still a relatively new topic. Can digital inclusive finance promote the improvement of agricultural green total factor productivity? If so, what is its mechanism of action? These questions require in-depth research by the academic community to give convincing answers. The main objective of this study is to measure agricultural green total factor productivity using the GML model that introduces undesired output based on the panel data of 30 provinces in China from 2011 to 2019. Then empirically investigate the effect of digital inclusive finance on agricultural green total factor productivity, as well as its internal mechanism.

The contributions of this study to the existing literature are as follows: First, this study incorporates both economic and ecological effects into the research framework to explore comprehensively the effect of digital inclusive finance. The existing literature focuses on the effect of digital inclusive finance on the agricultural economy, while little attention is paid to the effect on agroecology, and the simultaneous impact on economic and ecological effects. Second, this study uses the mediation effect model to explore the impact mechanism of digital inclusive finance on agricultural green total factor productivity. Previous studies are difficult to give a clear explanation on the internal affecting mechanism of digital inclusive finance on the agricultural green total factor productivity, for focusing on verifying the relationship between the two, rather than analyzing the transmission path. Third, this study examines the relationship between digital inclusive finance and agricultural green TFP from three perspectives: sub-index, sub-dimension, and sub-region, in order to investigate the heterogeneity of the impact of digital inclusive finance.

The rest of this article is organized as follows. Section “Theoretical Analysis and Research Hypothesis” introduces the theoretical framework. Section “Theoretical Analysis and Research Hypothesis” describes the data and models. Section “Materials and Methods” reports empirical results including heterogeneity analysis, endogeneity problem and mechanism analysis. Section “Conclusion and Policy Implications” concludes.



THEORETICAL ANALYSIS AND RESEARCH HYPOTHESIS


The Direct Impact of Digital Inclusive Finance on Agricultural Green Total Factor Productivity

The small and scattered demand for agricultural capital, the difficulty in collecting credit information make it difficult for the agricultural sector to obtain support from traditional finance institutions. Digital inclusive finance relying on digital technology can greatly improve the efficiency of capital matching and the availability of financial services in the agricultural sector under the condition of low-cost, thereby promoting the improvement of agricultural green total factor productivity (Sun et al., 2022). Specifically, the impact of digital inclusive finance on agricultural green total factor productivity is mainly reflected in the following three aspects: First, digital inclusive finance lowers the entry difficulty to obtain financial services. Digital inclusive finance provides low-cost and high-efficiency access to funds for rural areas with relatively weak economic foundations, and helps alleviate insufficient financial supply and financial exclusion in rural areas. Adequate capital supply can improve the application of agricultural machineries and equipment, advanced technology, etc., which lays the foundation for large-scale and intensive development. Second, digital inclusive finance can facilitate the application of green technology. By leveraging its technological advantages, digital inclusive finance can accurately invest funds in green farming fields such as green farming, agricultural machinery and equipment, pollution prevention, which will improve the scale and efficiency of green agricultural output. Third, digital inclusive finance helps diversify risks. By building a risk control system based on big data, digital inclusive finance can effectively improve the financial literacy and risk awareness of farmers while reducing the systemic financial risks of financial institutions. At the same time, digital inclusive finance improves the resilience of the agricultural sector by promoting fintech and insurtech interconnectivity (such as “bank + insurance” loan), which in turn increases the acceptances of new technologies and green equipment (Visser et al., 2020), and can consequently improve agricultural green total factor productivity (Aung et al., 2019). Based on the above analysis, this study proposes the following hypotheses:


H1:Digital inclusive finance can promote the improvement of agricultural green total factor productivity.





The Indirect Impact of Digital Inclusive Finance on Agricultural Green Total Factor Productivity

The development of digital inclusive finance can improve the level of agricultural technological innovation and promote the optimization of industrial structure, which would improve agricultural green total factor productivity.

The GTFP improvement is inseparable from technological progress especially green technology innovation (Sun et al., 2020; Wang H. et al., 2021). The inclusive nature of digital inclusive finance has eased the financial constraints of agriculture-related entities, making it possible to invest more R&D funds in the agricultural sector, thereby improving the level of regional agricultural technology innovation. Digital inclusive finance establishes a reliable credit reporting system through digital technology (Du et al., 2021), which effectively reduces the credit risk faced by the financial system when it provides inclusive financial services to farmers. This fundamentally elevates the financing constraints of agricultural-related entities’ technology innovation (Gomber et al., 2018). Furthermore, the vigorous promotion of digital inclusive finance in China promotes the continuous improvement of rural digital infrastructure, which facilitates the promotion and application of advanced technologies and ultimately promotes the improvement of agricultural green total factor productivity (Zhang and Gao, 2018). Based on the above analysis, this study proposes the following hypotheses:


H2a:Agricultural technological innovation plays an intermediary role in the process of digital inclusive finance promoting the improvement of agricultural green total factor productivity.



As for the effect of industrial structure optimization. Digital inclusive finance reduces information asymmetry and transaction costs, thereby improving the efficiency of resource allocation and boosting the optimization and upgrading of the agricultural structure (Chava et al., 2013). The digital inclusive finance expands the coverage of financial services, enhances the application of financial services, promotes the green upgrade of the industrial structure, realizes the Pareto improvement of financial resources allocation, and finally achieves a win-win situation for output and for the environment (Liu and He, 2021; Zhou et al., 2021). The continuous optimization and upgrading of the agricultural structure have led to the expansion of the rural industries scale. The accompanying cluster effect and specialization effect not only reduce agricultural production costs and increase the additional value of products, but also bring huge structural and scale dividends, which will help improve agricultural green total factor productivity. Based on the above analysis, this study proposes the following hypotheses:


H2b:Industrial structural optimization plays an intermediary role in the process of digital inclusive finance promoting the improvement of agricultural green total factor productivity.






MATERIALS AND METHODS


Sample and Data Source

The data used in this manuscript consists of provincial statistics and the digital inclusive finance data. The statistical data of 30 provinces in China (excluding Hong Kong, Macau, Taiwan, and Tibet) are collected from the “China Statistical Yearbook”, “China Rural Statistical Yearbook”, “China Science and Technology Statistical Yearbook”, “China’s Population and Employment Statistical Yearbook”, “Monthly Statistical Report on Import and Export of China’s Agricultural Products” and Statistical Yearbooks of various provinces and cities. Data of digital inclusive finance comes from the China Digital inclusive finance Index released by the Digital Finance Research Center of Peking University (Guo et al., 2020). Therefore, our dataset is a balanced panel dataset of 30 provinces in China from 2011 to 2019.



Definition of Variables


Dependent Variables

The dependent variable in this manuscript is agricultural green total factor productivity (GTFP). Previous studies mainly apply two methods to measure green total factor productivity, first, the Malmquist-Luenberger (ML index) based on the directional distance function proposed by Chung and Fare (1997), second the Global Malmquist-Luenberger index (GML index) constructed by Oh (2010). However, compared with the ML index, the GML index can solve the defects of non-transitivity and no feasible solution perfectly. Therefore, this manuscript adopts the GML index to measure the agricultural green total productivity of various provinces of China. The specific model settings are as follows:

[image: image]

The GML values can be greater than 1, equal to 1 or less than 1, respectively, it represents the increase, the constant and the decrease of the level of agricultural green total factor productivity from the t to t + 1 period, respectively. As shown in equation (2), the GML index can be further decomposed into the product of Technical progress(GTC)and Technical efficiency(GEC), according to which we can examine the impact of GEC and GTC on productivity improvement.

[image: image]

According to Liu and Xin (2019), we took 2010 as the base period to convert the agricultural green total factor productivity index of each province into a cumulative productivity index. The variables in the measurement model of agricultural green total factor productivity include input, expected output and unexpected output. The specific indicators list as follows:

First, input indicators including labor, land and capital. Among them, we use the total number of agricultural employees to represent the labor factor. We choose the total sown area of crops to represent the land factor, for it can better reflect the situation of multiple cropping and intercropping, replanting and replanting, transplanting crops, comparing t with the arable land area index. The capital factor is represented by the amount of fertilizer use and the total mechanical power.

Second, the expected output indicators. The study selects the total agricultural output to represent the expected output. In order to exclude the impact of price factors, we converted the agricultural output value data into comparable data using 2010 as the base period.

Third, the unexpected output indicators. Non-point source pollution and carbon emissions are often used as proxies for undesired output in previous studies, and their measurement is still controversial (Sun et al., 2012). This manuscript selects carbon emissions as the undesired output because carbon emissions increase the global greenhouse effect, and the current agricultural carbon emission reduction play the essential part of environmentally friendly agriculture development. Carbon emissions are “real pollutants,” which do not contain any nutrients such as nitrogen and phosphorus. Liu et al. (2021) and IPCC (2007) argue that most of the polluting behaviors of agricultural production generate greenhouse gases, so it is reasonable to treat carbon emissions as an undesired output. Li et al. (2011) and IPCC (2007) measured the total amount of agricultural carbon emissions by chemical fertilizers, pesticides, agricultural film, diesel oil, tillage and agricultural irrigation in the agricultural production process. And the coefficient of each carbon emission source is accurately estimated: fertilizer 0.8956 kg⋅kg-1; Chemical pesticide 4.9341 kg⋅kg-1; agricultural film 5.18 kg⋅kg-1; diesel oil used in agriculture 0.5927 kg⋅kg-1; tillage 312.6 kg km-2; irrigation 20.476 kg Cha-1.



Explanatory Variables

The core explanatory variable of this research is the development level of digital inclusive finance. This study selects the Peking University Digital Financial Inclusion Index as a proxy variable for digital inclusive finance. The index measures the development of digital inclusive finance from three dimensions: breadth of coverage (BREA), depth of use (DEP) and degree of digital support services (DIG) according to the principles of comprehensiveness, balance and comparability. Among them, the breadth of coverage (BREA) is mainly reflected by the number of electronic accounts, the depth of usage (DEP) is measured by the actual use of Internet financial services, and the level of digitalization (DIG) is closely related to convenience and cost. For the convenience of analysis, the digital inclusive finance index scores in this manuscript are divided by 100 with their raw data.



Mediating Variables

According to the above analysis, digital inclusive finance can indirectly affect agricultural green total factor productivity through agricultural technology innovation and industrial structure upgrading. Specifically, agricultural technology innovation (TEC) can be measured from the perspective of both input and output. However, the use of input indicators may overestimate the level of agricultural technology innovation due to the difficulty of fully converting inputs into outputs. Therefore, this manuscript selects the total number of patent applications in the agricultural sector to measure the level of agricultural technology innovation, whose data can be obtained from the CNKI patent database. According to Wang M.-X. et al. (2021), we constructed an industrial structure optimization index to measure the industrial structure level of 30 provinces, and its calculation formula is [image: image]. Where, Ii represents the proportion of the output of the i-th industry of a province to the total output of the corresponding province. The value range of isu is 1 ≤ isu ≤ 3. isu close to 1 indicates the current economic society is an agricultural society dominated by farming. On the contrary, isu close to 3 indicates that the economic society is entering a post-industrial knowledge economy society.



Control Variables

According to previous literatures (Li et al., 2020; Cao et al., 2021; Fang et al., 2021; Li, 2021), the control variables include the following: (1) Extent of disaster (EXT) measured by the proportion of the affected area of the sown area of crops. (2) Income structure (INS), measured by the ratio of urban and rural per capita disposable income. (3) Degree of economic openness (OPE), expressed by the ratio of the import and export volume of agricultural products to the total agricultural production value. (4) Average education level (EDU), expressed by the average years of education of rural residents. (5) Urbanization (URB), measured by the level of urbanization, which solves the dilemma of rural surplus labor and helps improve the efficiency of agricultural resource allocation (Yu et al., 2014), thereby promoting the growth of agricultural green total factor productivity. (6) Effective irrigation degree (WAT) and Industrialization (IND). The variable definitions and descriptive statistics of this study are shown in Table 1.


TABLE 1. Variable definition and descriptive statistics.

[image: Table 1]




MODEL

The non-negative cumulative value of agricultural green total factor productivity and its decomposition index should be attributed to the restricted dependent variable. Therefore, the OLS estimation method will lead to large deviations in the results, thus this manuscript adopts the Tobit model setting as follows:

[image: image]

Where, Yitis the accumulated GTFP, GTC and GEC for the i-th province in year t, DIFTit is the development level of digital inclusive finance, Xitare control variables, and εit is random disturbance term with distribution μi∼(0,σ2).



EMPIRICAL ANALYSIS


Agricultural Green Total Factor Productivity and Decomposition

Table 2 show China’s agricultural green total factor productivity and its decomposition index calculated by GML index. Overall, the average annual growth rate of China’s Agricultural green total factor productivity (GTFP), Technical progression (GTC) and Technical efficiency (GEC) are 2.0, 1.8, and 0.2% from 2011 to 2019, respectively. GTFP and GTC are both greater than 1, and generally exhibit an upward trend. Although the efficiency of green technology is generally greater than 1, it has been less than 1 in 5 years, and the overall trend is declining. The above analysis implies that the green technology progress is the main driving force of agricultural green TFP, while green technology efficiency is counterproductive.


TABLE 2. Provincial agricultural Green total factor productivity and its decomposition of China from 2011 to 2019.

[image: Table 2]
From a geographical perspective, the average annual growth rates of agricultural green total factor productivity in the eastern, central and western regions are 2.4, 1.8, and 1.8%, respectively. The reason for the high growth of agricultural green total factor productivity in the eastern region is that the eastern regions have abundant resources, good economic foundation, preferential policies and relatively advanced technologies, which have a stronger impetus to promote agricultural transformation and upgrading, thereby promoting agricultural Green total factor productivity grew at a relatively rapid rate. As for the central and western regions, although agricultural development is relatively slower, with the increasingly application of technology introduction and policy support, agricultural green total factor productivity has also maintained growing.



The Impact of Digital Inclusive Finance on Agricultural Green Total Factor Productivity


Benchmark Regression

Table 3 reports the estimated results of the impact of DIF on Agricultural GTFP. We run the LR test and the Wald test to verify the model’s fitness and the results show that our model fits well. Columns (1) to (3) of Table 3 report the estimated results of the benchmark models without control variables, while columns (4) to (6) show the estimated results of the models with control variables. The results of the benchmark models manifest that DIF has a positive impact on agricultural GTFP. The results in columns (4) to (6) manifest that the coefficient of DIF is significantly positive, indicating that DIF still has a positive impact on agricultural GTFP after controlling for other variables. Thus, the hypothesis H1 is initially verified.


TABLE 3. Digital inclusive finance and Agricultural green total factor productivity.

[image: Table 3]
In addition, according to Table 3, we find that DIF had a significant positive effect on GTC, which is enhanced to a certain extent after introduce control variables. While we did not find evidence for the impact of DIF on the GEC. Therefore, we can conclude that the improvement of agricultural GTFP by DIF is mainly through GTC. The specific reason is that digital inclusive finance has lowered the entry difficulty to obtain financings and provided sufficient financial support for the advancement of agricultural technology. The possible reason for the weak effect of digital inclusive finance on technical efficiency is the insufficient coverage and depth of digital inclusive finance in rural areas.



Heterogeneity Analysis


The Impact of Different Dimensions of Digital Inclusive Finance

In order to further clarify the internal mechanism of DIF affecting agricultural GTFP, we constructed regression models of the three dimensions of DIF and agricultural GTFP, the estimated results are shown in Table 4. Where columns (1), (3), and (5) are the estimated results of the benchmark models without control variables for breadth of coverage (BREA), depth of usage (DEP) and digital support services (DIG), respectively, while columns (2), (4) and Column (6) are the estimated results of the corresponding models with control variables. From the columns (1), (3), and (5) of Table 4, the Breadth of coverage, Depth of usage and Level of digitalization all have a significant positive impact on agricultural green total productivity at the 1% significant level. The results in columns (2), (4), and (6) of Table 4 show that Breadth of coverage, Depth of usage and Level of digitalization all have a significant positive impact on agricultural green total productivity at the 1% significant level. Therefore, regardless of the introduction of control variables, the coefficients of Breadth of coverage, Depth of usage and Level of digitalization are significantly positive at the 1% significant level, indicating that the results in Table 4 are highly stable. It shows that Breadth of coverage, Depth of usage and Level of digitalization all have a significant improvement effect on agricultural green total productivity.


TABLE 4. The impact of various dimensions of DIF on agricultural GTFP.

[image: Table 4]
The above results show that: First, the wider the coverage of digital financial inclusion, the more plausible it covers the “long tail” customer group, i.e., digital financial inclusion can solve financing problems for rural areas with relatively lagging economies on a larger scale, thereby promoting the agricultural green total factor productivity. Second, continuous enhancement of the depth of the usage of digital inclusive finance has improved the financing of agricultural operators by providing more diverse financial products and services. Third, with the help of digital technologies such as big data and cloud computing, digital inclusive finance can effectively solve the problems of credit fragmentation and information asymmetry, laying a financial foundation for expanding financial coverage and utilization, and improving agricultural green total factor productivity.



Distinguishing Regional Development Levels

China’s provinces have different characteristics in resource endowment, agricultural technology level, business scale and labor quality, in turn, it generates heterogeneity between regions in terms of effect of digital inclusive finance on agricultural green total factor productivity. Therefore, this manuscript first sets two regional division standards, the first one divides all provinces into eastern, central and western regions, the second divides all provinces into coastal areas and inland areas. We then investigate the heterogeneity of the effect of digital inclusive finance on agricultural GTFP according to the two types of regional division methods. Columns (1) ∼ (3) and (4) ∼ (5) of Table 5 report the effects of DIF on agricultural GTFP under the first and second regional divisions, respectively.


TABLE 5. Regional differences in the impact of digital inclusive finance on agricultural green total factor productivity.

[image: Table 5]
The results in Table 5 show that, except for the western region, digital inclusive finance in the eastern, central, coastal and interior regions all have a significant positive impact on agricultural green total factor productivity at the 1% significance level. Nevertheless, the effect of digital inclusive finance on agricultural total factor productivity in the eastern region is much larger than that in the central and western regions, and the effect of digital inclusive finance in the coastal region on improving GTFP is also much greater than that in the inland region. It can be explained by the fact that, on the one hand, high level of marketization in the eastern coastal areas help improve the efficiency of digital inclusive finance in the agricultural sector. Capital investment in the agricultural sector guided by digital inclusive finance can realize benefits through a profound market mechanism. On the other hand, the digital technology level in the eastern coastal areas is relatively more advanced, thereby an easier access to financing provided by a more developed digital inclusive finance is more likely to promote the progression of agricultural technology.




Endogeneity Discussion

Although previous discussion has been made from multiple perspectives such as sub-index, sub-dimension, and sub-region to ensure the robustness of the results, there may still be endogenous biases caused by reverse causality in the model. That is, when the level of GTFP increases, the agricultural sector takes the initiative to raise funds to achieve intensive operation and efficient use of resources, which will instead promote the development of digital inclusive finance. According to Cao et al. (2021), this study selects Internet penetration rate as an instrumental variable for DIF to conduct an endogeneity test. First the Internet penetration rate, as an infrastructure variable reflecting digital finance, is closely related to the development of digital inclusive finance and meets the correlation requirements of instrumental variables. Second, agricultural green total factor productivity mainly reflects the status of agricultural production and operation, so there is no direct correlation between the Internet penetration rate and agricultural green total factor productivity. Therefore, the instrumental variables selected in this manuscript satisfy the correlation and exogenous assumptions. The test results are shown in Table 6.


TABLE 6. Endogeneity analysis.

[image: Table 6]
According to the results of IV-Tobit estimation, the Wald test rejects the null hypothesis of “α = 0”, suggesting that there are endogenous variables in the model. The estimation results of the first stage show that the coefficient of Internet penetration rate (INT) is significantly positive at the 1% significance level, and the F-value is 55.96, indicating no weak instrumental variable problem, i.e., the instrumental variable selection in this manuscript is effective. The second-stage Wald test results again reject the null hypothesis. The above analysis shows that the estimated value of the two-step method is close to the IV-Tobit, indicating the IV-Tobit regression is effective. After solving the endogenous problem, DIF still has a significant positive impact on agricultural GTFP, which indicates that the analysis results of the above regression are robust. Hypothesis H1 is verified again.



Analysis of the Mechanism

The empirical results have confirmed the development of digital inclusive finance can significantly promote agricultural green total factor productivity, however, its function mechanism is still unclear. In order to clarify the effect path of digital inclusive finance on agricultural green total factor productivity, we adopt the mediation effect model based on Baron and Kenny (1986) and Gomber et al. (2018) to analyze the mechanism effect of digital inclusive finance on agricultural green total factor productivity from the mediating role of agricultural technology innovation and upgrading of industrial structure. The results of the mediation effect test are shown in Table 7.


TABLE 7. Mediating effect test.

[image: Table 7]

The Mediating Effect of Agricultural Technology Innovation

Table 7 (1) ∼ (2) shows the stepwise regression test results with agricultural technological innovation as the mediating variable. Column (1) shows that the coefficient of DIF is 0.384, which is significant at the 1% level, indicating that DIF has a promoting effect on technology innovation (TEC). The results in column (2) show that after incorporating TEC into the model, the coefficients of TEC and DIF are significantly positive, and the coefficient of DIF is smaller than that of the benchmark model, indicating that TEC only produces partial mediation effect. This also indicates that there is a mediating effect of DIF promotes agricultural GTFP through TEC, thus confirming the hypothesis H2a. Further calculations show that the mediating effect of TEC accounts for 9.34% of the total effect.



The Intermediary Effect of Optimization of Industrial Structure

The coefficient of DIF in column (3) of Table 7 is significantly positive at the level of 1%, indicating that DIF has significantly improved the industrial structure (ISU). Column (4) in Table 7 shows that after incorporating ISU into the model, the coefficient of ISU is 0.486 at the 5% significance level. In other words, DIF can have a significant positive impact on agricultural GTFP by promoting the ISU, indicating the existence of the intermediary effect of ISU. Further calculation shows that the mediating effect of industrial structure upgrading accounts for 24.88% of the total effect. Thus, the hypothesis H2b is verified.






CONCLUSION AND POLICY IMPLICATIONS

Based on China’s provincial panel data from 2011 to 2019, this manuscript applies the GML index to measure agricultural green total factor productivity considering undesired output. Furthermore, this study systematically investigates the impact and mechanism of digital inclusive finance on agricultural green total factor productivity. The main fundings are as follows: First, agricultural green total factor productivity mainly drove by green technology progress has shown a positive growth trend. Second, digital inclusive finance mainly promotes the improvement of agricultural green total factor productivity by promoting the progress of green technology. Third, the Breadth of coverage, Depth of usage, and Level of digitalization of digital financial inclusion have a positive effect on agricultural green total factor productivity, among which the Breadth of coverage has the strongest impellent effect. In addition, compared with other regions, the eastern coastal region has the greatest improvement effect by digital financial inclusion. Fourth, digital inclusive finance can indirectly promote the improvement of agricultural green total factor productivity by motivating Agricultural technology innovation and optimizing the industrial structure. The mediating effects of TEC and ISU on agricultural green total factor productivity are 9.34 and 24.88%, respectively.

The implications of this manuscript are as follows: First, the government should encourage and support private capital to participate in the rural financial field while increasing investments in digital inclusive finance in rural areas, strengthening the construction of digital inclusive financial infrastructure in rural areas, and effectively increasing the scale of financial development in rural areas. Second, local governments should accurately and orderly improve the development of digital inclusive finance according to their own resource endowments, agricultural economic development level and target positioning, while avoiding the “digital divide.” Third, the government should establish a profound green development incentive mechanism to help integrate the development of digital inclusive finance and the agricultural industry, so that digital inclusive finance can comprehensively motivate technological innovation and structure optimization in agriculture.

We hope to expand this research in the future from the following aspects: First, with the development of database resources, more adequate empirical analysis can be carried out on the basis of larger-scale data in the future. Secondly, when examining the effect of digital inclusive finance on agricultural green total factor productivity, this manuscript’s selection remains relatively narrow, which may contain latent variables that cause bias and insufficiency in the analysis of the mechanism. In the future, more dimensions should be taking into account. Finally, this manuscript mainly conducts empirical analysis from a macro perspective, and empirical analysis can be carried out from a micro perspective in the future.
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