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In the context of financial support for rural revitalization, digital financial inclusion may become a new “gospel” to alleviate agricultural surface source pollution. Based on the panel data of 30 Chinese provinces from 2011 to 2020, the study constructs a fixed-effects model to test the mitigation effect of digital financial inclusion on agricultural non-point source pollution empirically. The study finds that: 1) Digital financial inclusion has a mitigating effect on agricultural non-point source pollution, and the abatement effect still exists after the robustness tests such as replacing the explanatory variables, reducing the sample size, and endogeneity treatment. 2) The moderating effect test shows that the income structure of farmers strengthens the mitigation effect of digital financial inclusion on agricultural non-point source pollution, i.e., the more the income structure of farmers tends to be “non-farmed”, the stronger the mitigation effect of digital financial inclusion. 3) The heterogeneity test found that all three dimensions of digital financial inclusion, including the breadth of coverage, depth of use, and degree of digitization, can mitigate agricultural non-point source pollution, but there are differences in the intensity of the effect. Compared with the northwestern part of the “hu huan yong” line, the mitigation effect of digital inclusive finance is more significant in the southeastern part of the “hu huan yong” line. 4) The threshold effect test shows that the mitigation effect of digital financial inclusion on agricultural non-point source pollution has non-linear characteristics, and there is a double threshold effect of digital financial inclusion, and the mitigation effect will be enhanced as the development level of digital financial inclusion increases.
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1 INTRODUCTION
Ensure access to water and sanitation for all is one of the 2030 UN Sustainable Development Targets (The United Nations). While international efforts have increased the use of improved drinking water sources from 76% to 90% of the global population between 1990 and 2015, three in ten people worldwide still do not have access to safely managed drinking water services (The United Nations). Global wastewater generation and its overall pollution load are increasing, making water pollution a growing part of the overall water cycle (Water Quality and Wastewater). Non-point source pollution is an important issue in water environment pollution, among which agricultural non-point source pollution poses the greatest risk (Ongley et al., 2010), and the negative impact of agricultural production on link pollution has received wide attention (Rehman et al., 2022a; Rehman et al., 2022b; Chishti et al., 2022). In China, agricultural non-point source pollution also poses a great threat to the water environment. According to the Second National Pollution Source Statistics Bulletin released by China in 2020, China’s water pollutant emissions in 2017 were 21, 439, 800 tons of chemical oxygen demand, 963,400 tons of ammonia nitrogen, 3,041,400 tons of total nitrogen, and 315,400 tons of total phosphorus. Among them, water pollutant emissions from agricultural sources were 10.671.3 thousand tons of chemical oxygen demand, 216.2 thousand tons of ammonia nitrogen, 1.414.9 thousand tons of total nitrogen, and 210.2 thousand tons of total phosphorus. However, both in theory and in practice, compared to industrial point source pollution, agricultural non-point source pollution has not received the attention it deserves (Ouyang, 2021). Due to the characteristics of agricultural non-point source pollution such as dispersed, hidden, random, difficult to observe and uncertainty (Shen et al., 2012), it makes the prevention and control of agricultural non-point source pollution difficult, and how to control agricultural non-point source pollution has become a difficult problem that restricts the green transformation of agriculture (Jiang et al., 2021).
Agricultural production is highly dependent on resources and the environment (Xie et al., 2021), and financial instruments, as tools for providing production factors and mitigating production risks, will likely influence the chemical input and production factor allocation behavior of agricultural operators and reduce the generation of non-point source pollution in agriculture. Many countries have designed and implemented a series of incentives from different perspectives, such as the elimination of non-point source pollution through economic measures such as taxes, subsidies and pollution trading (Wang, 2006). Compared with administrative instruments, market-based financial instruments help agricultural production and management agents to enhance the enthusiasm of agricultural pollution control by providing direct financing and financing platforms (Jiang et al., 2019). However, under the traditional financial service framework, the provision of financial services to rural areas is characterized by high risk and high cost, which hinders financial institutions from entering agriculture and rural areas (Gao et al., 2022).
In the International Microcredit Year of 2005, the United Nations officially introduced the concept of “inclusive finance”, which means a financial system that effectively and comprehensively serves all segments and groups of society (Jiao et al., 2015). Financial inclusion is manifested by helping the poor and disadvantaged remove barriers to accessing formal financial services so that they have access to fair and safe formal financial services when they need them (Chakravarty and Pal, 2013). With the development of digital technologies such as big data, cloud computing and the Internet, digital financial inclusion relies on digital technologies to alleviate the problems of rural financial information asymmetry and difficulties in collateralization, helping to solve the problems of financing in agricultural development (Ji et al., 2021; Huang and Wang, 2022). China is the most widely used country in the world for digital finance (Chen and Zhao, 2021), and financial inclusion practices have expanded from microfinance to multi-business financial services such as payments, insurance, and credit with the widespread use of digital technologies (Guo et al., 2020). In this context, we explore whether digital financial inclusion has a role in reducing agricultural non-point source pollution, which will be an important reference for implementing rural environmental protection policies in developing countries.
In a comprehensive view, the prevention and control of agricultural non-point source pollution has become urgent, but compared with industrial pollution, agricultural non-point source pollution has not received due attention either in theory or in practice. Based on existing studies, this study explores the role of digital financial inclusion on agricultural non-point source pollution, which not only proposes new ideas on the management of agricultural non-point source pollution, but also expands the related studies on pollution prevention by financial means. The main contributions of this study are as follows. First, it is the first time to verify the agricultural non-point source pollution abatement effect of digital financial inclusion. Second, the study finds that the structure of farmers’ income has a moderating effect on the agricultural non-point source pollution abatement effect of digital financial inclusion, and the higher the farmers’ non-farm income, the stronger the abatement effect of digital financial inclusion on agricultural non-point source pollution. Third, the study verifies that the emission reduction effect of digital financial inclusion on agricultural non-point source pollution is non-linear, and its emission reduction effect on agricultural non-point source pollution will increase as the development level of digital financial inclusion increases.
The rest of this paper is organized as follows. Section 2 conducts the literature review and hypothesis formulation, reviewing relevant studies on agricultural non-point source pollution and digital financial inclusion, according to which the role of digital financial inclusion on agricultural non-point source pollution is analyzed and the corresponding hypotheses are proposed. Section 3 presents the model design, indicator selection, and data sources, including the construction of the baseline model and the moderating effect model. Section 4 shows the results of empirical tests, such as regression results, robustness tests, endogeneity tests, and heterogeneity analysis of variables, heterogeneity analysis of variables. Section 5 provides a further discussion of the problem and explores whether the agricultural non-point source pollution abatement role of digital financial inclusion has a threshold effect. Section 6 discusses the results of the study and makes policy recommendations based on the findings.
2 LITERATURE REVIEW AND THEORETICAL HYPOTHESES
2.1 Literature review
2.1.1 Study on the influencing factors of agricultural non-point source pollution
Agricultural non-point source pollution refers to nutrients, pesticides, and other organic or inorganic pollutants that are input during agricultural production activities. These substances cause environmental pollution through surface runoff and seepage from agricultural fields, mainly including fertilizer pollution, pesticide pollution, and livestock and poultry manure pollution (Hill et al., 2005; Li et al., 2010a; Sun et al., 2012). Around how to reduce agricultural non-point source pollution, scholars have begun to explore its influencing factors, which can be broadly categorized as socio-economic factors, farmers’ own factors and institutional environmental factors. Of these, socioeconomic factors are most widely discussed. Li and Zhang (2009) introduced the environmental Kuznets curve (EKC) to agricultural economic development and agricultural non-point source pollution, and verified that there is a significant inverted “U” curve relationship between agricultural non-point source pollution and economic growth. Jie et al. (2018) further confirmed the existence of an inverted “U” shaped EKC relationship between fertilizer non-point source pollution and agricultural growth, and pointed out that scale effects would aggravate pollution, while structural and technological effects would reduce pollution. Meanwhile, urbanization (Xue et al., 2019), population growth (Wu et al., 2017), and moderate scale operation (Jiang et al., 2021) are all important socioeconomic factors affecting agricultural nonpoint source pollution. In addition to being driven by socioeconomic factors, the extent of agricultural non-point source pollution emissions is also influenced by the social background of farmers, their own characteristics and other factors (Tan et al., 2021). Xia et al. (2018) found that the level of agricultural non-point source pollution was significantly higher among part-time farmers than non-part-time farmers, based on the reality of continuous labor migration in agriculture. The “crowding-out effect” of part-time farming makes farmers increase short-term capital investment to compensate for the lack of labor input, resulting in the increase of agricultural non-point source pollution. However, the “income effect” of part-time farming motivates farmers to raise awareness of agricultural quality and safety and reduce fertilizer inputs on their own land, thus reducing agricultural non-point source pollution. Using provincial panel data, Shi and Yi (2020) similarly verify that increasing non-farm part-time income significantly enhances agricultural non-point source pollution. In terms of institutional environment, Ge and Zhou (2012) using provincial panel data, the study found that fertilizer industry price controls distort fertilizer factor markets and stimulate fertilizer agricultural non-point source pollution emissions. Qin et al. (2021) demonstrated that environmental regulation has a significant negative effect on agricultural non-point source pollution by constructing a dynamic panel model, and found that the effect of environmental regulation on agricultural non-point source pollution will change from negative to positive along with the increase of environmental decentralization. These studies have explored extensively the factors influencing agricultural non-point source pollution, but studies linking digital financial inclusion with agricultural non-point source pollution and exploring new tools for agricultural non-point source pollution are still to be added.
2.1.2 The environmental effects of financial development “battle"
The relationship between financial development and environmental pollution has been studied for a long time, resulting in a debate between “inhibition theory”, “promotion theory” and “non-linear relationship”. The “inhibition theory” argues that the technology-enhancing effects of financial development are important for green and low-carbon economic development (Yan et al., 2016). Xu and zhu (2020) argue that financial development significantly contributes to green total factor productivity improvement through two paths: enhancing green technical efficiency and green technology. Weimin et al. (2022) found that positive impacts of innovative activities play a crucial role in reducing environmental pollution in developing countries and suggested the development of green technologies. Zhu and Zhang (2022) found that the development of digital financial helps to reduce pollution emissions, and technological progress and structural transformation strengthen the pollution reduction effect of digital finance. Tamazian et al. (2009) point out that the technological advancement effect of financial development promotes efficient use of resources and thus reduces carbon emissions. This shows that the promoting effect of technological progress of financial development on the environment has been more widely recognized. However, some scholars have also found that the effect of financial development on the environment can be decomposed into a technology effect and a scale effect, with the technology effect reducing environmental pollution and the scale effect enhancing environmental pollution, suggesting that the relationship between the two is nonlinear (Hu and Li, 2019). Ahmad et al. (2022) found that economic aggregates have a positive and significant effect on the carbon dioxide emissions based on long-term measurements, while the trade balance and the real exchange rate have a negative and significant effect. The “promotion theory” argues that financial development releases consumers’ financial constraints and stimulates their consumption of energy-consuming products, thus increasing pollutant emissions (Zhang, 2011). The initial increase in the level of financial development is often accompanied by the expansion of economic scale and increased carbon emissions, which is related to the lack of capacity of traditional finance to avoid high-risk projects and to deal with information and agency problems in high-technology areas (Chen and Hu, 2020).
Scholars’ views on the environmental effects of financial development are still not unified, and relevant studies have mainly focused on industrial pollution, while attention to the agricultural sector has yet to be strengthened, and the shortcomings of traditional finance have been revealed. Compared with traditional finance, digital financial inclusion has the advantages of breaking geographical limitations, low threshold, and convenience, and can reach more farmers and micro and small enterprises to meet their capital needs, which is inherently inclusive (Ji et al., 2021; Zhang and Peng, 2021). Existing studies have found that digital financial inclusion plays an important role in rural revitalization. Digital financial inclusion helps to alleviate credit constraints of farmers (FAN, 2021), and reduce their vulnerability (Wang and He, 2020); helps to narrow the urban-rural gap (Ji et al., 2021; Yu and Wang, 2021; Zhao et al., 2022), play an important role in rural economic development (Chen and Zhao, 2021); help promote the accumulation of rural human capital (Li et al., 2022), improve the level of agricultural green development (Guo et al., 2022). There are some results about the role of digital financial inclusion on the environment, e.g.: Cheng et al. (2022) believe that digital financial inclusion has ecological effects, and the development of digital financial inclusion can help reduce the intensity of agricultural carbon emissions. Zhong et al. (2022) show that digital financial inclusion can reduce agricultural carbon emissions by promoting technological advances in agriculture. Hong et al. (2022) found that digital financial inclusion can enhance green total factor productivity in agriculture by regulating the structure of the agricultural industry. The existing research findings provide a reference for the development of this study, but none of them have explored the relationship between digital financial inclusion and agricultural non-point source pollution. Based on this, this study confronts the problem of agricultural non-point source pollution and explores the direct impact of digital financial inclusion on agricultural non-point source pollution, which is an important reference for the implementation of rural environmental protection policies in developing countries.
2.2 Hypothesis formulation
2.2.1 Direct effects of digital financial inclusion on agricultural non-point source pollution
Agricultural production is perennially faced with the problems of difficult, expensive, and complicated financing (SUN et al., 2022), which restrict the high-quality development of agriculture. When farmers’ investment behavior lacks strong financial support, it will cause farmers to invest less in sustainable fixed assets and more in factors of production that can yield short-term results, such as pesticides and fertilizers. The lack of financial resources and technology is also an important factor limiting farmers from carrying out agricultural green production practices such as soil conservation (Zhu and Qu, 1999). First, digital financial inclusion broadens the access of farmers to capital, significantly increases the availability and scale of formal credit for farmers (Fan, 2021), and effectively alleviates the “long tail” dilemma of the financial market (Cheng et al., 2022). This will make farmers, in order to maximize their own interests, thus increase the production factor inputs that are conducive to the sustainable development of farmland, choose green agricultural production and operation mode, and directly reduce agricultural non-point source pollution emissions. Secondly, digital financial inclusion builds financial and environmental protection service platforms, such as WeChat’s “agricultural cloud assistant applet” and Alipay’s various used goods recycling platforms, which show new potential in the governance of the rural environment. Finally, the development of digital financial inclusion makes it more convenient for farmers to obtain environmental protection-related information, supervise environmental management, and complain about environmental pollution, which improves farmers’ motivation for environmental protection and increases their sense of ownership. Accordingly, Hypothesis 1 is formulated:


2.2.2 Moderating effects of farmers’ income structure
Pesticides, fertilizers and other production factor inputs are to some extent for pest and disease prevention and risk aversion, and the more dependent farmers are on farming income, the more they tend to apply chemicals such as fertilizers and pesticides for risk aversion (Cai and Li, 2011). When farmers have higher levels of off-farm income, these farmers are less sensitive to crop yields and pests than full-time farmers, so they are relatively less willing to overuse pesticides than full-time farmers (Cai et al., 2022). Studies have found a relationship between farmers’ income structure and their willingness to protect the environment and their environmental behavior. Liang et al. (2005) found that the level of non-agricultural income of farmers influenced the willingness of farmers to protect water sources, and the higher the level of non-agricultural income, the stronger the willingness of farmers to protect water sources. Li et al. (2010b), in their survey of farmers’ land use behavior in Jiangxi Province, China, found that farmers’ non-agricultural income was negatively correlated with farmers’ fertilizer inputs at a significant level of 5%, with each 1% increase in farmers’ non-agricultural income being associated with a 7% decrease in average fertilizer inputs per mu (1 mu equals approximately 666.67 m2). In an analysis of fertilizer application and its influencing factors for two grain crops, winter wheat and summer maize, by farmers in the North China Plain, Ma (2006) found that the structure of farmers’ income sources influenced fertilizer application on grain crops, and that when farmers’ non-agricultural income increased by 1%, farmers reduced fertilizer application on grain crops by 0.089%. The development of digital financial inclusion provides farmers with funds to alleviate their vulnerability, and the abundant funds promote the rational allocation of production factors for farmers. After receiving financial support, farmers may choose to “leave the farm”, resulting in a decrease in the frequency of regional agricultural production and a reduction in agricultural non-point source pollution. Farmers who choose to “stay on the farm” may choose to expand the scale of agricultural production and adopt a production model that is conducive to sustainable agricultural development for long-term benefits. This can bring into play the scale effect of fertilizer and pesticide use and improve utilization rates, thereby reducing agricultural nonpoint source pollution. When farmers have higher levels of non-agricultural income, their greater experience of non-agricultural employment helps to change traditional thinking and improve farmers’ technological literacy (Xue et al., 2019). On the one hand, they are more willing to try new things and can receive help from digital financial inclusion through digital platforms. On the other hand, they can be exposed to more knowledge of green production through digital platforms, so that they can pay more attention to the adoption of green and clean technologies in agricultural production and reduce agricultural non-point source pollution. Based on this, Hypothesis 2 is proposed:


[image: Figure 1]FIGURE 1 | A theoretical framework diagram of digital financial inclusion on agricultural non-point pollution.
3 STUDY DESIGN
3.1 Baseline model construction
Considering the effect of heteroskedasticity, all variables in the model are logarithmically treated in this study. Since the data used in this study are panel data, applying a fixed-effects model helps to avoid those biases due to the omission of variables that do not change over time, or those things that change over time and affect each cross-sectional subject on average. Therefore, we construct a fixed-effects model of the impact of digital financial inclusion on agricultural f non-point source pollution, which is set as follows:
[image: image]
In equation Eq. 1, lnEIit is the dependent variable, indicating the intensity of agricultural non-point source pollution in province i in year t, with i being the province and t being the time; lnDFIit is the core explanatory variable, indicating the digital financial inclusion index in province i in year t; lnCONXit denotes other control variables in province i in year t, including the level of urbanization (lncity), the level of financial support to agriculture (lnfinace), the level of education (lnedu), the structure of cultivation (lnplanting), and the rate of land transfer (lnturnover); λi denotes regional fixed effects; and εit denotes the random error term.
3.2 Moderating effect model construction
Referring to the study of Fang et al. (2015), this study constructs a moderating effect model to verify the moderating effect of farmers’ income structure on the impact of agricultural non-point source pollution of digital financial inclusion, and the model is set as follows:
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In equation Eq. 2, lnincomeit denotes the income structure of farm households, and lnDFIit × lnincomeit denotes the interaction term between digital financial inclusion and farmers’ income structure, where the regression coefficient α4 is the parameter of focus in the moderating effects model. Considering the possible multicollinearity interference of the interaction terms, the interaction terms are therefore centralized in this study.
3.3 Variable selection
3.3.1 Explained variable
Agricultural non-point source pollution emission intensity, expressed using the ratio of total agricultural non-point source pollution emission (E) to total agricultural output (AL) (EI, tons/billion). Compared to total agricultural non-point source pollution emissions, the intensity of agricultural non-point source pollution emissions better reflects the degree to which agricultural non-point source pollution satisfies the provincial units in the study area. The total agricultural non-point source pollution was measured with reference to Lai et al. (2004), and the pollution emissions of fertilizer, mulch, straw, and pesticides were measured by the unit survey method based on inventory analysis. Fertilizer pollution emissions were measured for total nitrogen (TN) and total phosphorus (TP) for nitrogen, phosphorus and compound fertilizers, with specific coefficients and fertilizer loss rates referring to studies by Lai et al. (2004) and Chen et al. (2006). The mulch pollution emission was measured as mulch residue and pesticide pollution emission was measured as pesticide loss, and the specific coefficients of mulch residue and pesticide loss were obtained from the Handbook of Agricultural Source Coefficients of the First National Pollution Source Census. The approach was to divide the sample provinces into northern highland areas, northeastern semi-humid plain areas, yellow and huaihai semi-humid plain areas, southern mountainous hilly areas, southern humid plain areas and northwestern arid and semi-arid plain areas, and to take the average values of mulch residue coefficients and pesticide loss coefficients under different patterns in each divided area. Straw pollution emissions were measured for total nitrogen (TN), total phosphorus (TP), and chemical oxygen demand (COD) of straw, and the main crops measured were rice, wheat, maize, beans, and potatoes, and the coefficients and calculation methods for straw grain ratio, nutrient content, pollution production coefficient, utilization structure, and nutrient loss rate were referred to the study by Xue (2019). The intensity of agricultural non-point source pollution emissions is calculated by the formula:
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In equation Eq. 3, EI indicates the pollution intensity of agricultural non-point sources (tons/billion); E indicates the total pollution emission from agricultural non-point sources (tons); AL indicates the total agricultural output value (billion); EUi indicates the pollution emission of unit i (tons), i.e., the pollution emission of chemical fertilizer, mulch, straw and pesticide; ηi indicates the utilization efficiency of unit i; ρi indicates the pollution production intensity of unit i; ωi indicates the pollutant loss rate of unit i; and Кit indicates the pollutant emission coefficient of unit i is influenced by other factors such as time, climate and pollution treatment.
3.3.2 Explanatory variable
Digital financial inclusion (DFI), which is represented in this study using provincial-level data from the Digital Financial Inclusion Index compiled by the Digital Financial Inclusion Center of Peking University (Guo et al., 2020), as a reflection of the level of digital financial inclusion development in each province.
Before conducting the baseline regression, this study plots the scatter plot of digital financial inclusion and agricultural non-point source pollution emission intensity from 2011 to 2020 to take a preliminary look at the relationship between the two. As can be seen from Figure 2, there is a negative relationship between digital financial inclusion and agricultural non-point source pollution emission intensity without considering the influence of other factors on agricultural non-point source pollution.
[image: Figure 2]FIGURE 2 | Scatter plot of digital financial inclusion and agricultural non-point source pollution intensity.
3.3.3 Moderating variable
The structure of farmers’ income (income), referring to Xue et al. (2019), affected by the adjustment of statistical caliber, is expressed as the ratio of the sum of income other than household business income to rural residents’ per capita net household income before 2013, and the ratio of the sum of income other than rural residents’ per capita net disposable business income to rural residents’ per capita disposable income after 2013. After 2013, it is expressed as the ratio of the sum of income other than net disposable operating income per rural resident to the net income per rural resident.
3.3.4 Control variables
The following control variables were selected with reference to existing studies. Referring to Jiang et al. (2021), the level of urbanization (city) is used to reflect the level of regional economic development, specifically expressed as the ratio of urban population to total population. Referring to the study of Xue et al. (2019), the level of fiscal support to agriculture (finance) is used to reflect the government’s willingness to support agriculture, specifically expressed as the ratio of expenditure on agriculture, forestry and water affairs to general budget expenditure. Referring to Hua et al. (2013), the educational level (edu) was used to reflect the regional human capital level. This is done by assigning the educational level illiterate and semi-literate as 0, elementary school as 6, junior high school as 9, senior high school as 12, and college and above as 16, and expressing the educational level by multiplying the number of each educational level by the ratio of the corresponding sum to the number of people aged six and above. For the reason of statistical caliber, the education level in 2020 is replaced by the education level in 2019. Referring to the study of Wu et al. (2017), the planting structure (planting) is used to reflect the share of cash crops, specifically expressed as the ratio of sown area of food to sown area of crops. Referring to the study of Ma et al. (2019), the land transfer rate was used to reflect the land transfer behavior of farm households, specifically expressed as the ratio of the total area of family contracted farmland transferred to the area of family contracted farmland.
3.4 Data source
Considering that the People’s Bank of China started to issue third-party payment licenses in 2011, and that the development of digital financial inclusion in China has entered a new stage since then, as well as the availability of data, this study selects data at the level of 30 provinces (cities) nationwide from 2011 to 2020 (excluding Hong Kong, Macao, Taiwan and Tibet). The data are mainly obtained from the Digital Financial Inclusion Index at the provincial level released by the Digital Finance Research Center of Peking University (Link: https://idf.pku.edu.cn/docs/20210421101507614920.pdf), the China Statistical Yearbook (Link: https://data.cnki.net/yearbook/Single/N2021110004), the China Rural Statistical Yearbook and the statistical yearbooks of each province in the past years (Link: https://data.cnki.net/yearbook/Single/N2021120010). The descriptive statistics of each variable are shown in Table 1.
TABLE 1 | Variable statistical description.
[image: Table 1]4 EMPIRICAL RESULTS AND ANALYSIS
4.1 Analysis of agricultural non-point source pollution emission results
According to the Eq. 3 to measure the intensity of agricultural non-point source pollution emissions in each province (city) from 2011 to 2020, the average value of total agricultural non-point source pollution emissions and the average value of emission intensity in each province (city) in the past 10 years were calculated, as shown in Table 2. From 2011 to 2020, the average value of total agricultural non-point source pollution emissions in each province (city), the ten provinces with the largest average value of total emissions are Jiangsu, Shandong, Henan, Hebei, Guangdong, Hubei, Yunnan, Hunan, Shaanxi, Inner Mongolia, and overall the top ranked provinces are mostly agricultural provinces. From the average value of agricultural non-point source pollution emission intensity in each province (city) from 2011 to 2020, the ten provinces with the largest average emission intensity are Jilin, Inner Mongolia, Jiangsu, Tianjin, Ningxia, Yunnan, Guangdong, Beijing, Shaanxi, and Hubei. To some extent, this indicates that the agricultural non-point source pollution generated per billion dollars in these provinces is larger, and the reason may be that the agricultural production methods in these provinces are still relatively rugged, and also indicates that the green transformation of agricultural production needs to be further promoted.
TABLE 2 | Results of agricultural non-point source pollution emissions by province (city) in China from 2011 to 2020.
[image: Table 2]4.2 Baseline regression model results
The appropriate model for this study needs to be selected before conducting the baseline regression. The pooled model and fixed effects model were first compared, and the result of F-test was 128.63 with a p-value of 0.000, and the LSDV method test showed that multiple individual dummy variables were significant, so the fixed effects model was chosen. Then comparing the fixed effects model with the random effects model, the Hausman test showed that the chi-square value was 45.09 and the p-value was 0.000, so the fixed effects model was finally chosen.
Table 3 reports the regression results of the effect of digital financial inclusion on agricultural non-point source pollution reduction. Model (1) is the regression result without the inclusion of control variables, and the results show that digital financial inclusion has a negative effect on the intensity of agricultural non-point source pollution emissions at the 5% statistical level, with a regression coefficient of −0.253. Model (2) adds control variables to model (1) and the regression results still show a negative effect of digital financial inclusion on the intensity of agricultural non-point source pollution emissions at the 5% statistical level with a regression coefficient of −0.053. This indicates that for every 1% increase in digital inclusion, the intensity of agricultural nonpoint source pollution emissions decreases by 5.3%, and Hypothesis 1 passes the test. From the regression results of control variables, urbanization and education level have a significant reduction effect on agricultural non-point source pollution emission intensity. Planting structure tends to be grain-based and has a significant increase effect on agricultural non-point source pollution emission intensity. Financial support level and land transfer rate do not have significant effects on agricultural nonpoint source pollution emission intensity.
TABLE 3 | Test of agricultural non-point source pollution abatement effect of digital financial inclusion.
[image: Table 3]4.3 Robustness tests
4.3.1 Replacement of explanatory variables
Referring to Jiang et al. (2021), the weights of chemical factor inputs such as fertilizer, pesticide, agricultural film, and diesel were all set to 0.25, and the sum of each pollution source was found after assigning equal values to each source, and the ratio of agricultural non-point source pollution to total agricultural output was used to measure agricultural non-point source pollution. The regression results after replacement of the explanatory variables are shown in model (3) in Table 4. Digital financial inclusion significantly reduces the intensity of agricultural non-point source pollution emissions at the 5% statistical level with a regression coefficient of −0.056, verifying the agricultural non-point source pollution reduction effect of digital financial inclusion.
TABLE 4 | Robustness test results.
[image: Table 4]4.3.2 Removal of municipality directly under the central government
Removing four municipalities, including Tianjin, Chongqing, Beijing and Shanghai, the agricultural non-point source pollution abatement effect of digital financial inclusion is again tested. The regression results are shown in model (4) in Table 4. Digital financial inclusion significantly reduces the intensity of agricultural non-point source pollution emissions at the 5% statistical level with a regression coefficient of −0.066, which again verifies that digital financial inclusion has an agricultural non-point source pollution reduction effect.
4.3.3 Removal of samples before 2013
Referring to Zhang et al. (2022), the regression analysis was conducted again by removing the 2011 and 2012 samples from the sample, considering that the Chinese economy started to face the pressure of growth rate shift and structural adjustment in 2012. The regression results are shown in model (5) in Table 4, where digital financial inclusion significantly reduces agricultural non-point source pollution at the 1% statistical level with a regression coefficient of -0.472, indicating that the agricultural non-point source pollution reduction effect of digital financial inclusion remains significant.
4.4 Endogenous discussion
Although a range of factors that may affect agricultural non-point source pollution have been considered, the residual term may still have other factors that affect agricultural non-point source pollution, and the study may be endogenously biased by omitted variables. The reduced funding needs of agricultural non-point source pollution will probably force digital financial inclusion to improve the level of inclusion, and the study may have an endogenous bias due to reverse causation. Therefore, this study mitigated the endogeneity problem by instrumental variables method and the test results are shown in Table 5.
TABLE 5 | Instrumental variable tests.
[image: Table 5]Digital financial inclusion is a product of the development of the Internet up to a certain period of time, and therefore, referring to the study of huang et al. (2019), the development history of Internet access technology in China is used as the background for the selection of instrumental variables. Internet access in China started with telephone line dial-up access, so the number of fixed telephones will affect the popularity of the Internet. The number of local post offices will affect people’s contact with each other before access to fixed-line telephone, so the number of local post offices will affect the access to fixed-line telephone and Internet penetration. Considering that the sample of this study is balanced panel data, the instrumental variables may be difficult to measure due to the application of fixed-effects models, so a comprehensive reference to Huang et al. (2019); Chen and Tan. (2022) and Nunn and Qian (2014), the interaction term (lnTEL) between the number of post offices per million people in 1984, the number of post offices per million people in 1984 and the average index of digital financial inclusion in that year are constructed as instrumental variables and tested using two-stage least squares method. The results, as shown in model (6) in Table 5, show that there is an agricultural non-point source pollution abatement effect at the 1% statistical level for digital financial inclusion, and both the under-identified instrumental variables and the weak instrumental variables issues also pass the test.
The development of digital financial inclusion is influenced by spatial factors. Hangzhou has the leading level of financial technology development in China, and the more distant the city from Hangzhou, the more difficult it is to promote Internet finance (Guo et al., 2017), so the spherical distance to Hangzhou affects the level of digital financial inclusion development in the city, and therefore satisfies the instrumental variable selection correlation requirement. Meanwhile, the intensity of agricultural non-point source pollution in each province and the spherical distance to Hangzhou are exogenous indicators, and agricultural non-point source pollution does not affect the spherical distance from each province to Hangzhou, satisfying the exclusion condition. Therefore, this study refers to Zhang et al. (2019) and selects the spherical distance (lnHZD) from the capital city of each province (city) to Hangzhou as an instrumental variable. The Cragg-Donald Wald F statistic was not greater than the 10% threshold of the Stock-Yogo weak ID test when tested using two-stage least squares, so it was eventually tested by a more robust limited information great likelihood estimation of the weak instrumental variable, and the results are shown in model (7) in Table 5, where digital inclusive finance significantly reduces agricultural nonpoint source pollution at the 1% statistical level.
4.5 Heterogeneity analysis
4.5.1 Different dimensional perspectives on digital financial inclusion
This study examines the impact of three dimensions of digital inclusion, including breadth of coverage, depth of use, and degree of digitization, on the intensity of agricultural non-point source pollution emissions. The results are shown in Table 6, the breadth of coverage, depth of use, and digitization of digital financial inclusion significantly reduce agricultural non-point source pollution at a statistical level of 10%, 10%, and 1%, respectively. The breadth of coverage allows digital financial inclusion to reach more users and provide financial support for farmers to carry out green agricultural production. Depth of use provides farmers with diversified financial services, such as payment services, credit services, investment services and insurance services, to provide them with financial support in multiple directions. The degree of digitization enhances the convenience of farmers’ access to funds and promotes the flow of capital factors in the rural scope. Among the three dimensions of digital financial inclusion, the degree of digitization has the highest abatement effect on agricultural non-point source pollution, which effectively reflects that the characteristics of the degree of digitization, such as convenience, low cost and credit, are important factors for the low-threshold advantage of digital financial inclusion.
TABLE 6 | Heterogeneity test results.
[image: Table 6]4.5.2 A regional perspective on the “hu huan yong” line
The “hu huan yong” line divides China into two regions, the southeast and the northwest, reflecting the differences in China’s population distribution and geographical environment, and is of great importance in geography and demography. The southeastern part of “hu huan yong” line has high population density, urbanization level is higher than the national average, and agriculture is mainly farming. The northwestern part of the line has low population density, the geographical structure is mostly grassland, desert and snow plateau, and the urbanization level is mostly lower than the national average. This study examines whether the impact of digital financial inclusion on agricultural non-point source pollution in the southeast and northwest of the “hu huan yong” line also follows population distribution and geographic differences. As shown in Table 6, the digital financial inclusion in the southeastern region of the “hu huan yong” line significantly reduces agricultural non-point source pollution at the 5% statistical level. The effect of digital financial inclusion on agricultural non-point source pollution in the northwestern part of the “hu huan yong” line is not significant. This may be due to the fact that the digital infrastructure in the northwestern part of the “hu huan yong” line is still incomplete, and farmers’ access to capital is still constrained by traditional finance, which also reveals that the digital infrastructure in the western part of the “hu huan yong” line should be strengthened to narrow the regional digital divide.
4.6 Analysis of moderating effects
Table 7 shows the results of testing the moderating effect of farmers’ income structure on the role of digital financial inclusion in reducing agricultural nonpoint source pollution. As shown in Table 7, the interaction term between digital financial inclusion and farmers’ income structure on agricultural non-point source pollution is significant at 1% significant level and the sign of the regression coefficient is negative, indicating that farmers’ income structure plays a moderating effect in the effect of digital financial inclusion on agricultural non-point source pollution, and the higher the non-farm income of farmers, the stronger the effect of digital financial inclusion on agricultural non-point source pollution reduction. Thus Hypothesis 2 passes the test that the higher the non-agricultural income of farmers, the less dependent they are on agriculture and will be more likely to consider long-term benefits and choose green agricultural production methods after receiving digital financial inclusion support.
TABLE 7 | Results of the test for moderating effects.
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In addition to the negative linear relationship between digital financial inclusion on agricultural non-point source pollution verified by model (1) and model (2), this study further considers whether there is a non-linear relationship between the effects of digital financial inclusion on agricultural non-point source pollution abatement considering that the effects of digital financial inclusion on agricultural non-point source pollution abatement may be different for different levels of development in the context of non-equilibrium development of digital financial inclusion. Referring to Hansen (1999), a panel threshold model was constructed as follows:
[image: image]
In equation Eq. 4, lnDFIit denotes the level of digital financial inclusion development, which is the core explanatory variable of the model and also the threshold variable of the panel threshold model, γ denotes the threshold value to be estimated, I (·) denotes the exponential function, α denotes the correlation coefficient, and the other variables are consistent with the previous section.
Before conducting the panel threshold regression, it is necessary to determine whether there is a threshold effect, and if there is a threshold effect, the number of thresholds needs to be determined. Using the bootstrap method to determine the threshold number, the seed value was set to 500 and the results are shown in Table 8. As can be seen from Table 8, the p-value for the single threshold is 0.000, which is significant at the 1% statistical level, the p-value for the double threshold is 0.020, which is significant at the 5% statistical level, and the p-value for the triple threshold is not significant, so there is a double threshold.
TABLE 8 | Results of the threshold effect test.
[image: Table 8]After determining the existence of a double threshold, this study tested the single and double thresholds, and the results are shown in Table 9. The threshold value for the single threshold was 5.622 and did not lie within the interval [5.618, 5.622], and the threshold value for the dual threshold was 5.680 and lay within the interval [5.676, 5.680].
TABLE 9 | Threshold estimation results.
[image: Table 9]Table 10 reports the results of the non-linear effects of digital financial inclusion on the intensity of agricultural non-point source pollution emissions. As can be seen from Table 10, there is a double threshold for the intensity of agricultural non-point source pollution emissions from digital inclusive finance. When digital financial inclusion is below the threshold (lnDFI ≤5.622), the emission reduction effect of digital financial inclusion on agricultural non-point source pollution is statistically significant at the 1% level with a coefficient of −0.113. When digital financial inclusion is between the threshold (5.622 < lnDFI ≤5.680), the emission reduction effect of digital financial inclusion on agricultural non-point source pollution is still statistically significant at the 1% level The coefficient is −0.128. When digital financial inclusion is greater than the threshold (lnDFI >5.680), the abatement effect of digital financial inclusion on agricultural non-point source pollution is increased, with a coefficient of −0141. The results show that with the improvement of the development level of digital financial inclusion, the effect of digital financial inclusion on agricultural non-point source pollution abatement will be gradually enhanced, and digital financial inclusion is expected to become a new tool for agricultural non-point source pollution abatement.
TABLE 10 | Estimation results of the double threshold model.
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This study constructs a fixed-effects model to analyze the impact of digital financial inclusion on agricultural non-point source pollution using a panel data of 30 Chinese provinces from 2011 to 2020 as a sample. It is found that 1) there is a significant abatement effect of digital financial inclusion on agricultural non-point source pollution. After robustness testing by replacing the explanatory variables, excluding municipalities directly under the central government, and excluding samples before 2013, the agricultural non-point source pollution abatement effect of digital financial inclusion remains significant. 2) The heterogeneity test shows that the three dimensions of digital financial inclusion, including breadth of coverage, depth of use, and degree of digitization, all have the effect of agricultural nonpoint source pollution reduction. The effect of digital financial inclusion on agricultural non-point source pollution reduction is significant in the southeastern region of the “hu huan yong” line, while the effect of digital financial inclusion on agricultural non-point source pollution is not significant in the northwestern region of the “hu huan yong” line. 3) The moderating effect test shows that the structure of farmers’ income has a moderating effect on the agricultural non-point source pollution abatement effect of digital financial inclusion, and the higher the farmers’ non-farm income, the stronger the agricultural non-point source pollution abatement effect of digital financial inclusion. 4) The emission reduction effect of digital financial inclusion on agricultural non-point source pollution is non-linear, with a double threshold, and its emission reduction effect on agricultural non-point source pollution will gradually increase as the level of development of digital financial inclusion increases.
Digital financial inclusion may become a new tool for agricultural non-point source pollution abatement and help rural development. Accordingly, the following recommendations are made. First, traditional financial institutions are encouraged to develop digital technologies to enable wider coverage of digital inclusive finance and innovative development of financial products and services. It allows digital inclusive finance to reach the countryside and provide better quality financial services to farmers. Guiding financial institutions to build innovative service platforms for finance and agriculture and environmental protection, and further exploiting the agricultural non-point source pollution reduction effect of digital financial inclusion. Secondly, the regulatory effect of the income structure of farmers should be brought into play to provide more financial products with low interest rates for farmers who are willing to start their own businesses and provide social services, and to guide farmers to reduce their business risks through agricultural insurance. Third, we should vigorously develop digital technology in the southeastern part of the “hu huan yong” line, strengthen the construction of digital infrastructure, eliminate the digital divide, and bring into play the role of township banks so that digital financial inclusion can benefit more farmers.
In the existing studies, the role of digital technology and financial instruments on the environment has been discussed, although it has not yet involved discussing the test of the effect of digital financial inclusion on the reduction of agricultural non-point source pollution. Ma et al. (2021) used fertilizer non-point source pollution as an example and found that agricultural insurance has an environmental protection effect, and the effect is higher in eastern China than in central and western China, a finding that is consistent with the findings of this study. Chen and Wang (2015) obtained different conclusions, they proposed that agricultural insurance increases agricultural non-point source pollution through scale benefits and reduces agricultural non-point source pollution through technology effects and structural effects, but they also found that in the effect of agricultural insurance on agricultural environment, the beneficiary regions tend to be more economically developed regions, which is consistent with the test of heterogeneity of this study. In addition, several studies have confirmed that digital financial inclusion has environmental protection effects (Yang et al., 2022; Zhu and Zhang, 2022). The conclusions obtained in this study are an effective supplement to the studies related to the agriculture environmental effects of digital financial inclusion, and the specific mechanisms of the agriculture environmental effects of digital financial inclusion can be further studied in depth in the future. In terms of testing the moderating effect, the findings of this study support that the higher the non-farm income of farmers, the stronger the emission reduction effect of digital financial inclusion on agricultural non-point source pollution. Xue et al. (2019) also focus on the moderating effect of non-farm income of farmers in a study on urbanization and agricultural non-point source pollution emission reduction, and found that an increase in the share of non-farm income can promote urbanization to exert the emission reduction effect of urbanization in eastern and western urbanization, and However, it can intensify the pollution effects of urbanization in central China. In subsequent studies, the effects of digital financial inclusion on the agricultural environment remain to be tested under different scenarios.
Although the study found that digital financial inclusion has an abatement effect on agricultural non-point source pollution, the conclusion can only be considered as a preliminary validation and has some limitations. First, on the measurement of digital financial inclusion, the index used in this study is from the Digital Finance Research Center of Peking University and the Ant Group Research Institute team, which has a wider recognition. However, the data compiled by this index comes from the Ant Group system, which is relatively single in terms of data sources. Second, in terms of the measurement of agricultural non-point source pollution, the measurement of agricultural non-point source pollution can be further extended in future studies due to the hidden and diverse sources of agricultural non-point source pollution. Third, this study finds a moderating role of farmers’ income structure in the role of digital financial inclusion in agricultural non-point source pollution reduction, but the mediating variables are to be further discovered. Fourth, this study uses provincial-level data in China, but in view of the relatively large variation within Chinese provinces, county-level data could be further considered for in-depth discussion in future studies.
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