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Abstract

:

Eco-agricultural technology is crucial in alleviating agricultural resource scarcity and environmental pressures. However, financial constraints affect its successful promotion. Digital finance significantly impacts farmers. However, existing research neglects the impact of digital finance on farmers’ adoption of eco-agricultural technology. This study focuses on rice-crayfish co-cultivation technology. It utilizes survey data from 1063 households in China. An endogenous switching probit model is employed to solve self-selection bias. The results are as follows: First, the average treatment effect is 51.5%. This indicates that if farmers who use digital finance were to stop using it, the probability of adopting rice-crayfish co-cultivation technology would decrease by 51.5%. Therefore, digital finance is beneficial for farmers in adopting this technology. Second, heterogeneity analysis shows that the promoting effect of digital finance is a greater promoting effect on older farmers, and on those with lower education levels and higher proportions of agricultural income. This suggests a greater reliance on digital financial services among vulnerable groups. Third, digital finance promotes farmers’ adoption of rice-crayfish co-cultivation technology by alleviating financial constraints, expanding information channels, and increasing social capital accumulation. Overall, the findings offer valuable insights for formulating supportive eco-agricultural policies.
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1. Introduction


Ecological agriculture is a modern agricultural model guided by the principles of ecology and economics, which effectively addresses the scarcity of agricultural resources and environmental pressures, and achieves sustainable agricultural development [1,2,3]. As a typical example of ecological agriculture, the rice-crayfish co-cultivation technology (CRT) was successfully invented in the early 2010s [4] and has become an emerging farming system in China [5], receiving strong support from local governments. The CRT combines rice cultivation and crayfish breeding by digging circular aquaculture trenches around paddy fields [4,6]. By minimizing chemical inputs and using scarce land and water resources [7], the CRT improves rice field output and enhances the ecological environment of the fields [5,8]. The CRT yields greater economic advantages and promotes environmental sustainability compared to rice monoculture [4,6,9]. However, the initial investment and long return period of CRT often pose financial challenges for farmers, who may lack the necessary working capital. Farmers must make several preparations before adopting the CRT. These include adjusting the farmland structure, and purchasing crayfish juveniles and necessary equipment. Crayfish breeding also requires significant inputs of feed and chemicals (disinfectants, fish medicine, etc.) [10,11]. To increase economic returns, some farmers expand the scale of rice-crayfish co-cultivation and increase stocking densities of crayfish, requiring a more significant financial investment [8,12]. These investments create higher initial funding requirements and pressure to expand the scale, thereby affecting the successful promotion of the CRT. However, financial constraints among rural residents, including those in China, restrict the smooth adoption of various ecological agricultural technologies, including rice-crayfish co-cultivation [13,14]. Rural households are dispersed and often lack adequate collateral and guarantees, coupled with the presence of asymmetric information in rural financial markets [15]. Therefore, it is difficult for formal financial institutions to provide sufficient credit support to rural residents. Additionally, the inconvenience of rural transportation infrastructure increases the difficulty for farmers to receive transactions from family and friends. The problem of financial constraints has not been alleviated.



Digital finance refers to the use of digital technologies by traditional financial institutions and internet companies to provide payment, financing, investment, and other new financial services [16]. Digital finance utilizes digital technologies such as big data, artificial intelligence, and cloud computing to significantly reduce transaction costs and information asymmetry, thereby improving the accessibility of funds. First, digital finance overcomes the constraints of time and geography, allowing even remote small farmers to apply for loans using mobile devices [15]. Second, financial institutions assess the credit risk of farmers based on their transaction footprints, allowing farmers without collateral or guarantees to obtain small loans [17,18]. Last, digital finance facilitates money transfers and remittances for farmers, easing their financial constraints [19]. During the process of using digital finance for payment, lending, or investment, farmers can also access financial and economic information [20,21,22]. For example, “Yunongtong”, a digital financial product launched by the Construction Bank, is specifically designed for farmers’ green production and development. When using e-commerce, farmers can access market prices and technical information related to agricultural products, which enhances their awareness of technology applications and effectiveness [21], thus promoting the adoption of the CRT. Additionally, digital finance is often embedded in social platforms such as WeChat and Alipay, allowing farmers to engage in online and offline communication and interaction through social platform features. Farmers can accumulate social capital through communication and interaction [23] to further promote the adoption of the CRT by more farmers.



The development of the digital economy has led to an increasing impact of digital finance on farmers. Previous studies have indicated that digital finance can have several positive effects. These include increasing household income, facilitating agricultural input, and boosting agricultural output [24]. Additionally, digital finance has the potential to narrow the urban–rural income gap [25] and promote green agricultural growth [26]. Digital finance also influences farmers’ social interaction [27], obtaining of information [22], consumption behavior [19], entrepreneurship [27], and adoption of green agricultural technologies [21,28]. Ref. [24] found that the use of mobile wallets facilitates convenient transactions from family and friends, alleviates financial constraints, increases household income, and promotes agricultural input and output. Liu, D. et al. (2023) [26] used provincial panel data from 2012 to 2019 to examine how financial institutions can direct funds towards green agriculture through digital finance, thus promoting sustainable agricultural development. Yu, L.L. et al. (2020) [21] found that digital finance facilitates family farms to obtain credit, strengthens social trust, and promotes the adoption of green pest control technologies.



The above literature provides valuable references for this study, but there are still areas requiring further exploration. First, although scholars have verified the role of digital finance in green agricultural production, most studies are based on macro panel data and lack micro-level data. We can capture individual heterogeneity and conduct in-depth research on different farmers based on micro-level data. Therefore, we can enrich the conclusions and make policy recommendations more targeted based on micro-level data. Second, in the few studies that examine the impact of digital finance on farmers’ green production behavior from a micro perspective, the sample selection bias caused by observable and unobservable variables in farmers’ digital finance usage decisions is often overlooked. Last, there is a lack of discussion on the mechanisms by which digital finance influences farmers’ green production behavior. Therefore, this study integrates digital finance and the adoption of the CRT at the individual farmer level into the same analytical framework to investigate whether and how digital finance promotes farmers’ adoption of the CRT. This study uses a multinomial Probit model to analyze the factors influencing the decision to use digital finance. An Endogenous Switching Probit (ESP) model is employed to analyze digital finance’s impact and heterogeneity on farmers’ CRT adoption. Finally, an intermediary effects model is used to examine the mechanism by which digital finance affects farmers’ adoption of the CRT.



The marginal contributions of this study are as follows: This study examines the determinants of farmers’ decision to use digital finance and the impact of digital finance usage on the adoption of ecological agricultural technologies based on survey data. To avoid estimation bias caused by self-selection in the use of digital finance, an ESP model is used to estimate the impact of digital finance usage on the adoption of ecological agricultural technologies. Given the heterogeneity of farmers, this study examines the differential impact of digital finance on the adoption of ecological agricultural technologies among farmers with different endowments. Furthermore, this study tests the mechanism by which digital finance affects farmers’ adoption of ecological agricultural technologies. Through this research study, we hope to provide scientific evidence for those who considering digital finance as a means to alleviate farmers’ resource constraints and promote the development of ecological agriculture.




2. Theoretical Analysis


2.1. Theoretical Framework


Factors influencing farmers’ decision to use digital finance include their human capital, financial capital, social capital, and physical capital. These factors include age, health status, education level, risk perception [29,30,31], planting area, household size, household income, farmer organization, and other endowments [30,32,33]. Based on this, in this study, individual characteristics of the household head, household characteristics, and village characteristics are included in the equation of farmers’ digital finance usage behavior. Among them, individual characteristics of the household head include age, health status, education level, risk appetite, and attitude. Household characteristics include cultivated area, soil quality, agricultural labor force, proportion of agricultural income, and new agricultural business entity. Village characteristics include irrigation conditions, the presence of e-commerce service platforms, and distance to the nearest township. In theory, digital finance is inclusive, and vulnerable groups rely more on cash. Therefore, older people, those with higher agricultural dependency, and lower education levels are expected to benefit more from digital finance.



The adoption of ecological agricultural technologies by farmers is influenced by various factors, including individual characteristics, household characteristics, and village characteristics. Individual characteristics include age, health status, education level, and risk attitude [28,34]; household characteristics include cultivated area, soil fertility, agricultural labor, proportion of agricultural income, and new agricultural business entity [28]; village characteristics include irrigation facilities, presence of e-commerce service platforms, and distance from the village to the nearest market [18].



Digital finance usage is an important driving factor influencing the adoption of ecological agricultural technologies. Studies by Yu, L.L.et al. (2020) and Zhao, P.P. et al. (2022) [21,28] have found that digital finance significantly promotes farmers’ adoption of green production technologies and sustainable agricultural practices. Among them, mobile payment services can help farmers with money transfers, strengthen social network relationships, reduce risks, and unleash the potential for agricultural development [35]. Credit and financing services can provide liquidity support, enabling farmers to overcome the initial funding threshold in agriculture or expand their existing production and operation scale. In summary, digital finance provides farmers with broad coverage and lower-cost financial services, serving as a beneficial complement to traditional financial services and supporting farmers’ adoption of ecological agricultural technologies. Therefore, we hypothesize H1:



H1. 

Digital finance promotes farmers’ adoption of ecological agricultural technologies.






2.2. Mechanisms of Digital Finance on Farmers’ Adoption of Ecological Agricultural Technologies


Digital finance indirectly influences farmers’ adoption of ecological agricultural technologies through three channels: alleviating financial constraints, expanding information channels, and increasing social capital accumulation [16,29]. The mechanisms are illustrated in Figure 1.



2.2.1. Alleviating Financial Constraints


Digital finance has the potential to alleviate the constraints faced by farmers. It leverages digital technologies, including the internet, big data, cloud computing, and artificial intelligence, to lower transaction costs and diminish information asymmetry, thereby enhancing farmers’ access to credit [36]. On the one hand, digital finance breaks the barriers of time and space, expanding the scope of financial services. Even in remote rural areas, dispersed smallholder farmers no longer need to visit physical branches to conduct transactions [16]. They can directly open accounts and apply for loans through mobile devices, reducing the transaction costs associated with loan applications and increasing farmers’ willingness to apply for loans. In addition, digital finance could potentially address the issue of information asymmetry in financial markets more cost-effectively, thereby lessening the extent of this asymmetry [37]. When farmers use digital payments, transaction information footprints are generated, which financial institutions can utilize to assess farmers’ creditworthiness [17], including borrowing scale, repayment capacity, and household economic conditions. This reduces the information asymmetry between financial institutions and borrowers, thereby providing credit support and improving credit accessibility for borrowers without collateral or guarantees. Additionally, digital finance facilitates transactions among family and friends. Farmers can quickly receive transactions from relatives and friends in the case of risk shocks [19], alleviating household financial constraints.



Financial investment is a key factor influencing farmers’ adoption of ecological agricultural technologies [38]. Ecological agricultural technologies often require significant initial investment, have long return cycles, and are subject to high natural risks and market price fluctuations. These characteristics lead to agricultural production instability, making it difficult for farmers to obtain credit support from formal financial institutions [15,39,40], which limits the adoption of ecological agricultural technologies. However, digital finance can improve farmers’ credit accessibility, facilitate transactions, alleviate financial constraints, and promote their adoption of ecological agricultural technologies. Therefore, we propose hypothesis H2:



H2. 

Digital finance promotes the adoption of ecological agricultural technologies by alleviating farmers’ financial constraints.






2.2.2. Expanding Information Channels


Digital finance is a digitized approach that facilitates information sharing. The payment, lending, and investment functions of digital finance all serve as means of information transmission. On the one hand, when financial institutions provide financial ser-vices to farmers using digital technologies, they focus on farmers’ production and emphasize the degree of greening in their outputs [22,26]. Financial institutions can direct capital flow towards sustainable green agriculture, such as “Yunongtong”. In order to obtain credit support, farmers pay attention to the greening of their own production and operation. It can be seen that digital finance investments can transmit green guidance information to farmers, influencing their awareness of ecological agricultural policies, and promoting the adoption of ecological agricultural technologies. On the other hand, farmers can use digital technologies to access ecological agricultural technology-related information [21]. Farmers can obtain operational information on ecological agricultural technologies and agricultural product market prices through internet platforms (e-commerce) quickly and at a low cost. This increases farmers’ awareness of ecological agricultural technologies.



The decision-making process for farmers adopting ecological agricultural technologies involves the collection of relevant information. The more comprehensive the technical information that farmers gather, the higher the levels of technical awareness. This results in perceived usefulness, ease of use, and higher probabilities of adoption [41]. Therefore, by expanding farmers’ information channels, digital finance enhances farmers’ awareness and promotes the adoption of ecological agricultural technologies. Therefore, we propose hypothesis H3:



H3. 

Digital finance promotes the adoption of ecological agricultural technologies by expanding farmers’ information channels.






2.2.3. Increasing Social Capital Accumulation


Social capital refers to the social resources that households need to achieve livelihood goals, including social networks, social trust, and social participation [42]. Social capital has a significant influence on farmers’ technology adoption [43].



Digital finance promotes the adoption of ecological agricultural technologies by in-creasing social capital accumulation. On the one hand, certain digital finance platforms, such as WeChat, offer both financial services and social interaction capabilities [35]. Using WeChat for payments and transactions allows us to engage in communication and interaction, both online and offline. Social communication and interaction have been found to expand the scale of social networks [44] and enhance the hierarchical structure of social relationships. This facilitates the sharing and diffusion of ecological agricultural technology information and knowledge, leveraging the “diffusion effect” of technology [45]. On the other hand, digital finance establishes transparent, secure, and efficient trust mechanisms in payment security and personal privacy protection, strengthening trust among farmers [21]. When farmers see other farmers adopting ecological agricultural technologies, they are more likely to adopt them due to their trust in their peers, leading to a “peer effect”. Last, village collectives utilize digital finance platforms to establish technology promotion accounts (e.g., WeChat official accounts). Through these accounts, they can disseminate information on ecological agricultural technology operation methods and other technical support services, facilitating farmers’ social participation in collective affairs [43]. Village collectives’ targeted and efficient technology promotion activities enable farmers to comprehensively grasp relevant technical information, thereby increasing their willingness to adopt ecological agricultural technologies. Therefore, we propose hypothesis H4:



H4. 

Digital finance promotes the adoption of ecological agricultural technologies by increasing farmers’ social capital accumulation.








3. Materials and Methods


3.1. Data


Data used in this study come from a farm household survey conducted in the Jianghan Plain in China from July to August 2021. The Jianghan Plain is located in the central-southern part of Hubei Province (29°26′–31°37 N, 111°14′–114°36′ E) and has a typical subtropical monsoon climate with abundant sunlight and rainfall. The plain was formed by alluvial deposits of the Yangtze and Han Rivers, resulting in fertile soil and abundant groundwater resources. The Jianghan Plain has a long history of rice cultivation and crayfish breeding, and has become an important region for promoting the CRT. The CRT is widely applied in the Jianghan Plain. The co-cultivation area and production volume of crayfish in Hubei Province ranks first among the 31 provinces in China. Therefore, the Jianghan Plain is a representative and suitable area for studying the CRT.



In recent years, due to the intensive use of agricultural land, there has been a decline in soil fertility and the quality of the agricultural ecological environment in the Jianghan Plain. It is urgent to transform the agricultural development model and promote ecological agriculture [8,41]. The Agricultural and Rural Bureau of Hubei Province has advanced a series of measures, such as straw returning and recycling pesticide bottles and bags. The promotion of ecological agricultural technology for rice-crayfish co-cultivation is a crucial measure. In addition, the digital economy in Hubei Province has been developing rapidly. The “White Paper on the Development of the Digital Economy in Hubei Province (2021) (Hubei Provincial Development and Reform Commission)” reveals that the core industries of the province’s digital economy reached a scale of 654.2 billion yuan in 2020. The average annual growth rate was 7.75%, which exceeded the average GDP growth rate for the same period. Financial institutions have also been innovating their service models, and digital finance has attained rapid promotion, especially the mobile payment service. For example, Postal Savings Bank of China established “Xiang Nong E Tie” in 2021 to provide online financial services for rural revitalization and promote agricultural production. The broadband coverage rate in the survey area reached 97%, with a well-developed network infrastructure.



We selected nine counties of Jianghan Plain as the sample locations for the survey (Shashi, Jiangling, Gong’an, Shishou, Jianli, and Honghu in Jingzhou City, and Xiantao, Qianjiang, and Tianmen directly under the administration of Hubei Province). First, according to the economic development level, we selected four townships from each sample county. Second, we randomly selected two villages from each township. Last, we randomly selected 15 households from each village. A total of 1080 questionnaires were distributed, and after excluding samples with missing key variables, we obtained 1063 valid questionnaires, resulting in an effective response rate of 98.43%. The data were collected during the field survey through face-to-face interviews conducted by the researchers. The survey mainly involved farmer characteristics, household characteristics, village characteristics, and the use of digital finance. We also carried out a pilot survey to assess the validity of the questionnaire.




3.2. Variable Settings


3.2.1. Dependent Variable


Existing research mainly uses a binary variable to measure the adoption behavior of CRT [41]. This study adopts the same approach based on relevant research. Specifically, it is measured based on the questionnaire item “Did your household adopt CRT in 2020?” The respondents’ answer options are “yes” or “no”. If the respondent adopted the CRT, the value is 1; otherwise, it is 0. The sample follows a normal distribution with fat tails on both sides, so a Probit model is used for analysis.




3.2.2. Independent Variables


This study examines households’ use of digital finance based on their usage of digital payment products, digital credit products, and digital wealth management products. Specifically, the digital payment behavior is measured based on the questionnaire item “Did your household use Alipay, WeChat Pay, or online banking in 2020?”. The digital credit behavior is measured based on the item “Did your household use internet loans or crowdfunding in 2020?”. The digital wealth management behavior is measured based on the item “Did your household invest in internet wealth management products in 2020?”. If a household engages in any of the three behaviors, it is considered to use digital finance, the value is 1; otherwise, it is 0.




3.2.3. Control Variables


This study selects four categories of 14 variables as control variables, including individual characteristics of the household head, household characteristics, village characteristics, and regional dummy variables [28,34,46]. Individual characteristics include male, age, health status, education level, political identity, and risk appetite degree. Household characteristics variables include planting area, soil fertility, agricultural labor, the proportion of agricultural income, and whether the household is a new agricultural business entity. Village characteristics encompass factors such as irrigation conditions, the availability of e-commerce service stations, and the village’s proximity to the nearest township. The surveyed area includes nine counties (cities) in the Jianghan Plain, including six counties under the jurisdiction of Jingzhou City, and three directly governed counties in Hubei Province. Considering the differences in economic development levels, a regional dummy variable is assigned a value of 1 if the household is located in Jingzhou City; otherwise, it is 0.




3.2.4. Mediating Variables


The mediating variables in this study include funding constraints, information acquisition, and social capital. Specifically, the smaller the funding constraints faced by households, the lower the financial threshold for adopting CRT. This is measured based on the questionnaire item “Do you think the financial threshold for CRT is high?” Households that pay more attention to agricultural production and financial information are more likely to proactively adopt CRT when conditions permit. This is measured based on the item “How much attention does your household pay to agricultural production and financial information?” Social capital refers to the trust, reciprocity, and social network resources brought by the social status of the household. This is measured based on the item “Did your household incur expenses on social interactions and postal and telecommunications fees in 2020?”.




3.2.5. Instrumental Variable


The instrumental variable in this study is the average proportion of other households in the same village using digital finance, excluding the interviewed households [47]. Under the influence of conformity bias, individual households’ behavior is affected by the behavior of other households in the village. The higher the average proportion of other households in the village using digital finance, the greater the probability of households using digital finance. However, the overall level of digital finance usage in a village does not have a direct relationship with the adoption of CRT by individual households. Therefore, this instrumental variable satisfies the conditions of relevance and exogeneity. However, the effectiveness of the instrumental variable needs to be further tested. The empirical results and analysis will provide detailed information on the instrumental variable testing results. The definition and descriptive statistics of each variable are presented in Table 1.





3.3. Descriptive Statistics


The results in the third and fourth columns of Table 1 report the mean values of variables between the households using digital finance and those who are not using digital finance. The t-test results in Table 1 show significant differences among households using digital finance in terms of age, health status, education level, household cultivated area, soil fertility, agricultural labor force, and farmer organizations, indicating higher endowment levels.



As shown in Table 2, 59.55% of households use digital finance, while 40.89% of households do not use digital finance. This indicates that digital financial services have penetrated into rural areas. Among the households adopting CRT, there are 740 households, accounting for 69.61%. The households not adopting CRT are 323, accounting for 30.39%, indicating that there is still room for further promotion of CRT. Among the households adopting CRT, the proportion of those using digital finance is 66.08%. Among the households not adopting CRT, the proportion of those not using digital finance is 55.41%. Table 1 and Table 2 reflect the average differences in some variables under the use of digital finance. However, this cannot fully explain whether these differences are caused by digital finance, as the self-selection issue of the sample needs to be thoroughly considered. Therefore, a more scientifically rigorous ESP will be used next.



According to the survey data, 59.55% of households use digital finance. Among those who use digital finance, approximately 99.05% have used mobile payments, about 19.43% have used digital credit, and none have used digital wealth management. (1) Regarding digital payments, farmers mainly use Alipay, WeChat, and online banking for payments. Among these, WeChat payments account for 92.82% of digital payments, Alipay payments account for 49.76%, and online banking payments account for 3.99%. It is evident that farmers primarily use WeChat and Alipay for payments. Households use Alipay and online banking for online shopping, physical store payments, and service consumption, while WeChat payments are used for transfers and sending red packets. (2) Regarding digital credit, the proportion of farmers using the internet for formal borrowing is 30.08%, while the proportion using it for informal borrowing is 69.92%. It is apparent that formal credit plays an important role. (3) Regarding digital wealth management, no households in the surveyed area have invested in internet financial products. Possible reasons include, firstly, investing in internet wealth management products requires a high level of financial knowledge and judgment. With traditional wealth management, they can listen to professional explanations from bank staff and obtain real, accurate, and complete financial product information. Households in the survey area generally have a low level of education, making it difficult for them to make correct judgments, hence their reluctance to engage in internet wealth management. Secondly, banks are formal institutions regulated by the state and are highly reliable. Digital wealth management requires farmers to make online purchases through the internet, but state regulation is not yet perfect. There are certain problems, such as false advertising, which leads to farmers’ distrust. Therefore, farmers’ limited financial knowledge, conservative wealth management views, and habits make them unwilling to try digital wealth management.



According to the survey data, WeChat Pay accounts for 92.82% of mobile digital payments, indicating its popularity in rural digital payments. Currently, in rural China, over 80% of households use WeChat, which is also a commonly used app among the elderly. Initially, WeChat was a social networking app used for sending messages, video calls, and interacting with family and friends. WeChat has reduced the costs of establishing and maintaining social relationships, conducive to the expansion of social networks and the enhancement of their intensity. With the development of digital technology, fintech companies have further developed WeChat’s financial features, making WeChat Pay a reality. Subsequently, these companies have also developed credit and wealth management functions within the app. It is evident that WeChat integrates social and financial functions effectively, making it an excellent tool for the proliferation of digital finance. Hence, traditional financial institutions can collaborate with fintech companies to promote digital finance through apps such as WeChat, offering a wealth of online financial products. The government can also utilize such apps to disseminate financial knowledge, improving the financial literacy and digital usage rates among rural households.




3.4. Empirical Model


3.4.1. Endogenous Switching Probit Model


Identifying the causal relationship between key variables is a crucial factor in determining the measurement model. It is not possible to simultaneously observe the adoption of CRT by the same household under the conditions of using digital finance and not using digital finance. Therefore, it is not possible to directly estimate the impact of digital finance on the adoption behavior of CRT by households. Furthermore, there are unobservable factors that influence both the decision to use digital finance and the adoption behavior of CRT, such as the individual capabilities of households. Ignoring this issue would result in sample selection bias and endogeneity problems.



Considering the issue of selection bias caused by observable and unobservable factors, we adopt ESP model [48]. The ESP model simultaneously estimates the selection equation and the outcome equation using the full information maximum likelihood (FIML) method, thereby obtaining consistent and unbiased estimators. Additionally, after obtaining the relevant coefficients, we can calculate the average treatment effect (ATT, ATU, ATE) of digital finance usage on the adoption of CRT by households.



The ESP model consists of two steps. First, we utilize the Probit model to construct the selection equation for households’ usage of digital finance:


    Z   i   *   =   θ   i     V   i   +   u   i   ,               Z   i   = 1   i f     Z   i   *   > 0         Z   i   = 0   o t h e r w i s e        











In the equation,     Z   i   *     represents the latent variable of the probability of household   i   using digital finance, which depends on the observable variables     Z   i    . When     Z   i   = 1  , it indicates that the household uses digital finance, while     Z   i     = 0   indicates that the household does not use digital finance.     V   i     represents the influencing factors of households using digital finance,     θ   i     is the coefficient to be estimated, and     u   i     is the random disturbance term.



Next, we construct the outcome equation for the adoption behavior of CRT by households:


    Y   1 i   *   =   φ   1 i     X   1 i   +   δ   1 i   ,               Y   1 i   = 1   i f     Y   1 i   *   > 0         Y   1 i   = 0   o t h e r w i s e           f o r     Z   i   = 1  










    Y   0 i   *   =   φ   0 i     X   0 i   +   δ   0 i   ,               Y   0 i   = 1   i f     Y   0 i   *   > 0         Y   0 i   = 0   o t h e r w i s e             f o r     Z   i   = 0  











In the equation,     Y   1 i   *     and     Y   0 i   *     represent the probabilities of households adopting CRT when using digital finance and when not using digital finance, respectively.     Y   1 i     and     Y   0 i     are the observable variables representing the adoption behavior of CRT by households when using and not using digital finance, respectively.     X   1 i     and     X   0 i     are factors such as individual characteristics, household characteristics, and village characteristics that affect the adoption behavior of CRT by households.     φ   1 i     and     φ   0 i     are estimated coefficients, and     δ   1 i     and     δ   0 i     are random disturbance terms following a normal distribution.



Based on the estimation results of the ESP model, we can further calculate three average treatment effects of digital finance usage on the adoption of CRT by households: the average treatment effect on the treated (ATT), the average treatment effect on the untreated (ATU), and the average treatment effect on the entire sample (ATE). However, both ATU and ATE include the effects of the samples that do not use digital finance, which are less meaningful for policy evaluation [49]. Therefore, this study only estimates the ATT to measure the impact of digital finance on the adoption of CRT by households. Based on Equations (1) and (2), and utilizing the full information counterfactual estimation, we obtain the average treatment effect on the treated (ATT) of digital finance usage on the adoption of CRT by households:


  A T T =   1   n     ∑  i = 1   n        Pr  ⁡      Y   1 i   = 1     Z   i   = 1     −   Pr  ⁡      Y   0 i   = 1     Z   i   = 1          











In the equation, ATT refers to the average difference in the probability of adopting CRT for households that actually use digital finance compared to when they do not use digital finance. n represents the sample size of the experimental group.




3.4.2. Mediation Effect Model


Drawing on the existing literature [50], this study employs the stepwise regression method to test for mediation effects. The specific steps of the mediation effect test are as follows:


    A d o p t   i   =   δ   0   +   δ   1     D F   i   +   δ   2     c o n t r o l s   i   +   ε   i    










    M   i   =   α   0   +   α   1     D F   i   +   α   2     c o n t r o l s   i   +   μ   i    










    A d o p t   i   =   β   0   +   β   1     D F   i   +   β   2     M   i   +   β   3     c o n t r o l s   i   +   v   i    











First, according to Equation (5), test the overall effect of digital finance on the adoption of CRT by households. Second, using Equation (6), with the mediator variable as the dependent variable and digital finance usage as the independent variable, test the effect of digital finance usage on the mediator variable. Finally, according to Equation (7), test the effects of digital finance usage and the mediator variable on the adoption of CRT by households. In the equations,     A d o p t   i     represents the adoption behavior of CRT by households,     D F   i     represents digital finance usage,     M   i     represents the mediating variable,   δ  ,   α  , and   β   are the parameters to be estimated, and   ε  ,   μ  , and   v   are random disturbance terms. If     δ   1     is significant, and both     α   1     and     β   2     are significant, it indicates that digital finance affects the adoption of CRT by households through the mediator variable. If     α   1     and     β   2     are not both significant, it indicates that the mediating pathway is not established.






4. Results


4.1. Simultaneous Estimation Results


Table 3 presents the simultaneous estimation results of the decision models for household digital finance usage and the adoption of CRT. The test for independence between the two-stage equations is significant at a 5% level, rejecting the null hypothesis of mutual independence between the selection and outcome equations. The correlation coefficients (    ρ   0     and     ρ   1    ) of the random error terms in the selection and outcome equations are significantly negative at a 1% level. This indicates the presence of sample selection bias in the decision-making process of household digital finance usage, which needs to be corrected. The goodness-of-fit test for the model is also significant at a 1% level, suggesting that choosing the ESP model is reasonable.



4.1.1. Factors Influencing Household Digital Finance Usage Decision


The results in column (2) of Table 3 show that age significantly positively impacts household digital finance usage decisions. Younger households are more likely to try new things and can choose digital finance products to suit their needs, increasing their likelihood of using digital finance. The digital divide contributes to a higher likelihood of mistakes among older households when using the internet or smartphones to access digital financial services. As a result, these households have a lower probability of accessing financial services through digital channels.



The level of health significantly positively impacts household digital finance usage decisions. This indicates that households in better health are more likely to use digital finance. As the health level improves, households have more confidence in future investments and a stronger ability to allocate resources using financial factors [34,51]. Education level also has a significant positive effect on household digital finance usage decisions. Compared with traditional finance, digital finance is still relatively new to households. Higher education levels enable households to have a better understanding and acceptance of new things, as well as accumulate more financial knowledge. Digital finance, with its features such as online transfers, online consumption, and new payment methods, is more readily accepted by households with higher education levels [52]. Party membership also has a significant positive impact on household digital finance usage decisions. Generally, party members have advantages in terms of education and acceptance of new things, which increases the likelihood of using digital finance. The level of risk preference significantly positively impacts household digital finance usage decisions. As a new type of financial service, digital finance still has some flaws and risks. Households with a higher level of risk preference are more willing to try new things, resulting in a higher likelihood of using digital finance.



In addition, soil fertility significantly negatively impacts household digital finance usage decisions. The higher the soil quality, the less input is required for agricultural production materials such as fertilizers. Therefore, the probability of household digital finance usage is lower. The number of agricultural laborers significantly positively impacts household digital finance usage decisions. The more laborers engaged in agricultural production, the more economic transactions and information flow, such as purchasing agricultural production materials, are involved. This increases the likelihood of households using digital finance. Membership in farmer organizations also has a significant positive impact on household digital finance usage decisions. Farmer organizations play a vital role in China’s agricultural modernization. They consist of large-scale and family farms. These organizations achieve economic benefits through scale effects, technological innovation, and scientific management. Financial instruments play an essential role for new agricultural entities. The distance between village committees and township agricultural markets significantly negatively impacts household digital finance usage decisions. The closer the distance to township agricultural markets, the higher the degree of marketization that households are exposed to. This leads to more opportunities for digital payments, greater knowledge of digital finance, and, thus, a higher probability of using digital finance.



The estimation results indicate that the average proportion of other households in the same village using digital finance has a significant positive impact on the household’s decision to use digital finance. In other words, the higher the average rate of digital finance usage among other households in the same village, the higher the probability of digital finance usage for the surveyed households. Furthermore, we also tested the validity of the instrumental variables. The instrumental variable model (IV-2SLS) for the effect of digital finance usage on the adoption of CRT shows that the first-stage F-value is 54.12. It is greater than 10, ruling out the possibility of weak instrumental variables. Therefore, the instrumental variables can be considered effective.




4.1.2. Factors Influencing the Adoption of CRT by Households


Results in columns (2)–(3) of Table 2 show that education level and party membership significantly negatively impact the adoption of CRT by households using and not using digital finance. This indicates that households with higher education levels and party membership are less likely to adopt CRT. Higher education levels and party membership are associated with higher cultural and knowledge levels among households, enabling them to make more informed agricultural production decisions. Higher education levels and party membership also provide households with more non-agricultural employment opportunities. On the one hand, compared with non-agricultural employment, CRT cannot guarantee a stable income or economic returns in every period. On the other hand, adopting CRT entails higher labor and input costs. Therefore, considering the cost–benefit ratio, the likelihood of households adopting CRT is lower.



Furthermore, soil fertility significantly negatively impacts the adoption of CRT by households using and not using digital finance. Better soil fertility is associated with higher natural resource endowment for households, resulting in relatively lower material inputs such as fertilizers and pesticides per unit area than infertile land. This favors the adoption of rice-crayfish co-cultivation technology by households. The distance between village committees and the nearest township significantly positively impacts the adoption of CRT by households using and not using digital finance. This indicates that the closer households are to township agricultural markets, the less likely they are to adopt CRT. Proximity to township agricultural markets implies higher levels of marketization for households. On the one hand, it provides households with more non-agricultural employment information and opportunities. On the other hand, higher marketization levels increase households’ risk perception. CRT involves technical and market risks, requiring households to learn and master various operational skills in production and management, such as feeding, disease control, and water quality regulation. Based on the assumption of “bounded rationality of small farmers”, households exhibit profit-seeking behavior and risk aversion, aiming to maximize utility [53]. Compared with unstable and relatively lower agricultural incomes, households are more inclined to choose stable non-agricultural incomes with higher relative returns. Therefore, the likelihood of households adopting CRT is lower.



Risk preference significantly impacts the adoption of rice-crayfish co-cultivation technology by households using digital finance. More risk-averse households are more willing to try new agricultural planting technologies and are thus more inclined to use various financial services to facilitate the adoption of CRT. The cultivated area has a significant positive effect on the adoption of CRT by households using digital finance. Larger cultivated areas require higher inputs of production materials and have higher funding needs. Digital finance can effectively alleviate financial constraints, enabling households to adopt CRT.





4.2. Average Treatment Effect (ATT) Estimation


Building on the previous analysis, the average treatment effect (ATT) for the treatment group of households using digital finance is calculated based on Equation (4). Table 4 reports the average treatment effect (ATT) for households using digital finance as 0.515. This indicates that for households using digital finance, the probability of adopting CRT would decrease by 51.5% if digital finance is not utilized. Therefore, the use of digital finance increases the probability of households adopting CRT by 51.5%.




4.3. Robustness Check


To check the robustness of the estimation, our study further employs the Propensity Score Matching (PSM) method to estimate the impact of digital finance on the adoption of CRT by households. PSM is widely used as a quasi-experimental method to address sample selection bias, and the previous literature has commonly utilized this method for robustness checks. In this study, three methods, namely, nearest neighbor matching, radius matching, and kernel matching, are used to match the samples. After conducting standardized bias and common support region tests for each round of sample matching, the average treatment effect (ATT) for the treatment group using digital finance is calculated. As shown in Table 5, the ATT values based on nearest neighbor matching, radius matching, and kernel matching are 0.101, 0.169, and 0.103, respectively, and these results are statistically significant at the 5% level. This indicates that the conclusion that the use of digital finance significantly promotes the adoption of CRT by households is robust. It is worth noting that the ATT values obtained from the PSM model are smaller than those obtained from the ESP model, as the PSM model does not account for the influence of unobservable factors, leading to biased estimates. This further demonstrates that the results obtained from the ESP model, which considers the endogeneity issue, are more effective than methods such as the PSM [48].




4.4. Heterogeneity Analysis


Based on the previous analysis, the promotion effect of digital finance on households’ adoption of CRT varies because of differences in age, education level, and income. In this study, age, education level, the proportion of agricultural income, and cultivated area are divided into high and low groups based on their means. The kernel matching method in the PSM is used to estimate the average treatment effect (ATT) of digital finance on adopting CRT for different groups of households. The results are presented in Table 6.



Results from Table 6 reveal that using digital finance significantly promotes the adoption of CRT by older households, with an ATT value of 0.102. The influence of digital finance on younger age groups’ adoption behavior is insignificant. It is generally believed that older households have relatively weaker abilities to absorb and digest new technologies and concepts, while younger households have stronger abilities to embrace new things. They are more likely to obtain financial support for adopting CRT through digital finance. However, empirical findings indicate that the effect of digital finance is more significant for vulnerable elderly households, which differs from this general perception. The reason may be that the younger generation has a broader access range to financial resources, and attaches less importance to digital finance than older farming households.



Digital finance significantly promotes the adoption of CRT by households with lower education levels, as indicated by an ATT value of 0.116. In contrast, the influence of digital finance on households with higher education levels is insignificant. Traditional financial services often pose educational barriers, making it challenging for less educated households to access them. However, digital finance provides convenient access to financial services, empowering households, particularly those with lower education levels, to obtain such services. This, in turn, alleviates the financial constraints faced by less educated households and promotes the adoption of conservation tillage technology. Consequently, the impact of digital finance on the adoption behavior of CRT by less educated households is significant.



Digital finance significantly promotes adopting CRT by households with both high and low proportions of agricultural income. The ATT value for the low agricultural income proportion group is 0.086, while for the high agricultural income proportion group, it is 0.213. Comparatively, digital finance has a more significant promoting effect on the adoption of rice-crayfish co-cultivation technology by households with a higher proportion of agricultural income. The proportion of agricultural income reflects the dependence of households on agricultural income. This dependence is evident in two aspects. First, when the proportion of agricultural income is higher, households tend to prioritize agricultural production. They are more inclined to invest additional funds in adopting new agricultural technologies to increase their future agricultural income. Second, a higher proportion of agricultural income means households have fewer alternative sources of funds. Consequently, they rely on digital finance to access funds and provide financial support for adopting new agricultural technologies. Therefore, digital finance has a greater impact on the adoption of CRT by households with a higher proportion of agricultural income.



Overall, digital finance significantly promotes vulnerable groups such as older people, those with lower education levels, and with a higher proportion of agricultural income. This reflects the inclusiveness of digital finance as a new financial service model, which enables more vulnerable groups to share the benefits of digital technology.




4.5. Mechanism Analysis


The previous section has verified the direct impact of digital finance on farmers’ adoption of CRT. The following section further examines how digital finance influences farmers’ adoption of CRT. Based on the theoretical analysis in the previous section, digital finance impacts farmers’ adoption of CRT through three channels. First, it alleviates financial constraints faced by farmers. Second, it expands the information channels available to farmers. Last, it contributes to the accumulation of social capital among farmers. In this study, an intermediary effect model is used to test these three channels, and the results are shown in Table 7.



4.5.1. Alleviating Financial Constraints


Digital finance improves credit availability, facilitates household transactions, and mitigates farming households’ financial constraints. According to column (1) in Table 7, the use of digital finance significantly negatively impacts farmers’ financial constraints. When digital finance use and financial constraints are simultaneously regressed in column (2), both significantly affect the adoption of CRT. This indicates that digital finance significantly alleviates financial constraints for farmers and indirectly promotes the adoption of CRT. Field research has found that farmers predominantly use digital finance for transactions, and they use it less for obtaining productive credit. This may be because small-scale farmers distrust online credit and are reluctant to apply. Nonetheless, it is undeniable that digital finance alleviates financial constraints for farmers and promotes the adoption of CRT. Currently, digital finance products are continuously expanding, and designing financial products suitable for small-scale farmers, especially credit products, is crucial to alleviate their credit constraints and further promote the adoption of CRT.




4.5.2. Expanding Information Channels


Digital finance guides farmers to pay attention to policy information, promotes participation in online platforms, and expands farmers’ information channels. According to the results in column (3) of Table 7, digital finance significantly impacts farmers’ attention to economic information. When digital finance use and attention to economic information are simultaneously regressed in column (4), both significantly positively affect the adoption of CRT. This indicates that digital finance benefits farmers accessing economic information and indirectly promotes adopting CRT. Therefore, using digital finance, policy information, market information, and technical information related to CRT is beneficial in increasing farmers’ awareness of the technology. Compared with traditional agriculture, CRT requires higher knowledge and skills from agricultural operators. Farmers need to learn and master the operational skills of each link to exploit the production advantages of CRT fully.




4.5.3. Increasing Social Capital Accumulation


Social capital is an important factor influencing farmers’ adoption of CRT. According to column (5) in Table 7, digital finance significantly impacts farmers’ social capital. When digital finance use and social capital are simultaneously regressed in column (6), both significantly affect the adoption of CRT. This indicates that using digital finance promotes the accumulation of social capital for farmers and facilitates the adoption of CRT. Therefore, during the use of digital finance, the accumulation of social capital is beneficial in promoting the diffusion of CRT and harnessing the “diffusion effect” and “homophily effect” of the technology. Farmers can access more reliable agricultural technology promotion information through financial platforms, thereby promoting the adoption of CRT.






5. Conclusions and Discussion


This study examines the factors influencing farmers’ decisions to use digital finance in the Jianghan Plain, and reveals the impact of digital finance on the adoption of conservation tillage technology by farmers. By using survey data from 1063 farming households in the Jianghan Plain in China, this study employs an ESP model to address the issue of sample selection bias. This study uses the PSM method to test the robustness of the ESP model results and conducts a heterogeneity analysis to examine the impact of digital finance on different groups of farmers. Subsequently, an intermediary effect model is used to test the mechanisms through which digital finance influences farmers’ adoption of conservation tillage technology.



Specifically, (1) according to the survey data, it was found that farmers primarily use digital payments and digital credit services, with no engagement in digital wealth management. WeChat possesses both social and financial functionalities. It also provides a conducive environment for the government and traditional financial institutions to promote digital finance, making financial services more accessible to farmers. (2) The empirical results based on the ESP model reveal the factors influencing farmers’ use of digital finance. The age of the household head, education level, and party membership affect farmers’ use of digital finance. (3) The use of digital finance significantly promotes farmers’ adoption of conservation tillage technology. (4) Notably, the heterogeneity analysis finds that digital finance has a more significant promoting effect on adopting eco-agricultural technology among older, and less educated with a higher proportion of agricultural income, indicating a higher dependence of these vulnerable groups on digital finance. (5) Furthermore, the mechanism analysis finds that digital finance promotes adopting conservation tillage technology by alleviating farmers’ financial constraints, expanding information channels, and increasing social capital accumulation.



Based on these research findings, the following policy recommendations are made: (1) This study confirms that digital finance promotes adopting conservation tillage technology. It alleviates farmers’ financial constraints, expands information access, and increases social capital accumulation. This provides a scientific reference for governments considering promoting eco-agricultural development by popularizing digital finance. (2) To encourage the use of digital finance among farmers, it is recommended that the government initially focuses on promoting it among young, healthy, and highly educated farmers. (3) Particular attention should be given to farmers who are older, less educated, and rely heavily on agricultural income. By improving their ability to use digital finance, they can better access its benefits and share in its advantages. (4) The role of digital financial platforms such as WeChat in the popularization of digital finance should be given significant importance. Fintech companies should continue to develop the functionalities of digital finance platforms to provide households with convenient operational processes. Rural financial institutions could collaborate with digital finance platforms to create financial products tailored for rural areas, particularly credit products, in order to expand the reach of financial services. The government should support the development of digital finance platforms by establishing relevant laws and regulations, and strengthening the supervision of digital finance platforms. The government should also intensify the promotion of digital financial products, including mobile payments, online lending, and digital wealth management, to enhance the financial literacy of farmers. Additionally, the agriculture sector could establish public channels for the promotion of eco-agricultural technology on digital finance platforms, disseminating technical methods and their effects.



The popularization of digital finance plays a vital role in promoting the adoption of conservation tillage technology. Based on this fact, this study provides strong evidence for the impact of digital finance usage in promoting the adoption of conservation tillage technology through unique field survey data and econometric models. It offers a new perspective on the ecological benefits of farmers’ use of digital finance. However, several aspects require further research in the future. (1) These data only focus on the rice-crayfish co-cultivation technology in the Jianghan Plain in China. Research results would be more effective and practical if they encompassed other eco-agricultural technologies, as digital finance may have different impacts on different eco-agricultural technologies. (2) Adoption of agricultural practices is a process, and we only used binary variables to measure the adoption behavior, which cannot reflect the dynamic adoption process of farmers. Considering the limitations of the cross-sectional data used in our study, future research could employ panel data to extend this work. (3) Farmers’ usage of digital finance products is primarily concentrated in digital payments, with low utilization rates for digital credit and digital wealth management. Lack of awareness and low trust in new financial services may be constraining factors, particularly in the early stages of adoption. Additionally, the elderly population, in addition to a lack of financial knowledge, faces “digital barriers”, which refer to difficulties in using digital devices. The accessibility of digital devices and the usability of digital finance technology should be improved.
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Figure 1. Theoretical analysis framework for the use of digital finance and CRT adoption. 
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Table 1. Variable definition and descriptive statistics.
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Variable

	
Definition

	
Digital Finance Users

	
Non-Users

	
Mean Difference

(t-test)




	
Mean

	
Mean






	
Digital finance use

	
1 If household uses any one of digital payment, digital credit or digital investment, 0 otherwise

	
1.000

	
-

	
1.000




	
CRT adoption

	
1 if household adopt CRT in 2020, 0 otherwise

	
0.773

	
0.584

	
−0.189 ***




	
Male

	
1 if household head is male, 0 female

	
0.986

	
0.977

	
−0.009




	
Age

	
Household head’s age (in years)

	
52.896

	
61.737

	
8.841 ***




	
Health status

	
Health status of the household head, 5-point Likert-type scale, 1 = very poor, 5 = very good

	
4.458

	
3.998

	
−0.460 ***




	
Education-level

	
Years of education of the household head

	
8.689

	
6.872

	
−1.817 ***




	
Party membership

	
1 if household head has party membership, 0 otherwise

	
0.216

	
0.102

	
−0.114 ***




	
Risk appetite

	
According to the farmers’ preferences for different investment projects, assign values from 0 to 5, with higher values indicating a greater preference for risk.

	
1.959

	
1.121

	
−0.838 ***




	
Planting area

	
Total planting area (ha)

	
32.180

	
18.930

	
−13.250 ***




	
Soil fertility

	
Soil fertility of household, 5-point Likert-type scale, 1 = very bad, 5 = very good

	
3.417

	
3.258

	
−0.159 ***




	
Agricultural labor

	
Number of laborers engaged in agriculture in the household

	
1.943

	
1.812

	
−0.132 ***




	
Share of agricultural income

	
The ratio of a farmer’s agricultural income to his/her total household income (%)

	
0.633

	
0.544

	
−0.089




	
New agricultural business entity

	
Whether the household engages in large-scale farming, family farm, and agricultural business: No = 0, any one organization member = 1, any two organization members = 2, three organization members = 3.

	
0.190

	
0.063

	
−0.127 ***




	
Irrigation condition

	
Proportion of effective irrigated area in the village canal system (%).

	
98.462

	
99.023

	
0.561




	
E-commerce service platform

	
1 if village has e-commerce service platform, 0 otherwise

	
0.359

	
0.319

	
−0.040




	
Distance to nearest township

	
Distance from the village committee to the nearest township (km)

	
6.433

	
6.553

	
0.120




	
Jingzhou

	
1 if the household head is located in Jingzhou City, 0 otherwise

	
0.629

	
0.735

	
0.106 ***




	
Instrumental variable

	
The mean value of “digital finance use” of other households in the same village, excluding the interviewed households

	
0.636

	
0.539

	
−0.097 ***




	
Financial constraints

	
Do you think the financial threshold for CRT is high? High = 1, No = 0.

	
0.453

	
0.523

	
0.070 **




	
Information acquisition

	
The level of attention to agricultural economy and financial information, 5-point Likert-type scale, 1 = very little, 5 = very much

	
3.153

	
3.016

	
−0.149 **




	
Social capital

	
The household’s expenditure on interpersonal communication and postal communication in 2020 (Yuan)

	
1.495

	
1.079

	
−0.415 ***




	
Observations

	
—

	
633

	
430

	
—








Note: *** and ** denote significant mean differences at 1% and 5%level, respectively.













 





Table 2. Adoption of rice-crayfish co-cultivation technology (CRT) under digital finance use.
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Adoption of CRT (740)

	
No Adoption of CRT (323)




	
Observations

	
Proportion

	
Observations

	
Proportion






	
Used digital finance

	
489

	
66.08%

	
144

	
44.59%




	
No digital finance

	
251

	
33.92%

	
179

	
55.41%











 





Table 3. Endogenous Switching Probit (ESP) estimates of the determinants of digital finance use and rice-crayfish co-cultivation technology (CRT) adoption.






Table 3. Endogenous Switching Probit (ESP) estimates of the determinants of digital finance use and rice-crayfish co-cultivation technology (CRT) adoption.





	
Variable

	
Selection Equation

	
Digital Finance Users’ Adoption

	
Non-Users’ Adoption




	
Coefficient

	
Coefficient

	
Coefficient






	
Male

	
−0.167 * (0.345)

	
0.239 (0.411)

	
0.034 (0.403)




	
Age (years)

	
−0.067 *** (0.006)

	
0.010 (0.008)

	
−0.004 (0.015)




	
Health status (1 = very poor, 5 = very good)

	
0.199 *** (0.059)

	
−0.044 (0.079)

	
−0.108 * (0.075)




	
Education (years)

	
0.074 *** (0.018)

	
−0.045 *** (0.017)

	
−0.048 * (0.024)




	
Party membership (1 = yes)

	
0.513 ** (0.134)

	
−0.330 *** (0.134)

	
−0.387 *** (0.200)




	
Risk appetite (0 = risk aversion, 5 = risk appetite)

	
0.058 ** (0.026)

	
0.079 ** (0.033)

	
−0.021 (0.038)




	
Planting area (ha)

	
0.002 (0.002)

	
0.009 *** (0.003)

	
0.005 (0.004)




	
Soil fertility (1 = very bad, 5 = very good)

	
0.073 (0.061)

	
0.143 * (0.075)

	
0.243 *** (0.09)




	
Agricultural labor (Number)

	
0.232 *** (0.084)

	
0.052 (0.089)

	
0.118 (0.139)




	
Share of agricultural income (%)

	
0.024 (0.045)

	
−0.032 (0.041)

	
−0.082 (0.086)




	
New agricultural business entity (Number)

	
0.298 * (0.158)

	
−0.199 (0.152)

	
−0.396 (0.252)




	
Irrigation condition (%)

	
−0.014 * (0.007)

	
0.004 (0.007)

	
0.013 (0.011)




	
E-commerce service platform (1 = yes)

	
0.093 (0.010)

	
0.129 (0.120)

	
−0.128 (0.129)




	
Distance to nearest township (km)

	
−0.02 * (0.011)

	
0.045 *** (0.014)

	
0.075 *** (0.017)




	
Jingzhou (1 = yes)

	
−0.152 (0.111)

	
0.049 ** (0.126)

	
0.290 * (0.157)




	
Instrumental variable

	
1.443 *** (0.240)

	

	




	
Constant

	
2.592 *** (0.966)

	
−0.730 (0.963)

	
−2.116 (1.562)




	
     ρ   0     

	

	
−0.755 *** (0.174)

	




	
     ρ   1     

	

	

	
−0.668 *** (0.209)




	
LR-test of independent equations: Chi-squared

	
13.79 ***

	

	




	
Log likelihood

	
−1069.356

	

	




	
Ward chi (2)

	
289.67 ***

	

	




	
Observations

	
1063

	
633

	
430








Note: Source: Survey results. ***, **, and * denote significant mean differences at 1%, 5%, and 10% level, respectively.     ρ   1     is the correlation coefficient between the error term of digital finance use and the adoption of CRT in regime 1 (digital finance users), while ρ0 is the correlation coefficient between the error term of digital finance use and the adoption of CRT in regime 2 (non-users). One dollar = 6.90 yuan in 2020. Standard errors in parentheses.













 





Table 4. Estimates of average treatment effect (ATT) of digital finance on rice-crayfish co-cultivation technology (CRT) adoption.
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Farmer Type

	
Probability of Adopting CRT

	
ATT

	
Changes

(%)




	
Digital Finance Users’ Adoption

	
Non-Users’ Adoption






	
Digital finance use

	
0.772 (0.005)

	
0.257 (0.007)

	
0.515 *** (0.005)

	
200








Note: *** denote significant mean differences at 1% level. Change = [(CRT adoption of digital finance users − CRT adoption of non-users)/CRT adoption of non-users × 100%. Standard errors in parentheses.













 





Table 5. Robustness check.
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Outcome by Estimation Technique

	
CRT Adoption

	
Average Treatment Effects on the Treated (ATT)

	
Changes

(%)




	
Digital Finance Users’ Adoption

	
Non-Users’ Adoption




	
Mean

	
Mean

	
Coefficient






	
Endogenous Switching Probit

	
0.772

	
0.257

	
0.515 *** (0.005)

	
200




	
Propensity Score Matching Nearest neighbor-matching

	
0.758

	
0.657

	
0.101 ** (0.051)

	
15.37




	
Radius-matching

	
0.758

	
0.589

	
0.169 *** (0.025)

	
28.69




	
Kernel-matching

	
0.758

	
0.655

	
0.103 *** (0.048)

	
15.73








Note: ***, and ** denote significant mean differences at 1%, and 5% level, respectively. Change = [(CRT adoption of digital finance users − CRT adoption of non-users)/CRT adoption of non-users × 100%. Standard errors in parentheses.













 





Table 6. The heterogeneous effects of digital finance use on rice-crayfish co-cultivation technology (CRT) adoption based on Propensity Score Matching (PSM) model.
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Grouping Variable

	
Observations

	
CRT Adoption

	
Average Treatment Effects on the Treated (ATT)

	
Change

(%)




	
Digital Finance Users’ Adoption

	
Non-Users’ Adoption




	
Mean

	
Mean

	
Coefficient






	
Age

	
Low

	
517

	
0.806

	
0.700

	
0.106 (0.066)

	
15.14




	
High

	
546

	
0.701

	
0.599

	
0.102 * (0.060)

	
17.03




	
Education

	
Low

	
409

	
0.762

	
0.646

	
0.116 * (0.061)

	
17.96




	
High

	
654

	
0.764

	
0.686

	
0.078 (0.067)

	
11.37




	
Share of agricultural income

	
Low

	
701

	
0.728

	
0.641

	
0.086 * (0.052)

	
13.57




	
High

	
363

	
0.825

	
0.612

	
0.213 * (0.117)

	
34.80








Note: * denote significant mean differences at 10% level. Change = [(CRT adoption of digital finance users − CRT adoption of non-users)/CRT adoption of non-users × 100%. Standard errors in parentheses.













 





Table 7. The mechanism test results of the impact of digital finance use on rice-crayfish co-cultivation tec