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The advancement of the digital economy is vital for decreasing agricultural carbon emissions and fostering high-quality agricultural development. Using panel data from 31 Chinese provinces between 2000 and 2021, this paper employs a dual machine learning model for causal inference to analyze the impact of digital financial inclusion on agricultural carbon emissions intensity, its underlying mechanisms, and the characteristics of heterogeneity. The study finds that digital inclusive finance significantly reduces agricultural carbon intensity through two main channels: enhancing scientific and technological innovation and narrowing the urban-rural income gap. Additionally, the expansion of arable land management and the acceleration of economic structural transformation positively moderate these effects. These conclusions remain robust after a series of robustness tests. Further combining factors such as resource endowment, geographic location, economic concentration, and food production areas in the heterogeneity test, the study found that regional differences significantly influence the effect of financial inclusion on agricultural carbon intensity. Therefore, it is essential to enhance the development of inclusive finance, break down regional barriers to promote synergistic development, actively support economic transformation and large-scale operations, strengthen scientific and technological innovation, and narrow the urban-rural income gap to support China’s agricultural green transformation.
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1 INTRODUCTION
Since the launch of economic reforms and the implementation of the opening-up policy, China has undergone more than 4 decades of sustained economic growth and significant increases in per capita income. Per capita GDP has risen sharply from RMB 385 in 1978 to RMB 85,698 in 2022, achieving an average annual growth rate of 13.07%1. Nevertheless, it is crucial to acknowledge that the simplistic ‘high input–high output’ model continues to dominate agricultural development in China. The intensive use of agricultural inputs has become a primary factor enabling farmers to increase their income and elevate production levels. In 2020, China’s fertilizer usage reached 506.11 kg/ha, approximately 2–3 times greater than that of developed countries. The application of pesticides totaled 1,456,000 tonnes, representing 2.8 to 4.7 times the amount used in developed countries,2China’s farmland irrigation water use efficiency coefficient is only 0.57, which is significantly lower than the 0.7–0.8 efficiency rate in developed countries, leaving substantial room for improvement (He and Song, 2021). The overuse of production materials, including agricultural films and fertilizers, results in significant resource consumption and elevated carbon emissions. To achieve the lofty objectives of carbon peaking by 2030 and carbon neutrality by 2060, the Chinese government is prioritizing the decrease of carbon emissions in the agriculture sector. The publication of the Action Plan for Energy Conservation and Carbon Reduction for 2024–2025, the Opinions on Accelerating Comprehensive Green Transformation of Economic and Social Development, and the Implementation Plan for Reducing Emissions and Sequestering Carbon in Agriculture and Rural Areas has distinctly defined the goals, tasks, and strategies for emission reduction and carbon sequestration in the agricultural and rural sectors. These policies aim to improve the quality and quantity of China’s agricultural emission reduction initiatives by decreasing the carbon intensity of the agricultural sector and increasing carbon output efficiency by one unit (Zhang and Mu, 2019). Concurrently, Digital financial products are steadily integrating into the agricultural sector, offering new avenues for innovation and growth. The China Digital Economy Development White Paper (2020) highlights that the core of the digital economy revolves around using digital information as a vital factor of production, digital technology functions as the central driving force, while contemporary information networks become the principal medium for diverse economic operations (Mu and Ma, 2021). Historically, academic research has predominantly focused on integration and growth driven by the digital economy within the secondary and tertiary sectors. However, with the release of key documents such as the Outline of the Digital Rural Development Strategy and the Action Plan for the Development of Digital Rural Areas (2022–2025), The digital economy in agriculture and rural areas has encountered significant development opportunities. By harnessing advancements in internet technology and financial innovation, digital inclusive finance presents the dual benefits of integrating information technology and reducing financial barriers. It also holds considerable potential for enhancing agricultural carbon production effectiveness (Lu et al., 2024; Geng and Pan, 2024).
Within the existing literature, studies on broader themes such as financial development and its connection to carbon emissions are more abundant. On one hand, some researchers assert that finance is essential for the optimal allocation of resources. They suggest that a robust financial sector can effectively reduce the costs associated with financing green development, and that green financial instruments play a crucial role in curbing carbon emissions (Zhao C. et al., 2024; Guo et al., 2024; Lv et al., 2024). Additionally, financial agglomeration contributes to the diminution in agricultural carbon emissions (Liu et al., 2024). On the other hand, several studies propose finance could lower carbon emission intensity by fostering technological innovation and strengthening innovation mechanisms (Huang, 2024; Ye and Ye, 2019; Sun, 2023). Furthermore, scholars identify industrial agglomeration, large-scale agricultural operations, and the advancement of farming specialization as critical factors affecting agricultural carbon emissions (Liu and Xiao, 2020; Liu et al., 2022; Fan, 2022). In summary, digital financial development can decrease carbon emission intensity and foster green development. By combining information technology with inclusive finance, digital inclusive finance boosts the efficiency and accessibility for rural finance services, lowers financing barriers and alleviates the misallocation of agricultural resources. It has the potential to decrease agricultural carbon emissions, thus providing a foundation for further exploration of the connection between digital inclusive finance and agricultural carbon emissions.
This work study offers novel contributions, firstly, the use of advanced algorithmic capabilities of dual machine learning models to efficiently handle high-dimensional variables and conduct non-parametric predictions, and applying them to assess the effectiveness of digital financial inclusion, we successfully tackle the challenges of the “curse of dimensionality” and model specification bias, frequently encountered in traditional econometric approaches. This methodology substantially improves the credibility and robustness of the study’s findings. Secondly, a new analytical framework has been created that center on digital financial inclusion, technological innovation, urban-rural income disparity, and agricultural carbon emissions. With technological innovation and urban-rural income disparity as the starting points, the framework analyzes the mediating transmission mechanism of digital financial inclusion on agricultural carbon emission intensity, while simultaneously examining the moderating effects of land management scale and the degree of economic structural transformation on digital financial inclusion. Thirdly, the disparities in resource endowment, geographical differences, economic concentration, and agricultural policy orientation are analyzed to explore the heterogeneous effects of digital financial inclusion across different regions, providing quantitative support for the achievement of regional coordinated development and agricultural carbon emission reduction. It also offers theoretical and practical insights for China and other developing countries in formulating region-specific development policies to reduce carbon emission intensity.
The remainder of this paper is structured as follows: Section 2 provides a theoretical analysis of digital financial inclusion and agricultural carbon emission intensity, followed by the formulation of research hypotheses. Section 3 discusses the principles of unbiasedness in dual machine learning, as well as data explanation and processing. Section 4 presents an in-depth discussion of the empirical analysis results, encompassing robustness tests, mechanism analysis, and an exploration of heterogeneity. Section 5 wraps up with the study’s conclusions and offers policy recommendations.
2 THEORETICAL MECHANISMS AND RESEARCH HYPOTHESIS
In the agricultural sector, inefficient and carbon-intensive farming practices amplify negative externalities and exacerbate carbon emissions, whereas science-based, precision-oriented production strategies create positive externalities and contribute to reducing the intensity of agricultural carbon emissions (Bai and Jia, 2024; Wei et al., 2024). Digital inclusive finance enhances resource utilization efficiency and promotes green total factor productivity, thereby directly contributing to the reduction of agricultural carbon emissions (Zhao et al., 2023). In addition, digital inclusive finance can reduce transaction costs and lower financial service thresholds in four ways: overcoming time and space constraints, improving the efficiency of rural financial services, increasing expected returns, and lowering the threshold for agricultural financing (Zhang G. et al., 2024; Shen et al., 2024; Li et al., 2024). This, in turn, enhances resource allocation efficiency in agricultural production. Furthermore, digital inclusive finance can expand farmers’ financing options through its digital capabilities (Chen et al., 2023), and can alleviate the “long-tail” challenge faced by rural residents (Zhou and Zhou, 2024). Facilitating the shift toward a greener and more sustainable production model, advocating for sustainable techniques and minimizing carbon emissions in agricultural operations, thereby lowering the intensity of agricultural carbon emissions. Based on the analyses discussed, this study introduces Hypothesis 1.
H1. The development of digital inclusive finance can reduce agricultural carbon emission intensity.
Enabled by mobile communication and information integration technologies, digital inclusive finance can fully harness the advantages of green finance, thereby promoting the adoption and implementation of low-carbon technologies in agriculture (Sun and Zhang, 2023). On the one hand, the traditional financial sector has long neglected the financial demands of rural communities and farmers, which has impeded agricultural technological innovation and the introduction and development of new crop varieties (Zhao X. et al., 2024). Moreover, advancements in agricultural technology not only improve regional carbon emission reduction efficiency but also generate demonstration effects that encourage neighboring regions to adopt advanced mitigation technologies, thereby contributing to a broader reduction in agricultural carbon emission intensity (Yang H. et al., 2022). On the other hand, digital financial inclusion can promote clean agricultural production by facilitating the adoption of green technologies, thereby contributing to carbon emission reduction (Yang Y. et al., 2022). Specifically, it can drive technological innovation, optimize the allocation of agricultural resources, reshape the energy structure, and enhance the efficiency of carbon-intensive inputs such as pesticides, fertilizers, and agricultural films (Hu et al., 2024; Liu et al., 2021). Simultaneously, it facilitates the structural transformation of the agricultural sector by reducing the proportion of high-carbon emission production (Shen and Zhang, 2024) and enhances carbon production efficiency per unit. Building on the analyses presented above, this paper puts forward Hypothesis 2.
H2. Financial inclusion reduces agricultural carbon intensity through regional technological and scientific innovations.
Agricultural production is characterized by long growth cycles, high climate dependency, slow capital turnover, and low return on investment. As a result, agricultural development requires not only special fiscal subsidies but also needs corresponding financial policy support to address persistent financing constraints (Zhang X. et al., 2022; Zhang Y. et al., 2024). Profit-oriented traditional financial institutions often marginalize vulnerable groups, including farmers, which decreases their access to financial services (Zhang and Chen, 2022). Financing constraints are common in rural areas, posing additional barriers to the transition of agricultural production methods toward low-carbon practices (Lin and Zhang, 2019). With financial backing, farmers can lower agricultural carbon emission intensity associated with agriculture by advancing the mechanization of agricultural production, optimizing crop cultivation patterns, and realizing economies of scale by shifting from fragmented to integrated operations (Zhang and Lu, 2023). Compared with the conventional financial system, digital inclusive finance supported by information technology is highly inclusive and convenient, significantly reducing the cost of financial services and rapidly expanding the service area. This facilitates access to financial resources for rural residents (He and Yang, 2021), it promotes economic development, decreases the urban-rural income gap, reduces financial risks for farmers adopting green production technologies, all while lowering agricultural carbon emission intensity. On the basis of the above analyses, this paper presents Hypothesis 3.
H3. Inclusive finance reduces agricultural carbon intensity by narrowing the rural-urban income gap.
Variations in regional economic development act as critical contextual factors that influence the effectiveness of financial inclusion. Regions undergoing substantial economic transformation typically experience a more significant influence of digital financial inclusion in minimizing agricultural carbon emissions (Gao et al., 2024). Digital inclusive finance plays a pivotal role promoting the development of digital villages, providing widespread coverage, high utilization, and advanced digitization in regions with greater economic development. In contrast, this impact is less pronounced in areas with diminished economic growth (Wen et al., 2024; Chen M. et al., 2024; Chen et al., 2024b; Chen et al., 2024c). Moreover, economic transformation promotes the growth of novel technology and managerial frameworks, enhances the efficiency of resource integration and utilization, and decreases carbon emission intensity (Zhang and Li, 2023). Furthermore, some studies have identified a notable spatial correlation between digital financial inclusion and the scale of land operations (Chen et al., 2023). The decentralized and small-scale characteristics of agricultural production remain significant constraints on fully leveraging the potential of digital financial inclusion. In contrast, moderate-scale operations can amplify the impact of digital financial inclusion in agricultural services (Wang and Qiu, 2024). These operations enhance productivity, enhances unit carbon productivity, and advance the green development of agriculture (Chen et al., 2023; Luo and Wei, 2023). Building on the above discussion, the following hypotheses are proposed.
H4. Both the degree of economic transformation and the scale of land operation enhance the effectiveness of financial inclusion in reducing the carbon intensity of agriculture.
Based on the analysis of the above theoretical mechanisms, it can be concluded that the inclusiveness of digital inclusive finance is the integration of traditional financial services and modern technology, by leveraging China’s advanced network infrastructure and mobile payment systems, improving the efficiency of rural financial services, reducing the cost of agricultural financing, optimizes resource allocation, and directly reduces the intensity of agricultural carbon emissions. Simultaneously, it mitigates carbon emission intensity by fostering scientific and technological innovation and narrowing the income gap between urban and rural areas. Furthermore, the degree of economic transformation and the scale of land management positively moderate the reduction of agricultural carbon emission intensity. The detailed mechanism of this influence is illustrated in Figure 1.
[image: Figure 1]FIGURE 1 | Theoretical framework for the impact of digital financial inclusion on agricultural carbon emissions.
3 RESEARCH DESIGN
3.1 Double machine learning model specification
This paper aims to examine the impact of the financial inclusion on carbon emission intensity of agricultural. Traditional econometric models for causal inference present various limitations. For instance, the synthetic control method can be used to create a counterfactual control group, but it is ineffective if the treatment group contains large ‘outliers’ or extreme value characteristics. Although regression discontinuity design (RDD) addresses control group issues more effectively, its robustness diminishes substantially as bandwidth increases. To overcome these challenges, a growing number of researchers have begun integrating machine learning techniques into causal inference within the field of economics (Chernozhukov et al., 2018; Athey et al., 2019; Knittel and Stolper, 2021).
Current international academic research on machine learning primarily falls into two categories. The first focuses on the application of dual machine learning models, with an emphasis on analyzing causal mechanisms, mediating effects, and robustness across various economic contexts (Zhang Y. et al., 2022; Yang et al., 2020; Farbmacher et al., 2022). The second examines the theoretical foundations and algorithmic principles of dual machine learning algorithms. Some scholars have improved the estimation of robust standard errors in dual clustering by employing multidirectional cross-fitting, refining the dual machine learning method for application to multidirectional clustered data and significantly enhancing the robustness and validity of estimations (Chiang et al., 2022). In addition, some researchers have innovatively integrated the dual machine learning model with dynamic analysis in an innovative manner, using weighted estimation to calculate the dynamic disposition effect, offering important theoretical support for panel data analysis (Bodory et al., 2022). Domestic research on dual machine learning remains in its early stages, with limited large-scale empirical studies. Notable studies include those by Mayra and Xie (2024) and Zhou et al. (2024), whose findings underscore the model’s practicality and advantages.
As a cutting-edge methodological approach, dual machine learning effectively addresses key challenges such as high-dimensional variable control and model specification bias, and it consistently outperforms traditional econometric models in terms of model fitting and analytical capacity. Agricultural carbon intensity is a multifaceted variable influenced by various determinants, such as government policy intervention, low-carbon technology adoption costs, and shifts in industrial structure. Controlling for the influence of these confounding factors is essential. Traditional models struggle with handling a large number of predictor variables and complex functional forms (Gu et al., 2020), and are prone to multicollinearity and weak out-of-sample predictive ability when dealing with high-dimensional control variables. By employing various machine learning algorithms and regularization techniques to effectively manage (Chen, Y., et al., 2022), extract and analyze data features, and uncover hidden relationships in large, high-dimensional, and complex economic data (Leippold et al., 2022). This not only addresses the ‘curse of dimensionality’ resulting from variable redundancy but also reduces estimation bias stemming from an insufficient number of key control variables (Tao and Guo, 2023). Furthermore, in the process of economic structural transformation and growth, non-linear relationships frequently arise (Tao and Guo, 2023; Liu, J. et al., 2023), and the strength of dual machine learning in managing non-linear data can effectively mitigate the issue of misspecification in traditional econometric models and enhance the robustness of the results (Yang et al., 2020). Moreover, dual machine learning features superior Neyman orthogonality, which ensures the unbiasedness of the treatment effect estimate in limited sample sizes. On this foundation, the partially linear dual machine learning model operates as follows:
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Equation 1 the main regression equation, [image: image] is the region, [image: image] is the year; [image: image] is the carbon emissions from agriculture; [image: image] as the core explanatory variable digital financial inclusion index. [image: image] represents the matrix of influencing factors across various dimensions, [image: image] is the model error term, [image: image]. Equation 2 is an auxiliary regression equation for the coefficient of disposal, [image: image] is a matrix of high-dimensional variables representing the factors influencing the treatment effect coefficients, [image: image] is the auxiliary equation error term, [image: image].
The process is as follows: first, the auxiliary equation [image: image] is estimated using a machine learning algorithm, and the residuals are adjusted to obtain [image: image]; Second, the machine learning algorithm is again used to estimate the master equation [image: image], Similarly, [image: image] is constructed. Third, regressing [image: image] as an instrumental variable for [image: image], i.e., using the main equation with the residual term of the auxiliary equation again, yields the following unbiased estimate of [image: image] (Equation 3).
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Similarly, Equation 4 can again be approximated as:
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Where, [image: image],a normal distribution with a mean of 0 is satisfied, and estimation is performed using two rounds of machine learning algorithms. The overall rate of convergence of [image: image] depends on the rate of convergence from [image: image] to [image: image] and from [image: image] to [image: image], which can be collectively denoted as [image: image], [image: image] converges to zero more rapidly, the unbiased estimator for [image: image] is obtained.
3.2 Variable setting and selection
3.2.1 Dependent variable
This study focuses on the plantation sector, with the agricultural carbon emission intensity calculated based on the methodology proposed by Ji et al. (2023). Two primary criteria are used to evaluate the intensity of agricultural carbon emissions: (1) carbon emissions from agricultural input consumption, with specific carbon sources detailed in Table 1; and (2) the correlation coefficients related to agricultural carbon emissions from machine harvesting, land turning, and irrigation operations during crop growth. These coefficients are primarily drawn from the research conducted by the School of Biological and Agricultural Engineering at China Agricultural University and from Norse (2012).
TABLE 1 | Sources of agricultural carbon emissions and emission coefficients.
[image: Table 1]In light of this, the following Equation 5 is used to determine the study’s carbon emission intensity:
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Where, [image: image] is the sum of carbon emissions; [image: image] is the carbon emissions generated by the [image: image] th production factor; [image: image] indicates the application amount of the [image: image] th factor; [image: image] indicates the corresponding carbon emission coefficient of the [image: image] th factor, and the detailed carbon emission data are shown in Table 1. The data of agricultural carbon emission intensity is calculated based on the following Equation 6:
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The carbon intensity of the agricultural sector in Province [image: image] is denoted by [image: image]; the total carbon emissions from the agricultural sector in Province [image: image] is denoted by [image: image]; and the total output value of the agricultural sector in Province [image: image] is denoted by [image: image].
3.2.2 Core explanatory variable
Digital Inclusive Finance (lnif): This denotes the creation of a financial service system that leverages digital technology and mobile internet to improve underprivileged and underserved communities’ access to financial services. The advancement of this model is assessed through a comprehensive evaluation of the breadth of coverage (Lncb), depth of use (Lnud), and the level of digitalization (Lndl) in financial services. The dataset, which was released jointly by Ant Group and Peking University’s Financial Research Centre, covers the years 2011–2021. However, no detailed analysis or measurement is provided for periods available beyond this timeframe. In their foundational study on the compilation of the digital inclusive finance index, Guo et al. (2024) explore the essential features of digital inclusive finance. They argue that the core indicators of the breadth of digital financial coverage lie in the number of payment platforms and the degree to which banks enable card binding. The scale of financial institutions’ expansion affects residents’ access to third-party payment platforms and the convenience of bank card bundling, which are closely associated with the depth dimension of digital inclusive financial development. The degree of digital development is primarily determined by the prevalence of mobile payments, which in turn depends on Internet and telephone penetration. Therefore, this variable is a reasonable proxy for the digital development of digital inclusive finance between 2000 and 2010. The depth of digital financial inclusion consists mainly of payment and credit services, which are primarily realized through deposits and loans in financial institutions. Thus, changes in deposits and loans are appropriate proxies for the depth of digital financial inclusion during this period, capturing the relevant characteristics of its evolution. To extend the study period, this paper uses three proxies—Internet and telephone penetration rates, the quantity of financial institutions and the extent of financial growth (assessed by the ratio of loans and deposits to local GDP), serves as indicators of the degree of digital development, as well as the scope and depth of financial inclusion in each province during the period from 2000 to 2010. The data for each province and city for all years is completed using the same methodology as that applied for the 2011–2021 period, this method enables the creation of a comprehensive dataset to assess the degree of digital financial inclusion.
To further examine the spatiotemporal dynamics changes in carbon emission intensity and digital financial inclusion across space and time in China’s provinces, ArcGIS 10.8 software was used to apply the breakpoint method. China’s digital financial inclusion index and agricultural carbon emission intensity were classified into five levels, as visualized in Figure 2. Based on the four time points selected between 2000 and 2021, it is observed that annual agricultural carbon emission intensity is negatively correlated with digital financial inclusion. As digital financial inclusion advances, overall carbon emission intensity demonstrates a noticeable downward trend. From a spatial perspective, agricultural carbon emission intensity and digital financial inclusion exhibit strong spatial heterogeneity. This is because China’s coastal areas, through industrial and technological upgrading, have significantly increased output value while reducing carbon emission intensity. With the continuous expansion of digital financial inclusion, its influence has gradually extended from the coast to the inland regions. From a temporal perspective, the carbon emission intensity across provinces has declined at varying rates, a change that aligns with the development trajectory of the digital economy.
[image: Figure 2]FIGURE 2 | Spatial and temporal trends in agricultural carbon emission intensity and digital financial inclusion.
3.2.3 Control variables
Agricultural carbon emission intensity is affected by a wide range of factors. Traditional research has primarily focuses on economic volume (Shen and Li, 2023), environmental inputs (Fan, 2022), and the educational background of agricultural practitioners (Cheng et al., 2016). While these control variables can partially mitigate the impact of related factors, they are often insufficient for comprehensive analysis. To more accurately account for the determinants of agricultural carbon emission intensity, this study incorporates control variables across seven key dimensions: climate, economic scale, mechanization degree, industrial institutions, urban-rural gap, human resource level, and financial inputs, to analyze the factors influencing agricultural carbon emission intensity more accurately. Considering the research objectives and data availability, the detailed selection and definitions of control variables are presented below.
Agricultural industry structure (is) is defined as the ratio of the output value of the plantation industry to the total output value of the agriculture, forestry, animal husbandry, and fishery industries. Rural education level (edu) is expressed as the percentage of the rural labor force with high school education and above. The level of agricultural economic development (el) is measured by per capita agricultural output at comparable prices. Natural disaster level (dl) is expressed as the incidence rate of natural disasters affecting crops. The level of public investment in agriculture (gl) is measured by the proportion of local government expenditure on agriculture, forestry, and water conservancy relative to total fiscal expenditure. The degree of agricultural openness (ow) is expressed as the ratio of total agricultural imports (adjusted by the RMB-USD exchange rate) to total agricultural output. The degree of development of agricultural modernization (kw) is measured by the level of agricultural machinery power per unit of planting area. Rural labor outflow (lnwl) is represented by the difference between the total number of people employed in the countryside and the number of people employed in the primary industry (in 10,000 people). Consumption level (lnconsumption) is represented by local per capita consumption expenditure. Industrial structure (fir_ratio) is expressed as the percentage added of the primary industry as a proportion of the gross regional product (GRP). Agricultural industry aggregation (agglomeration) is represented by the ratio of local agricultural GDP to local GDP, relative to the national ratio of agricultural GDP to national GDP. Environmental regulation (envir_finance) is represented by environmental protection expenditure as a share of total budgetary expenditure. All quadratic terms of the control variables in this study are constructed by squaring of each individual variable.
3.2.4 Mechanism variables
Mediating variable: Development of science, technology, and innovation (lnip). The level of scientific and technological development in each province and city is measured by the number of granted invention patents. The urban-rural income gap is calculated using Theil’s index (Theil), following the method outlined by Theil (1967), with the calculation process shown in Equation 7.
[image: image]
Where [image: image] is the Theil index, [image: image] is the population of region [image: image], [image: image] is the total population, [image: image] is the income of region i,and [image: image] is the total income.
Moderating variables: Economic transformation (Economic_trans), measured as the ratio of the total value of the tertiary sector to the total value of the secondary sector. The scale of agricultural operations (scale), measured as the ratio of the area sown to the agricultural labor force.
3.3 Data
The data used to quantify agricultural carbon emissions in this study were obtained by the China Statistical Yearbook (2001–2022), China Agricultural Statistics (2001–2022), China Agricultural Yearbook (2001–2022). The financial inclusion data come from Provincial Digital Financial Inclusion Index (2011–2021). Data on invention patents are compiled from the Annual Report of the State Intellectual Property Office. The number of migrant workers is calculated using data from the China Population Statistical Yearbook and the China Rural Statistical Yearbook. Other control variables are sourced from the National Bureau of Statistics, the Provincial Statistical Yearbook, and the China Rural Management Statistical Yearbook. Linear interpolation was employed to rectify missing data, ensuring the sample’s consistency and the study’s temporal scope. The descriptive statistics for all variables are shown in Table 2.
TABLE 2 | Descriptive statistics of the data.
[image: Table 2]4 EMPIRICAL ANALYSIS
4.1 Baseline analysis
This study adopts a double machine learning model partitioning the samples in a 1:4 ratio, and applies the support vector machine (SVM) algorithm for estimation. Is employed to cross-validate the predictive solutions for both the main and auxiliary equations. The full sample regression results are shown in Table 3, Columns (1)–(3) correspond to the inclusion of the primary control variable, adjustments for time and spatial effects, and the secondary controlled variable, correspondingly. The findings show that the regression coefficients are both negative and statistically significant at the 1% level, suggesting which the advancement of digital inclusive finance significantly reduces agricultural carbon emission intensity. These findings provide empirical support for Hypothesis 1. Building on model (1), the explanatory variables are replaced with two mechanism variables: the level of regional innovation (Lnip) and the urban-rural income disparity (LnTheil), when accounting for the linear and quadratic components of the other variables, correspondingly The regression results are presented in (4)–(7), which indicate that inclusive finance fosters regional innovation and contributes to reducing the urban-rural income gap, and all regression coefficients being significant at the 5% level.
TABLE 3 | Results of the baseline analysis.
[image: Table 3]4.2 Robustness check
In verifying the robustness of the findings, this paper examines two dimensions: the sample and the machine learning algorithm,. Sample-based robustness is tested by reconfiguring the sample space, removing outliers, and controlling for contemporaneous policy effects. Robustness of the machine learning algorithm is assessed by adjusting the cross-validation folds and substituting the algorithm. These procedures help mitigate the influence of sample and algorithm variations during the machine learning process on the study results and ensure the robustness of the findings.
4.2.1 Adjust sample interval
Given the substantial discrepancies in data collection among Chinese provinces and municipalities, including all provinces for regression analyses could introduce estimation bias. Therefore, the sample sizes of some explanatory variables varies due to missing data. To ensure the consistency key explanatory variables, the analyses use time horizons of 2005–2021 and 2011–2021 to further validate the robustness of the results under the sub-samples. Specifically, the results in column (1) of Table 4 show that after adjusting the time range of some samples, the financial inclusion index remains significantly negatively correlated with agricultural carbon emission intensity at the 1% significance level, indicating that the development of financial inclusion continues to reduce the intensity of agricultural carbon emissions and verifies the robustness of the results. Furthermore, the results in the table show that the regression coefficient increases in absolute value from −0.078 to −0.145 in post 2010 sample, suggesting that the effect of financial inclusion on agricultural carbon emissions has become more pronounced as China transitions to high-quality economic development.
TABLE 4 | Sample adjustment and parallel policy robustness tests.
[image: Table 4]4.2.2 Remove outlier effects
In this study, to ensure the robustness of the results and minimize the impact of outliers on model estimation, extreme values in the year and province variables were treated by excluding data points outside the 1st and 99th percentiles, as well as the 5th and 95th percentiles. After this robustness treatment, the dual machine learning analysis was rerun to further verify the model’s robustness. This approach not only enhances the credibility of the findings, but also provides a solid foundation for future research to more accurately assess variable relationships and draw reliable conclusions. The detailed regression results, as presented in Table 4 (2), reveal that after removing some provincial outliers, the results from the double machine learning analysis stays in considerably negative at the 1%, showing minimal deviation compared to the baseline results. The removal of outliers does not substantially influence the findings of this article, thereby affirming robustness and reliability of the outcomes.
4.2.3 Control for parallel policy effects
Minimizing the influence of concurrent environmental policies and ensuring accurate estimation of policy effects are crucial when assessing the relationship between financial inclusion and carbon intensity. After 2015, the State Council launched the Comprehensive Reform Programme for the Ecological Civilization System to explore new avenues for green development and promote the construction of a green ecological civilization in China. Subsequently, beginning in 2018, environmental protection tax policies were gradually introduced to guide the environmental transformation of China’s economy. In response, this study constructs policy dummy variables for ‘ecological civilization’ (Tech) and ‘environmental protection tax’ (envir_tax) for model analysis. The results, excluding the impact of other policies, are presented in Table 4 (3). The findings indicate that after controlling for the effects for one or two parallel policies during the same timeframe, the financial inclusion regression coefficient remains at −0.052 and is statistically significant relationship at 1% level, which is closely aligned with the baseline regression outcomes.
4.2.4 Reset double machine learning model
The robustness of the findings in this study was comprehensively evaluated by varying the number of cross-validation folds and applying multiple machine learning algorithms. This approach reduces dependence on specific algorithmic configurations while enhancing the study’s reliability and generalizability. Adjusting the sample splitting ratio directly affects the model’s generalization capability and predictive accuracy, while increasing the number of sample folds helps reduce sensitivity to particular training sets and improves prediction performance on new data. Furthermore, comparing the performance of different algorithms on the same dataset. Further validates the robustness of the findings from multiple perspectives, assesses the effectiveness of algorithms in addressing a specific problem, and guides further adjustments or optimizations. This multi-faceted approach not only minimizes overreliance on a single algorithmic setup but also strengthens the credibility and validity of the research findings through validation from multiple perspectives. Thus, using different folds for cross-fitting can significantly impact the machine learning analysis results. By changing the ratio from the previous 1:4 to 1:2, 1:3, 1:5, and 1:6, resulting in Kfolds = 3, Kfolds = 4, Kfolds = 6, and Kfolds = 7, respectively, the analysis results, as presented in Table 5, indicate that the coefficient for the digital financial inclusion index remains significantly negative at the 1% level, consistently demonstrating its substantial mitigating effect on agricultural carbon emission intensity.
TABLE 5 | Reliability check by varying sample division ratios.
[image: Table 5]Avoiding computational bias from a single machine learning algorithm in the regression results, the support vector machine algorithm was replaced with gradient descent (GradBoost), Random forest (Rf), and integrated machine learning (Ensemble learning), which combines the three algorithms for validation. Respectively. The new machine learning algorithms were used to conduct residual cross-validation of the main and auxiliary equations. Table 6 outlines the relationship between financial inclusion and the intensity of agriculture carbon emissions. Study’s findings point to a strong negative relationship observed across all three machine learning approaches at the 1% level, almost indistinguishable from the benchmark regression findings, thereby reinforcing the robustness and credibility of the model estimates.
TABLE 6 | Evaluation of machine learning algorithm modifications.
[image: Table 6]4.3 Mechanism check
4.3.1 Mediation effect check
This section employs the Bootstrap-Sgmediation2 method (Preacher and Hayes, 2008) command to conduct a causal mediation effect analysis, with bootstrap replications configured to 500 and 1,000 to ensure the robustness of the results.
4.3.1.1 Enhance regional technological innovation
To examine how inclusive finance influences regional scientific and technological innovation, subsequently reducing agricultural carbon emission intensity. This present research utilizes the count of innovative inventions per province as a key metric to assess the level of scientific and technological innovation across different regions. The results show that both direct and indirect effects are negative and statistically significant at the 1% level, indicating that financial inclusion reduces agricultural carbon emission intensity through the regional scientific and technological innovation channel. This provides strong empirical support for Hypothesis H2.
4.3.1.2 Reduce urban-rural income gap
This study further explores the mechanism through which inclusive finance reduces agricultural carbon emission intensity by addressing the urban-rural income disparity. To quantify this gap, the Thiel index is calculated, incorporating variables such as urban-rural income, population, and other relevant factors. The regression results, presented in Table 7, indicate that both the indirect and direct effects of financial inclusion mediated by the urban-rural income gap on agricultural carbon emissions are significantly negative at the 1% level. These findings suggest that urban-rural income gap serves as a transmission mechanism, thus confirming Hypothesis H3.
TABLE 7 | Mediation effect test.
[image: Table 7]4.3.2 Moderation effect check
4.3.2.1 Analysis of the moderating effect of economic transition degree
To evaluate the moderating effect of economic transformation on financial inclusion. An interaction term between economic transformation and financial inclusion is constructed, and the results from three machine learning models, presented in Table 8 (1), indicate that all moderating effects are substantial and unfavorable at the 1% level. This implies that economic transformation amplifies the impact of financial inclusion in reducing agricultural carbon emission intensity, thereby validating Hypothesis H4.
TABLE 8 | Moderation effect analysis.
[image: Table 8]4.3.2.2 Analysis of the moderating effect of land management scale
Analyzing the moderating effect of land operation scale on the relationship between financial inclusion and agricultural carbon emissions. This proxy is used to construct an interaction term between land management scale and financial inclusion, which is subsequently integrated into the regression analysis, producing the findings displayed in Table 8 (2). Analysis of data utilizing three machine learning methods indicates that the interaction term between land scale and financial inclusion is strongly negative at the 1% level. This finding provides strong empirical support for Hypothesis H4, confirming that land operation scale enhances the carbon-reducing impact of financial inclusion.
4.4 Heterogeneity analysis
4.4.1 Resource endowment
The “Hu Huanyong Line,” proposed by Chinese geographer Hu Huanyong in 1935, delineates to outline the demographic landscape of China. It also approximately corresponds to the 400 mm precipitation isohyet that demarcates the semi-humid and semi-arid regions of the country. The group regression results presented in Table 9 indicate which the regression coefficient for the regions located east of the Hu Huanyong Line is negative and statistically significant at the 1% level. In unequivocal words, this coefficient exceeds the entire sample regression values, signifying that the effect of financial inclusion on reducing agricultural carbon emission intensity is more pronounced in regions situated east of the Hu Huanyong Line.
TABLE 9 | Heterogeneity analysis of provinces on either side of the hu huanyong line.
[image: Table 9]4.4.2 Geographic location
Due to the high share of maritime transport in international trade, and China’s reform and opening-up policy, which progressed from the coast to the rivers and then to the interior, the coastal region possesses unique distinct geographic advantages3. The coastal heterogeneity study denotes that this coefficients for coastal regions are notably negative at the 1% level, as shown in Table 10, Findings suggest that financial inclusion in coastal locations exerts a more significant influence on diminishing agricultural carbon emission intensity, as evidenced by a larger absolute value compared to the full-sample analysis. Similarly, the regression results for non-coastal regions are significantly negative at the 1% level, indicating that financial inclusion in these areas also results in a reduction of agricultural carbon emission intensity.
TABLE 10 | Geographic location heterogeneity analysis.
[image: Table 10]4.4.3 Economic concentration
Stimulating regional economic development, China has considered the unique characteristics of each region, forming five major economic zones: Guangdong-Hong Kong-Macao, Beijing-Tianjin-Hebei, the central Yangtze River region, the Yangtze River Delta, and Chengdu-Chongqing, each customized to local circumstances4, the region exhibits a high degree of integration in financial resources, information infrastructure, and modern transportation systems. Thus, a heterogeneity analysis was performed based on whether the sample was located within an economic zone. The regression results in Table 11 shows the regression results for samples within economic zones demonstrated significance at the 1% level, with the absolute value notably exceeding those of the non-economic zone samples.
TABLE 11 | Economic concentration heterogeneity analysis.
[image: Table 11]5 RESEARCH FINDINGS AND POLICY RECOMMENDATIONS
This study focuses on digital inclusive finance and assesses agricultural carbon emission intensity in 31 provinces and cities in China from 2000 to 2021. An empirical analysis employing a dual machine learning framework indicates that inclusive finance significantly reduces agricultural carbon emission intensity and mitigates it through two mediating channels: regional scientific and technological innovation and the urban-rural income gap. In addition, the degree of economic transformation and the scale of land management are found to positively moderate the core explanatory variables. Further analysis reveals significant heterogeneity in resource endowment, geographic location, economic concentration, and production area positioning. Economically advantaged regions are more capable of mobilizing capital, talent, and technology to leverage financial inclusion and reduce agricultural carbon emissions. Conversely, disadvantaged regions face limitations in the effectiveness of financial inclusion due to resource constraints and other factors, which can even negate its impact.
Drawing from the study’s conclusions, the following policy recommendations are proposed. Firstly, efforts should be made to accelerate the development of digital financial inclusion, promoting expansion of financial institutions into more remote and less developed rural areas. Collaborate with local governments to streamline the financing approval process, facilitating farmers’ access to agricultural production capital more efficiently. The state should incentivize local governments to strategically plan and invest in broadband network infrastructure and provide targeted policy preferences for central and western regions, toward advanced digital platforms, including 5G, big data, and cloud computing. Given the disparities between eastern and western China, network infrastructure development should align with local application needs to ensure that farmers can quickly grasp market demand for green agricultural products and enhance the efficiency of digital financial inclusion. Additionally, the central government should emphasize the significance of rural finance through policy incentives and top-level design, establishing a well-functioning cycle of rural and inclusive finance to help reduce the intensity of agricultural carbon emissions intensity.
Secondly, local governments should enhance support for technological innovation by strengthening policy guidance and improving incentives mechanisms. This will accelerate the formation of technological innovation clusters and achieve high-quality agricultural development through technological advancements. Pursuing a low-carbon and green agricultural development path requires both strengthening agricultural technology development and optimizing the industrial structure to establish a systematic emission reduction framework. In this process, local government should actively formulate policies to promote technological progress while focusing on the efficient allocation of green agricultural technology resources. Moreover, integrating green agricultural technology with structural adjustments will ensure the complementary advantages of various emission reduction pathways. By leveraging local resource endowments, the government can contribute to building a comprehensive and sustainable emission reduction system, fostering sustainable agricultural development.
Thirdly, to reduce the income gap between urban and rural areas, urban employment service agencies and enterprises should prioritize professional skills training for farmers, establish platforms to promote urban-rural employment collaboration, and enhance farmers’ capacity to adopt new technologies and ideas. At the same time, addressing regional disparities in digital financial infrastructure and expanding the reach of digital inclusive finance can support the integrated development of rural industries will effectively cultivate and enhance farmers’ digital financial literacy. Additionally, improving the efficiency of digital inclusive financial services in rural areas will help narrow both the urban-rural gap and the ‘digital divide’ by alleviating spatial mismatches in regional digital economic development. This approach can also will also prevent excessive rural labor outflows, which could results in increased dependence on chemical fertilizers and other inputs. By improving local capacity and retaining labor, digital inclusive finance can play a vital role in supporting agricultural carbon emission reduction efforts.
Fourthly, economic transformation and large-scale land management should be strategically promoted according to local conditions to support low-carbon agricultural development. On the one hand, local governments should advance economic transformation by increasing investment in tertiary digital infrastructure, expanding Internet access in rural areas, and reducing digital connectivity costs to enhance farmers’ access to information. These efforts will help reduce the carbon intensity agriculture in the context of digital financial inclusion. On the other hand, promoting large-scale agricultural operations and optimizing the allocation of agricultural inputs are crucial for sustainable development. Strengthening the land transfer management systems and increasing agricultural land transfer subsidies will ensure institutional guarantees for scaling up operations. Furthermore, improving the dissemination and adoption of advanced agricultural technologies will maximize their efficiency benefits and carbon reduction potential. Integrating these technologies with the training of new-generation professional farmers will further contribute to achieving the “double carbon” goal.
DATA AVAILABILITY STATEMENT
The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.
AUTHOR CONTRIBUTIONS
FZ: Conceptualization, Funding acquisition, Supervision, Writing – review and editing. SC: Project administration, Validation, Writing – original draft. XW: Data curation, Formal Analysis, Writing – original draft.
FUNDING
The author(s) declare that financial support was received for the research and/or publication of this article. This work is part of the research accomplishments of the project supported by the National Natural Science Foundation of China (72373146), the General Project of the National Social Science Foundation of China (21BJY131), the 2023 Bidding Project of the Institute of Planning and Design, Ministry of Agriculture and Rural Affairs (XCZYZDKT-20230101), the Fundamental Research Funds for Central Public Welfare Research Institutes (16100520240016), and the Science and Technology Innovation Project Grant of Chinese Academy of Agricultural Sciences (10-IAED-01–2024).
GENERATIVE AI STATEMENT
The author(s) declare that no Generative AI was used in the creation of this manuscript.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
FOOTNOTES
1Data calculated by the National Statistical Office, https://data.stats.gov.cn/easyquery.htm?cn=C01.
2Data from the National Bureau of Statistics of China and the Food and Agriculture Organisation of the United Nations (FAO), https://data.stats.gov.cn/easyquery.htm?cn=C01和https://www.fao.org/faostat/zh/#data/RFM.
3Coastal provinces were among the first to benefit from China’s reform and opening-up policies. Their strategic geographic location facilitated the formation of a locational advantage. The coastal regions were also the first in China to participate in the international division of labor and manufacturing relocation, giving them a first-mover advantage.
4Covering an area of 1,138,100 square kilometers and housing a population of 703 million, these economic regions account for 62.57% of the national economy, despite comprising only 11.86% of the country’s total land area. The five economic circles are prominent in science and technology innovation, hosting 107 double first-class universities, which represent 71.8% of the national total. Beijing, Shanghai, Shenzhen, and Hangzhou collectively represent 82% of the total unicorns in the country.
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