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Abstract

:

The existing literature on FinTech and green finance has primarily focused on exploring sustainable economic and environmental benefits. However, empirical research examining the effect of FinTech on green finance remains underexplored. In light of the advantageous position of green credit in the development of green finance in China, this study analyzes the impact of FinTech on green credit development using polluting listed firms in 2012–2021. The results show that FinTech significantly improves the development of green credit, affecting it through two crucial mechanisms: information asymmetry and green credit allocation efficiency. Additionally, heterogeneity analysis reveals that FinTech has a more significant impact on regions with higher government environmental objectives, small-to-medium enterprises with low carbon emissions, and firms with high external ESG (Environment, Social, and Governance) scores. Overall, our findings indicate that financial institutions should be committed to leveraging FinTech for the pre-loan investigation of green credit, and policymakers should encourage the development of FinTech in order to perfect environmental information disclosure policies to establish environmental information-sharing platforms.
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1. Introduction


Financial support from the banking sector plays an essential role in the sustainable development of China’s green economy [1]. In the process of transforming China’s economic structure, economic growth in pursuit of short-term gains has caused significant environmental pollution, which has hindered future economic development. Ecological civilization and environment-friendly development have become principles of high-quality economic development [2]. Therefore, the government could determine how to rationally allocate funds to enterprises in need while maintaining a sustainable green economy. In 2007, with the announcement of the “Opinions on Implementing Environmental Protection Policies and Regulations to Prevent Credit Risks” in China, the government first proposed the concept of “green credit” with the aim of directing green funds to environmentally friendly enterprises. Green credit, as an important part of sustainable financing or environmental financing in China, mainly refers to loans issued by financial institutions to enterprises for investment in green environmental protection, clean energy, circular economy, infrastructure and green upgrading, and services of traditional industries. The main purpose of green credit is to restrict the provision of financing to enterprises with high energy consumption and pollution that do not meet environmental protection standards. Green credit volumes among the major banks in China achieved RMB 9.66 trillion in 2018, according to the China Green Finance Development Report released by the People’s Bank of China in 2018. The onset of green credit started later in China than that in other Western countries. Due to the high requirements for the environmental governance and credit repayments of companies, green credit has a strong screening function. Consequently, green credit has a strong crowding-out effect on high-emission and high-pollution enterprises that cannot meet environmental standards [3].



Green finance requires the data processing technology and decision-making capabilities of FinTech for its development [4]. Additionally, we measure China’s green credit development ratio since 1990 and compare it with the average of FinTech companies at the city level in China since 2000, as shown in Figure 1. The green credit development ratio refers to the ratio of the average credit required for environmental protection projects to the average of total credit. This indicates that the development of FinTech and green credit have maintained an upward trend over the last two decades in China. Therefore, we believe that FinTech and green credit are at a favorable stage of development in China. FinTech includes artificial intelligence, blockchain technology, cloud computing, and data technology, which can be abbreviated as the “ABCD” technologies [5,6]. The banking sector, which has developed FinTech, accelerates the efficiency of pre-loan examinations with an increase in the amount of data and technology. FinTech, which causes information and technology monopolies, has an antagonistic relationship in its utilization. On the one hand, it brings a shock to traditional commercial banks, causing them to lose substantial borrowers and reducing profits from the lending business, called the “competitive effect” [7]. On the other hand, FinTech can perform a “technology spillover effect”, using information technology to create new opportunities for traditional banks and alleviate information asymmetry and low efficiency of loan allocation [8]. However, in China’s financial system, not all FinTech players can obtain a loan license from a strict regulatory body. Thus, the “competitive effect” has little influence on the traditional financial sector. Instead of “competitive effect”, under the “technology spillover effect” FinTech uses its more advanced technology and greater amount of data to empower traditional financial institutions. FinTech can help to reduce information asymmetry and improve credit allocation efficiency. Considering that green credit requires more pre-loan investigation and more diverse data than traditional corporate credit, green credit disrupts the banking sector by information asymmetry [9]. Not all high-emission and high-pollution companies voluntarily disclose their environmental data.



FinTech can make it easier for lenders to allocate capital to qualified companies and to gradually abandon previously burdensome due diligence. However, it can be confusing whether green credit, a more stringent credit to polluting companies, can be affected by FinTech development. Previous research on the impact of FinTech on sustainable development or the green economy as mainly focused on green growth, sustainability, climate change impact, and energy efficiency [10,11,12,13,14,15], as well as the practical application of FinTech to green finance. However, only a few studies have examined the specific impact of FinTech on green lending and its channels at the micro-level. Therefore, this study focuses on research when discussing the impact of FinTech on green credit. It aims to address the following research questions: How and to what extent will FinTech affect green credit development? What factors can influence FinTech’s impact on green credit development? What features of regional governments can make FinTech more powerful in helping develop green credit? Which types of polluting enterprises can benefit more from FinTech when it is applied to green loans?



This paper extend the existing research on the development of FinTech and green credit and makes the following contributions. First, the previous literature has mainly focused on how FinTech or green credit affects sustainable economic or environmental benefits, while ignoring the impact of FinTech on green credit [4,10,11,16]. We investigate the impact of FinTech on green credit and further explore its impact on short-term and long-term green credit. This paper finds that FinTech can positively enhance the development of green credit, especially long-term green credit. Second, we complement the existing research on the impact of FinTech on green credit by examining two relevant mechanisms: information asymmetry and green credit allocation efficiency. We confirm the significant positive effect of reducing information asymmetry on green credit development and ensuring that green credit development can benefit from increasing green credit allocation efficiency. Third, considering that the pre-loan investigation and requirements for enterprises are different between corporate credit and green credit, previous methods used to measure the efficiency of credit allocation are not accurate. We construct an innovative index to measure the efficiency of green credit allocation and use it for mechanism analysis. Fourth, this paper considers the heterogeneous effects of FinTech on different regional environmental targets, firm-level carbon emissions, and ESG scores. Finally, this paper demonstrates that FinTech can better promote green credit in areas with high environmental goals, among SMEs with low carbon emissions, and among firms with high ESG scores.



The remainder of this paper is structured as follows. Section 2 describes the related literature and research hypotheses on how FinTech affects green credit. Section 3 presents the econometric model and data source. Section 4 presents and discusses the empirical results. Finally, Section 5 provides conclusions and implications.




2. Literature Review and Hypotheses


In this section, we introduce related literature and set out four hypotheses related to baseline regression and mechanism analysis to target this research.



2.1. The Impact of FinTech on Green Credit


The emerging literature on FinTech and green credit can be broadly summarized into three main strands: FinTech, green credit, and both FinTech and green credit together.



2.1.1. FinTech


Based on the rapid development of information and communication technology (ICT), FinTech plays a crucial role as a link between finance and technology. It can make an effort in financial activities, as it can support financial institutions, investors, and government efficiency as a promoter. In particular, FinTech can improve the competitiveness and performance of the banking industry [17]. When considering the promotion of sustainable economics enhanced by FinTech, FinTech can support sustainable finance by reducing transaction costs between lenders and borrowers, increasing green capital efficiency, reducing information asymmetries and bank credit risk [11], improving green innovation, and completing green information sharing systems [18]. However, FinTech requires regulations to limit its impact on the financial market [19], especially in developing countries, as many FinTech innovations are still unregulated, such as crowdfunding and peer-to-peer (P2P). Though governments in developing countries are creating an environment conducive to FinTech innovation, it is necessary to ensure sufficient regulation and supervision of these innovations [19,20].




2.1.2. Green Credit


In the previous literature, green credit has been introduced in two aspects, namely, qualitative and quantitative research. In qualitative research, Alexander (2015) and Campiglio (2016) used qualitative methods to explain the advantages of green credit, including the importance of banks in green credit and environmental risk [21,22]. In quantitative research, Li et al. (2022), Caragnano et al. (2020), and Zhang et al. (2021) suggested that green credit can improve sustainable economic growth by upgrading the industry and alleviating environmental pollution by allocating financial resources [23,24,25]. Thus, green credit can bring environmental improvement to society by directly leading funding and affecting an enterprise’s financial performance and financing costs [26,27]. Considering this paper’s focus on the impact of FinTech on companies, our summary of the literature indicates that enterprises may respond differently to green credit. Green credit functions as a financing penalty for polluting enterprises [28]. This may cause constraints on the production of polluting enterprises, as green credit to polluting enterprises may inhibit their investment activities. Small and Medium Enterprises (SMEs) are the main beneficiaries of the green economy, as they tend to in difficulty when they need investment [29]; however, green credit imposes constraints on large enterprises [25].




2.1.3. FinTech and Green Credit


There is limited literature on the relationship between FinTech and green credit. However, the existing research has already stated a number of conclusions in examining the influence of FinTech development on corporate credit, which can be suitable for providing insight into the case of green credit. The literature in this field, which links FinTech and credit, can be summarized as the technological progress aspect and the data collection aspect. From the perspective of technological progress, Fuster et al. (2019) stated that automated credit machines enabled by FinTech can make banks more efficient in pre-loan investigations and achieve flexible changes in borrower requirements [7]. From the perspective of data collection, FinTech can help financial institutions collect business information in pre-loan investigations. For example, digital footprints improve lenders’ understanding of business data, thereby speeding up loan approval [30,31,32]. FinTech can help lenders set new interest rates based on a large amount of information, which helps lenders find qualified lenders and compete with traditional financial institutions. Hauswald and Marquez (2003) and He et al. (2020) built a credit market model related to data. He et al. (2020) stated that FinTech has a technological advantage over traditional banks in the credit market [33,34].



Based on the existing literature, we believe that promoting FinTech will enhance green credit development. Therefore, the following baseline regression hypothesis is developed:



H1. 

FinTech can have a positive impact on the development of green credit.







2.2. Information Asymmetry Mechanism


As information asymmetry is problematic for improving green credit, we set up three mechanisms to study its impact on FinTech for green credit. We hypothesize that FinTech affects green credit through environmental information disclosure, and media and investor attention.



FinTech can promote the identification of green projects and decrease information asymmetry. The Equator Principles (EPs) should be introduced because they are intended to serve as a common baseline for risk management for financial institutions to identify, assess, and manage environmental and social risks. However, in reality, the implementation of EPs will encounter some predicaments, and strictly following the investigation rules will lead to the loss of profitable opportunities [11,12]. The due diligence process for environmentally friendly projects is costly and time consuming [35,36]. As a result, capital seeking high profit leads to financial institutions lacking patience and being unwilling to provide loans for these projects. Banks face information asymmetry problems with regard to green projects, and require FinTech when they intend to sign loan contracts with polluting enterprises [37,38].



Sustainability reporting, such as climate-related reporting and GHG emissions reporting, are crucial for government decision-making and corporate governance; here, we mainly discuss the impact of such reporting requirements on companies [39,40,41]. Environmental information disclosure (EID) is crucial for a company in need of a loan, as competitive advantages gained through a strong positive reputation can manifest themselves in the form of enhanced qualifications [42]. Additionally, Dhaliwal et al. (2014) found that CSR (Corporate social responsibility) disclosure can decrease the cost of equity capital in the banking industry [43]. Therefore, because EID promotes the utility of both lenders and borrowers, EID plays a key role in determining eligibility for green credit. EID can be realized either through “certification” by third parties which evaluate companies’ products, production processes, and management procedures [44], or through “self-reporting” without external verification [45]. Beginning in 2001, China’s polluting listed companies have been required to disclose environmental risks in their initial public offerings (IPOs). In 2010, the “Guidelines for Environmental Information Disclosure of Listed Companies” stipulated that companies should disclose environmental information in a timely manner. We believe that increasing EID can help the issuance of green credit, as it will cost financial institutions less to dig out environmental data.



With the aim of improving green credit, increasing EID will be beneficial to FinTech efficiency and promotion. Therefore, the following hypothesis was developed:



H2A. 

FinTech can improve green credit development through environmental information disclosure.





Information from financial news and financial social media is the main resource used by FinTech companies to predict the eligibility of enterprises to obtain green credit. As a third party that acts as a sensor, media can provide high-quality information and various information resources [46]. Media helps enterprise-specific and commercial information to spread rapidly [47]. Both the ability to obtain market information and its quality determines the decision-making efficiency of market participants [48]. In addition to media focus, investor focus can affect market participants’ decisions [49]. Considering the complementary effect of media focus and investor focus to help FinTech influence financial institutions to provide green loans to qualified enterprises, we propose Hypothesis 2B:



H2B. 

FinTech can improve green credit development through media and investor focus.






2.3. Green Credit Allocation Efficiency Mechanism


In addition to the information asymmetry mechanism, the impact of FinTech’s green credit allocation efficiency mechanism on green credit development deserves consideration. Despite the abundance of research on credit allocation efficiency in the banking industry, the potential role of FinTech in influencing the development of green credit has received little attention. The previous literature has mainly applied non-parametric Data Envelopment Analysis (DEA) to measure credit allocation efficiency, with a few studies applying parametric Stochastic Frontier Analysis (SFA) [50,51,52,53,54]; based on loan data, the non-performing loan ratio and loan-to-deposit ratio have been applied to measure the credit allocation efficiency [55,56]. The DEA and SFA methods are used to estimate production or cost functions in economics, using input and output indicators to measure the weights of indicators and thereby analyze whether the weights meet optimal efficiency. The prior literature has typically used banks’ staffing inputs and pre-credit profits to measure the overall credit efficiency of banks. However, the specific ratio of green credit to individual banks is not fully disclosed in China, which makes it difficult for DEA and SFA methods to accurately measure the efficiency of green credit allocation. Therefore, we use the ratio of economic growth to green credit growth for our measure of green credit allocation efficiency.



The impact of FinTech on credit allocation efficiency has been debated in the past. On the one hand, it has been argued that FinTech has inefficient capital allocation efficiency because it causes competition in the credit market and is caught in an equity efficiency dilemma [54]. On the other hand, it has been argued that FinTech can improve lending cost efficiency and technology, making commercial banks more efficient, thereby reducing bank operating costs, increasing service efficiency, and improving traditional business [57,58]. We believe that promoting FinTech can enhance green credit development by increasing green credit allocation efficiency. Based on the literature, we formulate a hypothesis and test it using the following empirical analysis:



H3. 

FinTech can enhance green credit development by increasing green credit allocation efficiency.





The mechanism hypotheses above are introduced into mechanism design; the framework is shown as Figure 2.





3. Research Methods


This section describes the data sources and empirical design of the study of the impact of FinTech on the development of green credit.



3.1. Variables and Data Sources


We set green credit and FinTech as explained and explanatory variables, respectively, and constructed important control and moderator variables prior to empirical analysis.



3.1.1. Explained Variable: Green Credit


We set the explained variable as the green credit level of polluting enterprises. First, we selected quarterly data of polluting and listed enterprises in China from 2012 to 2021. We referred to and improved the measurement method of Zhang et al. (2021) [25]. According to the Guidelines for Information Disclosure Protection of Listed Companies issued by the Ministry of Environmental Protection in China, certain specific industries are selected as polluting enterprises (mining, textile, paper products, petroleum, chemicals and chemical fibers, ferrous(non-ferrous) metal smelting and processing, rubber and plastics, pharmaceuticals, and fur products). Second, the level of green credit development was measured by dividing the enterprise’s credit by the ratio of regional credit for environmental protection projects to the total regional credit. The level of green credit development in our study is determined by the level of green development at the regional level combined with the level of credit at the enterprise level. The higher the value, the better the credit development of the enterprise.




3.1.2. Explanatory Variable: FinTech


There are many types of FinTech companies in the world, and they play different roles. In China, due to strict lending licenses, FinTech companies mainly play the role of helping lenders in the financial market with information gathering, screening, and decision-making; as mentioned in the introduction, they play a crucial role with respect to financial institutions due to the “technology spillover effect” [8]. Referring to Xie and Zhu (2021) [54], we set city-level FinTech development as the explanatory variable. Referring to the Financial Stability Board’s definition, we screened FinTech business information from TianYanCha Website. The criteria for screening information were taken from Shen and Guo (2015) [59]. The core explanatory variable FinTech was set as follows. First, we matched the industrial and commercial registration information of all FinTech-related enterprises. Second, we prevented the emergence of shell companies and eliminated the samples of those enterprises that had been in operation for less than one year as well as of those that had been dissolved or revoked. Third, we used regular expressions in the business scope. We first matched the business scope related to “finance”, “insurance”, “credit”, and “payment”, then removed irrelevant samples and companies with prohibited phrase prefixes in the keywords. Finally, we obtained FinTech development at the city level and used the natural logarithm of FinTech, as follows: the greater the number of FinTech firms, the higher the level of local FinTech development.




3.1.3. Control Variables


Referring to the previous literature and the measurement of green finance development level [60,61,62,63] and considering ownership structure, political connections, and board diversity in China [64,65], we obtained relevant control variables as follows. (1) At the enterprise level, we set the natural logarithm of enterprise asset size (Size), return on equity (ROE), return on assets (ROA), asset growth rate (AG_Rate), main business income growth rate (MBIG_Rate), net profit growth rate (NPG_Rate), Tobin’s Q ratio (Tobin’s Q), a dummy variable for whether the firm is a state-owned enterprise or not (for which we referred to Xu et al. (2022) and Xiao and Xi (2022) (Stat_Own) [66,67]), the degree of political connections of the firm’s executives (for which we referred to Fan et al. (2007) and Zhou et al. (2021) (PCLevel) [68,69]), and the ratio of the firm’s independent directors to the number of board members (referring to Nguyen et al. (2019) (Ind_Ratio) [70]. According to Fan et al. (2007) [68,69], if the president or CEO of the enterprise has served or is currently serving in the Chinese government, the Party Committee, the Standing Committee of the National People’s Congress, or the Chinese People’s Political Consultative Conference, the PCLevel is assigned a value at five levels: PCLevel at section level is 1, PCLevel at division level is 2, PCLevel at department level is 3, PCLevel at ministry level is 4, and with no political connections PCLevel takes the value of 0. If the president or CEO of an enterprise has been or is currently a party representative, NPC deputy, or CPPCC member, the PCLevel is assigned at five levels: PCLevel at the district and county level or below is 1, PCLevel at the municipal level is 2, PCLevel at the provincial level is 3, and PCLevel at the national level is 4, while with no political connection PCLevel takes the value of 0. (2) at the regional level, we set the green finance development level at the provincial level (Green_Fin), GDP growth rate (GDP_Rate), industrial solid waste utilisation rate (Solid_Rate), and centralised wastewater treatment rate (Water_Rate). The construction method of green finance was as follows. First, the entropy method was used for calculation. The comprehensive evaluation system was as follows, including seven factors: (1) for green credit, the ratio of credit for environmental protection projects to the total credit of environmental protection projects in the province and the total credit of the province; (2) for green investment, the ratio of investment in environmental protection to GDP; (3) for green insurance, the ratio of income from environmental pollution liability insurance to total premium income; (4) for green bonds, the ratio of the total amount of green bonds issued to the total amount of all bonds issued; (5) for green support, the ratio of fiscal expenditure on environmental protection to general fiscal expenditure; (6) for green funds, the ratio of the total market value of green funds to the total market value of all funds; (7) for green rights and interests, the ratio of carbon trading, energy use right trading, pollution emission right trading, and the total amount of stock market transactions. After calculation, we standardized the data. The sources of the control variables were the CSMAR database, the National Bureau of Statistics, the People’s Bank of China, the Ministry of Science and Technology, and various official yearbooks. Finally, descriptive statistics of the baseline regression are presented in Table 1.




3.1.4. Moderator Variables


In addition, we introduced a set of moderator variables to investigate the mechanism influencing the impact of FinTech on green credit in order to verify above three assumptions of mechanism analysis.



For the environmental information disclosure channel, and referring to Lu et al. (2023) and Xu et al. (2022) [71,72], we set three variables to measure environmental information disclosure. First, we set a dummy variable with regard to whether polluting enterprises report their environmental information on their annual official environmental reports (Env_Report). Second, we set a variable that represents the sum of the dummy variable from external supervision (Illegal_Info), from whether the company is a key monitoring unit from government, whether there have been sudden major environmental pollution incidents, whether there have been environmental violations, and whether there have been environmental complaints. Third, we set a variable that represents setting of the sum of eight aspects of internal environmental protection concept disclosure, which mainly involve whether the information is disclosed by the environmental protection missions of internal governance (Env_Mission). The internal governance information disclosure consisted of: (1) environmental protection concept; (2) environmental protection goals; (3) environmental protection management goals; (3) environmental protection management system; (4) environmental protection education and training; (5) special environmental protection actions; (6) emergency response mechanism for environmental protection incidents; (7) environmental protection honors or awards; (8) the “three simultaneous” system (measures for pollution prevention and control in construction projects must be designed, constructed, and put into operation at the same time as the main project).



For the media and investor focus channel, we set five moderator variables to measure the media and investor focus. The data accessed on 1 December 2022 were mainly drawn from CNDRS and CSMAR. For polluting enterprises, we used the annual news frequency of financial media (Media), total quantity of posts in Guba (Post), total reading volume of posts in Guba (Read), comment volume of posts in Guba (Comment), and the number of green funds which invested in it (G_invest). We gathered the data of all the polluting enterprises annually and constructed the natural logarithm of these five variables.



For the green credit allocation efficiency mechanism, we set a moderator variable to measure the extent of green credit allocation efficiency. Considering that green credit, as compared to corporate credit, has fairly stringent industry norms for pre-loan investigation, traditional measures of credit allocation efficiency such as the non-performing loan ratio and loan-to-deposit ratio may not be fully appropriate for application to green credit. In particular, the non-performing loan ratio for green credit is not efficient; it cannot be an accurate measure of credit allocation efficiency, as the pre-lending investigation of green credit requires quite high company qualifications and standards. Therefore, we used the the ratio of economic growth rate to green credit growth rate as green credit allocation efficiency, which can reflect the efficiency of banks’ approval of green credit. In addition, in light of the inadequate disclosure of specific information on green credit in China, we first, set the credit growth rate containing all credit at the city level, with t and   t − 1   representing the current and previous periods, respectively:


  C r e d i t _ g r o w t h =   C r e d i  t t  − C r e d i  t  t − 1     C r e d i  t  t − 1     .  



(1)







Second, we measured the green credit growth rate with the regional ratio of credit for environmental protection projects compared to the average of total credit. Due to data disclosure issues, we collected green credit data at the provincial level to measure green credit at the city level approximately, as follows:


  G r e e n _ c r e d i t _ g r o w t h = C r e d i t _ g r o w t h ×   G r e e n _ C r e d i t   C r e d i t   .  



(2)







Third, per Equation (3), we constructed the ratio of economic growth rate to green credit growth rate as the moderator variable (CA_efficiency). When measuring the contribution of each 1% increase in green credit to economic growth, we found that the larger the economic contribution of each 1% increase in green credit, the more efficient the allocation of green credit.


  C r e d i t _ a l l o c a t i o n _ e f f i c i e n c y =   G D P _ R a t e   G r e e n _ c r e d i t _ g r o w t h    



(3)









3.2. Econometric Model


This paper establish an econometric model (4) to conduct our baseline empirical research:


  G r e e n c r e d i  t  i , c , t   =  β 1  F i n T e c  h  i , c , t − 1   +  β 2  C o n t r o  l  i , c , t   +  ε  i , c , t   +  ν d  +  μ c  +  λ t  + α .  



(4)







Here,   G r e e n c r e d i  t  i , c , t     is the explained variable,   F i n T e c  h  i , c , t − 1     refers to the FinTech development level lagged by one year,   C o n t r o  l  i , c , t     is a series of enterprise-level and regional-level control variables, i refers to the enterprise, c refers to the city, t refers to the time period,   ε  i , c , t    refers to error term,   ν d   refers to the industry fixed effect,   μ c   refers to the city fixed effect,   λ t   refers to year fixed effect, and  α  refers to a constant.



In the first step, the baseline regression model is used to assess whether FinTech can improve green credit. In the second step, moderator variables and the interactions between moderator variables and FinTech are added to the benchmark model to assess the mechanism. The specific setting, denoted as model (5), is as follows:


  G r e e n c r e d i  t  i , c , t   =  γ 1  F i n T e c  h  i , c , t − 1   +  γ 2  F i n T e c  h  i , c , t − 1   ×  W  i , c , t   +  γ 3   W  i , c , t   +  γ 4  C o n t r o  l  i , c , t   +  ε  i , c , t   +  ν d  +  μ c  +  μ t  + α .  



(5)







In model (5),   W  i , c , t    is the moderator variable, and includes the night variables mentioned formerly. Hypotheses 2A, 2B, and 3 can be assessed by examining the coefficients and their significant level of interaction term.





4. Results and Discussion


4.1. The Impact of FinTech on Green Credit Development


The impact of FinTech on green credit is shown in Table 2. As local FinTech develops, green credit for polluting companies improves, and the evidence is statistically positive at the 1% significance level. This shows that a 1% increase in FinTech promotes green credit by 1.187%. We divide green credit into short-term and long-term credits. The conclusions remain robust, showing that the improvement of regional FinTech has long-term and short-term effects on polluting enterprises, with higher long-term effects. Therefore, this section shows that regional FinTech can have a positive effect on green credit for polluting enterprises and provides the conditions for the growth of green credit. Considering the control variables, both ROE and ROA are statistically positive at the 1% significance level. These results are used to measure the extent of polluting enterprises’ ability to return on investment in the previous project and their own financing ability. This shows that with the increment in ROE and ROA, firms can use their own profits to invest in future green projects without green loans from financial institutions. Size is statistically negative at the 1% significance level; this is because with more assets, firms have more collateral to increase their green credit from financial institutions. In addition, a higher degree of political connection reduces green credit significantly, and the status of state-owned enterprises promotes green credit development.



The reasons for these results are as follows. (1) FinTech provides financial agencies with the ability to select qualified polluting enterprises to approve green credit. Therefore, with the help of FinTech, financial institutions can obtain more environmental information, such as enterprises’ protection missions, environmental protection information, and illegal emissions cases. (2) in the case of enterprises’ concealment or fraudulent behavior, FinTech can act as an external supervisor. By promoting FinTech, polluting enterprises reduce their need for concealment or fraud with regard to pollution information or data, as concealment or fraud reduces their probability of obtaining green credit if discovered by financial institutions. (3) The impact of FinTech on long-term green credit is larger than short-term green credit, as the investment payback cycle of environmental protection projects is often longer. Because the demand for green credit is often longer than one year, FinTech has a greater impact on long-term green credit to reduce burdensome tasks.




4.2. Mechanism Identification


The above regression fully verifies that FinTech can help polluting enterprises to cultivate conditions that promote green credit development. It is necessary to identify the factors that can contribute to FinTech’s impact on green credit. This section discusses the mechanisms of information asymmetry and green credit allocation efficiency. The information asymmetry mechanism contains two sub-mechanisms: the environmental information disclosure mechanism, and the media and investor mechanism.



4.2.1. Environmental Information Disclosure Mechanism


The first channel of the information asymmetry conclusion can be seen in Table 3. This shows that the estimated coefficients of the cross terms were significant at the 1% significance level. The results show that higher disclosure of environmental information from industry principles or self-reporting strengthens the impact of FinTech on green credit. However, releasing bad signals from environmental information weakens the FinTech process. There are two possible reasons for this. First, for lenders, higher disclosure of environmental information contributes to their pre-loan investigation, which makes them effective in assessing the qualification of polluting enterprises to obtain green credit. On the contrary, it weakens the process if the released information is a bad signal in their green qualification, because it disrupts the system of lenders or banks in assessing the enterprise based on EPs. Second, borrowers or polluting enterprises actively disclose their environmental beliefs and release their desire for green credit. While FinTech can easily assess enterprises willing to release good signals, it is difficult to make rational decisions when accessing enterprises that hide their governance beliefs regarding environmental protection. Thus, Hypothesis 2A is verified.




4.2.2. Media and Investor Focus Mechanism


The second-channel conclusion of information asymmetry can be obtained from Table 4. This shows that the estimated interactions are significant. The results show that increasing media and investor focus makes the influence of FinTech on green credit more efficient, regardless of the information generating from financial media news or Guba. More green fund investment suggests a good signal for polluting firms, and is an efficient way for FinTech to make a prediction about firms. We explain the complementary effects of the media and investor focus on this channel. More media information, Guba posts, Guba comment volume, and Guba reading volume imply more varied information about polluting enterprises. This kind of environmental information helps FinTech to qualify its prediction of green credit and makes pre-loan investigations more efficient. More green investors, who can expose investment information to public and financial institutions such as green fund investments disclosed by official reports, can extend a good signal to polluting enterprises. Consequently, lenders reduce the cost of the data collection process and increase the efficiency of green credit businesses. Thus, Hypothesis 2B is verified.




4.2.3. Green Credit Allocation Efficiency Mechanism


In this section, we explore the mechanism of green credit allocation efficiency and examine FinTech’s impact on credit allocation efficiency using an innovative index, as shown in Table 5. We find that FinTech can significantly enhance green credit development by improving green credit allocation efficiency, including short-term green credit development and long-term green credit development. At the same time, the effect of FinTech on the efficiency of green credit allocation increases the growth of long-term green credit more than its short-term growth. As shown in the interaction, 1% more FinTech companies of the total quantity in the region increase green credit development by approximately 1.249%. This can be explained by FinTech ultimately enhancing green credit development by improving lenders’ digital processing capabilities and decision-making techniques, thereby reducing labor costs and approval time for green credit pre-loan investigations. Therefore, Hypothesis 3 is confirmed.



Summarizing the regression results of the above three mechanism analyses, we find that the results concerning information asymmetry are more significant than those concerning the efficiency of green credit allocation. It can be concluded that the reduction in information asymmetry plays a leading role in facilitating FinTech to enhance the development of green credit.





4.3. Heterogeneity Analysis


In this section, we discuss the heterogeneity analysis from the perspective of different regional environmental objectives, different emissions of enterprises, and different ESG scores.



4.3.1. Environmental Objective Heterogeneity Analysis


The implementation effect of FinTech on green credit may have regional differences. The previous literature always refers to regional resource types or financial market development levels [25], and there might be a research gap with respect to the heterogeneity of government environmental objectives. Because we used micro-enterprise data from China to conduct the research, we decided to use the government’s objectives to conduct a heterogeneity analysis. From 2011 to 2020, the authorities aimed to realize significant achievements with regard both the economy and environment, and proposed emission reduction targets. Here, we use sulfur dioxide as the main reduction target. Taking China’s emission reduction target in government reports and setting it as the dividing line, the provincial targets that are above the national target can be divided into high targets. In contrast, those who are below the target can be divided into low targets. The results are shown seen in Table 6. FinTech has a greater impact on the green credit of polluting companies with higher emission targets than on those with lower targets.



Zhejiang Province, China, with a relatively high goal, launched the “Green Loan Link” online platform to collect information on green loan products from 36 banking institutions in the city. In addition to conventional environmental protection information, this included information such as on-site environmental protection investigation requests and inspection records, and helped more than 16,000 enterprises obtain bank loans of RMB 170 billion. Based on the province’s geographical location, resource characteristics, industrial structure, and economic development, the government should prudently set different emission reduction targets and make them achievable. Because the internal decision-making process of the government is sometimes difficult to comprehend, we consider the emission targets set by the government as a measure that combines environmental protection fiscal expenditure with the environmental situation faced by local governments. With higher targets, the impact of FinTech benefits from the good condition of reduced emissions, as higher targets mean a higher desire to implement environmental protection and more beneficial green policies. As a result, with a greater desire for government environmental protection, the effect of FinTech will improve.




4.3.2. Enterprise Emission Heterogeneity Analysis


Small and medium-sized enterprises play an important role in developing a sustainable economy [73]. In this section, as shown in Table 7, we test whether certain conclusions in the literature remain robust when we introduce the impact of FinTech on green credit. He et al. (2019) and Zhang et al. (2021) showed that small- and medium-sized enterprises play a leading role in green credit [25,29] and that they benefit more from green credit than large enterprises. However, the green credit policy becomes a constraint for large enterprises. The average asset size is used to divide SMEs and large enterprises, and the average carbon emission value is used to divide low-carbon enterprises and high-carbon enterprises. In Table 7, SMEs with low carbon emissions benefit more from FinTech and improve their ability to obtain green credit. However, large enterprises with low carbon emissions benefit less from FinTech because they can release more information, while traditional agencies can find qualified enterprises without FinTech assistance.




4.3.3. Enterprise ESG Scores Heterogeneity Analysis


The last part of the heterogeneity analysis uses the ESG score, taken from Wind accessed on 1 December 2022. The ESG score is composed of the governance, environmental protection, and social responsibility level scores. The higher the ESG score, the better a company implements policies for the environment, society, and governance. The results in Table 8 indicate that there is a more intense impact of FinTech on green credit in the case of higher scores on governance, environmental protection, and social responsibility levels. The ESG score is an external index from third parties, and represents the cautious judgment of many financial institutions. Therefore, a high ESG score indicates that companies have sound and responsible policies for society and a good reputation in the industry.





4.4. Endogeneity Problem


To mitigate the endogeneity problems of FinTech’s impact on green credit, we use the instrumental variable method, propensity score matching method, and staggered difference-in-difference estimation.



We rely on the instrumental variable selection method of Chong et al. (2013) [74], which measures the average FinTech development of the three cities closest to the GDP of the city where the firm is located. Two reasons for this variable are as follows: first, there are similarities in the structure of local financial systems with similar GDP. Therefore, cities with similar GDP have similar FinTech developments [75]. Second, FinTech with a similar GDP does not significantly affect the green credit of enterprises, as the pollution level and environmental protection ability of the government at the city level may behave differently from other cities with similar GDP. Cities with similar GDP may be adjacent; therefore, the structure of the green economy may behave the same due to similar geographical characteristics or sharing the same river source. As air pollution is hard to vary, we controlled the level of the green economy in the whole province in all regressions. In the end, the green finance variable was insignificant in the regressions. These types of FinTech developments have different impacts on green credit. As shown in Table 9, adding the propensity score matching method, we used the instrumental variable, one-to-one nearest neighbor matching, one-to-two nearest neighbor matching, and kernel matching methods. The results remained valid.



For the staggered difference-in-difference method, we chose a quasi-natural experiment called “Broadband China” to construct it as an event in the staggered difference estimates [76]. As the industrial revolution progressed, computer and information technologies developed significantly. China’s government introduced the “Broadband China” strategy to develop network infrastructure under the constraint of China’s low internet penetration rate. Approximately 120 cities were selected as pilot cities in three phases during 2014, 2015, and 2016. Pilot cities were tasked with continuing to increase broadband network speed and coverage while increasing the scale of internet use in urban and rural areas. This increasing scale of network infrastructure has an impact on FinTech development, which mainly relies on a robust network and benefits from this strategy. To assess the causal impact of broadband infrastructure development on green credit, we applied a staggered difference-in-difference(DID) model, referring to model (6):


  G r e e n c r e d i  t  i , c , t   =  γ 1  T r e a  t  c , t   +  γ 2  C o n t r o  l  i , c , t   +  ε  i , c , t   +  ν d  +  μ c  +  μ t  + α ,  



(6)




where


  T r e a  t  c , t   = T i m  e t  × G r o u  p c  .  



(7)







The premise of using staggered DID method is the parallel trend assumption. We set the sample in 2012 as basic group and test parallel trend assumption. We refer to the model (8):


  G r e e n c r e d i  t  i , c , t   =  ∑  k = − 4  9   β k  ×  D  c , t + k   +  γ 2  C o n t r o  l  i , ; c , t   +  ε  i , c , t   +  ν d  +  μ c  +  μ t  + α ,  



(8)




where   D  c , t + k    indicates whether the city was selected as a “Broadband China” pilot city or not. Negative k means that it is k years before the year when the city becomes a pilot city, while positive k means that the city has become the pilot city, representing the difference between the experimental group and the control group. We set   k = − 1   as the baseline experimental group; if   k < − 1   and   β k   are not significantly different from 0, then the test for parallel trends is passed. Figure 3 shows the coefficients of   β k   in the interval   − 4 ≤ k ≤ 4   and its 95% confidence interval. It can clearly be seen that the estimated values of   β k   remain flat in the interval   k < − 1  , indicating that there is nothing significant before the strategy is implemented. From   k = 0  , the estimated values of   β k   start to increase significantly, indicating that the “Broadband China” policy improves green credit. Table 9 shows that the staggered DID approach is a reasonable method for mitigating the endogeneity problems.




4.5. Robustness Check


In Table 10, we choose the replacement of explanatory variables, time-varying method, and replacement of explained variables for the robustness test. Regarding explanatory variables, we adopt seven replacements: (1) the development level of FinTech with a two-period lag (FinTechlag2); (2) the ratio of the development level of FinTech to the number of colleges at the city level (FinTechEdu), (3) the credit sub-index of the Peking University Digital Financial Inclusion Index of China (PKUCredit), referring to Guo et al. (2020) [77]; (4) the digital transformation index collection, referring to Wu et al. (2021) (DT_index) [78]; (5) the digital utilization index, again referring to Wu et al. (2021) (DU_index) [78]; (6) the frequency of related FinTech media news at the provincial level, referring to Li et al. (2020) (FTNews_freq) [79]; and (7) the proportion of news related to FinTech at provincial level, again referring to Li et al. (2020) (FTNews_prop) [79]. The development of FinTech is closely related to the cultivation of local talent, because more talent is cultivated in local colleges, indicating that an increase in high-quality labor can result from the development of enterprises and the financial system. As the demand for enterprise credit increases, the demand for FinTech increases as welll. Regarding the time-varying method, we consider that the time trends of the control variables might affect the FinTech development of different regions, which might disturb the benchmark regression. Referring to Moser and Voena (2012) [80], we set dummy variables for each year and constructed interactions with control variables and the dummy variables; the results shown in Table 10 are robust.



For the changing explanatory variables in Table 11, we used three variables to replace the level of green credit in the explanatory variables. These three indicators are closely related to green credit: replacement with fiscal expenditures on environmental protection, replacement with the local financial development level, and replacement with the local financial employment rate. All the above tests are robust, as can be seen Table 11.





5. Conclusions, Limitations, and Future Research Directions


5.1. Conclusions and Policy Implications


This study explores the impact of FinTech on green credit using data from listed polluting companies and regional data in China. The empirical results show that FinTech enhances green credit development, including short-term and long-term green credit. Specifically, approximately 1% more FinTech companies of the total quantity in the region could increase the level of green credit by 1.187%. Regarding the information asymmetry mechanism, the effect of promoting green credit development can be achieved by enhancing environmental information disclosure and improving media and investor attention. Considering the relationship between FinTech and banks, we find that the effect of FinTech on green credit allocation efficiency is significant for green credit development, including short-term and long-term green credit development. In detail, 1% more FinTech companies of the total quantity in the regional will increase green credit development by approximately 1.249%, which means that FinTech can improve the allocation efficiency of local banks and improve green credit development. Our heterogeneity analysis shows that FinTech can enhance green credit development in regions with higher government environmental targets, SMEs with lower carbon emissions, and firms with higher ESG scores.



These research findings have important policy implications for China.



First, it is important to establish effective environmental communication and information-sharing platforms between lenders and accelerate the penetration of FinTech. To reduce information asymmetry, lenders, investors, the media, and local governments need to work together to promote environmental disclosure. Thus, lenders should establish information-sharing platforms. Investors and the media need to use their monitoring mechanisms to help FinTech companies gather more external information by publishing more commentary on companies and digging up more in-depth reports on them. Local governments need to use FinTech companies to promote the development of green credit, while avoiding any invasion of corporate privacy.



Second, local governments need to set their reduction targets rationally; external raters should be prudent in their ESG scoring, and high-emission production processes should aim to meet environmental standards. The government should set reasonable environmental targets according to the local environmental situation, economic development, and the financial situation. Simultaneously, the level of technology and talent in financial institutions should be upgraded to promote the development of green credit. Third-party institutions should objectively evaluate companies on ESG scores to help financial institutions make reasonable judgments on their green credit worthiness. Polluting companies need to make technological improvements to their production processes to reduce pollution and meet local environmental production standards.




5.2. Limitations


This study has three main limitations, which can be optimized in future research. First, data disclosure on green credit in China is incomplete. We did not have access to information on the lender or on time spent in pre-loan review of green credit for specific firms, making it difficult for us to directly measure the efficiency of green credit allocation. Second, due to the unavailability of internal bank data, we were unable to measure the change in bank competitiveness caused by FinTech, which makes it difficult to conduct further analysis.




5.3. Future Research Directions


In the future, with the implementation of increasingly stringent environmental protection policies and information disclosure policies, banks and enterprises can be expected to improve their voluntary disclosure of access to green credit, and we intend to conduct more detailed measurements of corporate green credit development in order to deepen the present research. The investment behavior of enterprises using green credit will receive increased attention as well. Whether and how FinTech can deter enterprises’ fraudulent lending behavior to ensure that the environmental benefits brought by green credit can be implemented is another direction in our future research.
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Figure 1. Green credit and average number of FinTech companies. 
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Figure 2. Mechanism design. 






Figure 2. Mechanism design.
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Figure 3. Parallel trend test in “Broadband China”. 
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Table 1. Descriptive statistics.






Table 1. Descriptive statistics.





	VarName
	Obs
	Mean
	SD
	Min
	Median
	Max





	Greencredit
	33,067
	7.5300
	49.5923
	0.0000
	0.7356
	1371.9769



	FinTech
	33,067
	3.5305
	2.3875
	0.0000
	3.1355
	10.3928



	Size
	33,067
	3.6493
	1.2028
	0.3715
	3.4453
	10.2137



	ROE
	33,067
	0.3391
	0.2115
	0.0000
	0.3145
	7.8800



	ROA
	33,067
	0.0351
	0.0413
	−0.5201
	0.0246
	0.5166



	AG_Rate
	33,067
	0.1086
	0.3308
	−0.6142
	0.0443
	18.4250



	MBIG_Rate
	33,067
	0.2096
	10.9130
	−2.8749
	0.0222
	1294.2190



	NPG_Rate
	33,067
	1.1378
	97.5819
	−7.90 × 103
	−0.0689
	5188.1436



	Tobin’s Q
	33,067
	2.0719
	1.3965
	0.7093
	1.6488
	22.5725



	Stat_Own
	33,067
	0.3085
	0.4619
	0.0000
	0.0000
	1.0000



	PCLevel
	33,067
	1.0639
	1.5953
	0.0000
	0.0000
	4.0000



	Ind_Ratio
	33,067
	39.6175
	9.4813
	0.0000
	37.5000
	83.3333



	Green_Fin
	33,067
	0.7602
	0.0601
	0.6416
	0.7621
	0.8790



	GDP_Rate
	33,067
	8.4726
	2.7219
	−19.3800
	8.0100
	23.9600



	Solid_Rate
	33,067
	85.5045
	17.3228
	0.3400
	92.3700
	100.0000



	Water_Rate
	33,067
	90.0535
	8.8779
	22.0200
	92.4100
	100.0000
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Table 2. FinTech and green credit development.






Table 2. FinTech and green credit development.











	
	Green Credit
	Short-Term Green Credit
	Long-Term Green Credit





	
	(1)
	(2)
	(3)



	FinTech
	1.187 **
	0.160 *
	1.027 ***



	
	(1.81)
	(0.72)
	(2.17)



	Size
	15.656 ***
	5.330 ***
	10.325 ***



	
	(60.92)
	(61.73)
	(55.75)



	ROE
	−7.522 ***
	0.336
	−7.857 ***



	
	(−6.42)
	(0.85)
	(−9.30)



	ROA
	−26.686 ***
	−9.301 ***
	−17.385 ***



	
	(−4.85)
	(−5.04)
	(−4.39)



	AG_Rate
	−1.598 **
	−0.305
	−1.293 ***



	
	(−2.57)
	(−1.46)
	(−2.88)



	MBIG_Rate
	0.006
	0.002
	0.004



	
	(0.32)
	(0.28)
	(0.31)



	NPG_Rate
	−0.002
	−0.001
	−0.001



	
	(−0.81)
	(−0.77)
	(−0.77)



	Tobin’s Q
	1.762 ***
	0.556 ***
	1.206 ***



	
	(9.84)
	(9.25)
	(9.34)



	Stat_Own
	2.959 ***
	0.921 ***
	2.037 ***



	
	(4.96)
	(4.59)
	(4.74)



	PCLevel
	−0.481 ***
	−0.101 **
	−0.381 ***



	
	(−3.35)
	(−2.08)
	(−3.67)



	Ind_Ratio
	−0.028
	−0.025 ***
	−0.004



	
	(−1.20)
	(−3.11)
	(−0.21)



	Green_Fin
	1.065
	−0.604
	1.669



	
	(0.11)
	(−0.19)
	(0.24)



	GDP_Rate
	−0.325 ***
	−0.152 ***
	−0.173 **



	
	(−2.76)
	(−3.83)
	(−2.04)



	Solid_Rate
	0.021
	0.005
	0.015



	
	(0.88)
	(0.69)
	(0.91)



	Water_Rate
	0.010
	-0.005
	0.015



	
	(0.23)
	(−0.38)
	(0.50)



	Constant
	−53.776 ***
	−15.007 ***
	−38.768 ***



	
	(−6.13)
	(−5.09)
	(−6.13)



	Observations
	33,067
	33,067
	33,067



	Industry fixed effect
	YES
	YES
	YES



	City fixed effect
	YES
	YES
	YES



	Year fixed effect
	YES
	YES
	YES



	Observation
	33,067
	33,067
	33,067







Notes: T-value in parentheses; *, **, and *** denote statistical significance levels at 10%, 5%, and 1%, respectively.













[image: Table] 





Table 3. FinTech, environmental information disclosure, and green credit development.
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	Green Credit
	Green Credit
	Green Credit





	
	(1)
	(2)
	(3)



	FinTech
	1.156 *
	1.086 **
	0.643 **



	
	(1.78)
	(2.08)
	(1.26)



	FinTech*Env_Report
	6.618 ***
	
	



	
	(12.49)
	
	



	Env_Report
	−17.464 ***
	
	



	
	(−6.26)
	
	



	FinTech* Illegal_Info
	
	−0.019 *
	



	
	
	(−3.12)
	



	Illegal_Info
	
	0.194
	



	
	
	(0.57)
	



	FinTech* Env_Mission
	
	
	0.273 ***



	
	
	
	(5.32)



	Env_Mission
	
	
	−1.702 ***



	
	
	
	(−7.20)



	Control
	YES
	YES
	YES



	Industry fixed effect
	YES
	YES
	YES



	City fixed effect
	YES
	YES
	YES



	Year fixed effect
	YES
	YES
	YES



	Observation
	33,067
	28,541
	28,541







Notes: T-value in parentheses; *, **, and *** denote statistical significance levels at 10%, 5%, and 1%, respectively.
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Table 4. FinTech, media and investor focus, and green credit development.
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	Green Credit
	Green Credit
	Green Credit
	Green Credit
	Green Credit





	
	(1)
	(2)
	(3)
	(4)
	(5)



	FinTech
	19.633 ***
	25.066 ***
	7.112 ***
	1.717 **
	2.244 *



	
	(28.68)
	(21.19)
	(9.09 )
	(2.64)
	(1.89 )



	FinTech*Media
	4.086 ***
	
	
	
	



	
	(50.00)
	
	
	
	



	Media
	−11.690 ***
	
	
	
	



	
	(−26.55)
	
	
	
	



	FinTech*Post
	
	2.826 ***
	
	
	



	
	
	(26.49)
	
	
	



	Post
	
	−10.387 ***
	
	
	



	
	
	(−20.09)
	
	
	



	FinTech*Read
	
	
	1.667 ***
	
	



	
	
	
	(18.91)
	
	



	Read
	
	
	−8.785 ***
	
	



	
	
	
	( −18.53)
	
	



	FinTech*Comment
	
	
	
	4.610 ***
	



	
	
	
	
	(29.96)
	



	Comment
	
	
	
	−16.659 ***
	



	
	
	
	
	(−23.07)
	



	FinTech*G_invest
	
	
	
	
	3.497 ***



	
	
	
	
	
	(13.06)



	G_invest
	
	
	
	
	−14.927 ***



	
	
	
	
	
	(−14.07)



	Control
	YES
	YES
	YES
	YES
	YES



	Industry fixed effect
	YES
	YES
	YES
	YES
	YES



	City fixed effect
	YES
	YES
	YES
	YES
	YES



	Year fixed effect
	YES
	YES
	YES
	YES
	YES



	Observation
	33,043
	33,051
	33,051
	33,051
	19,740







Notes: T-value in parentheses; *, **, and *** denote statistical significance levels at 10%, 5%, and 1%, respectively.
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Table 5. FinTech, green credit allocation efficiency, and green credit development.
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	Green Credit
	Short-Term Green Credit
	Long-Term Green Credit





	
	(1)
	(2)
	(3)



	FinTech
	1.249 **
	0.104 *
	1.145 ***



	
	(1.43)
	(1.04)
	(1.81)



	FinTech*CA_efficiency
	0.043 **
	0.015 **
	0.028 *



	
	(2.18)
	(2.32)
	(1.95)



	CA_efficiency
	−0.141 *
	−0.052 **
	−0.090 *



	
	(−1.90)
	(−2.08)
	(−1.67)



	Control
	YES
	YES
	YES



	Industry fixed effect
	YES
	YES
	YES



	City fixed effect
	YES
	YES
	YES



	Year fixed effect
	YES
	YES
	YES



	Observation
	26,428
	26,428
	26,428







Notes: T-value in parentheses; *, **, and *** denote statistical significance levels at 10%, 5%, and 1%, respectively.
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Table 6. Environmental objective heterogeneity analysis.






Table 6. Environmental objective heterogeneity analysis.





	

	
High Protection

Objective

(2011–2015)

	
Low Protection

Objective

(2011–2015)

	
High Protection

Objective

(2016–2020)

	
Low Protection

Objective

(2016–2020)




	

	
(1)

	
(2)

	
(3)

	
(4)






	
FinTech

	
1.596 ***

	
−0.286

	
1.069 ***

	
−0.847




	

	
(2.12)

	
(−0.87)

	
(1.97)

	
(−0.12)




	
Control

	
YES

	
YES

	
YES

	
YES




	
Industry fixed effect

	
YES

	
YES

	
YES

	
YES




	
City fixed effect

	
YES

	
YES

	
YES

	
YES




	
Year fixed effect

	
YES

	
YES

	
YES

	
YES




	
Observation

	
28,596

	
4471

	
27,386

	
5681




	
Chow test

	

	
35.47 ***

	

	
56.62 ***




	

	

	
(0.00)

	

	
(0.00)








Notes: T-value in regression coefficient parentheses and p-value in Chowtest parentheses; *** denote statistical significance levels at 1%, respectively.
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Table 7. Environmental emission heterogeneity analysis.






Table 7. Environmental emission heterogeneity analysis.





	

	
Small and Medium

	

	
Large-Scale




	

	
High Carbon

	
Low Carbon

	

	
High Carbon

	
Low Carbon






	

	
(1)

	
(2)

	

	
(3)

	
(4)




	
FinTech

	
0.278

	
0.232 ***

	

	
−0.003

	
0.107 **




	

	
(0.07)

	
(2.87 )

	

	
(−0.28)

	
(3.07)




	
Control

	
YES

	
YES

	

	
YES

	
YES




	
Industry fixed effect

	
YES

	
YES

	

	
YES

	
YES




	
City fixed effect

	
YES

	
YES

	

	
YES

	
YES




	
Year fixed effect

	
YES

	
YES

	

	
YES

	
YES




	
Observations

	
3686

	
21,483

	

	
5012

	
2878




	
Chow test

	

	

	
56.23 ***

	

	




	

	

	

	
(0.00)

	

	








Notes: T-value in regression coefficient parentheses and p-value in Chowtest parentheses; **, and *** denote statistical significance levels at 5% and 1%, respectively.
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Table 8. ESG score heterogeneity analysis.
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	HighWindG
	LowWindG
	HighWindE
	LowWindE
	HighWindS
	LowWindS





	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)



	FinTech
	0.695 **
	0.571
	0.713 **
	−0.553
	0.663 **
	−1.805



	
	(1.92)
	(0.72)
	(1.93)
	(1.56)
	(1.89)
	(−1.38)



	Control
	YES
	YES
	YES
	YES
	YES
	YES



	Industry fixed effect
	YES
	YES
	YES
	YES
	YES
	YES



	City fixed effect
	YES
	YES
	YES
	YES
	YES
	YES



	Year fixed effect
	YES
	YES
	YES
	YES
	YES
	YES



	Observations
	28,701
	4,366
	28,750
	4,317
	28,475
	4,592



	Chow test
	
	39.92 ***
	
	41.84 ***
	
	34.08 ***



	
	
	(0.00)
	
	(0.00)
	
	(0.00)







Notes: T-value in regression coefficient parentheses and p-value in Chowtest parentheses; **, and *** denote statistical significance levels at 5%, and 1%, respectively.
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Table 9. Endogeneity test.
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	Green Credit
	PSM:1 to 1
	PSM:1 to 2
	PSM:Kernel
	Broadband China

DID





	
	(1)
	(2)
	(3)
	(4)
	(5)



	FinTech_IV
	2.024 ***
	
	
	
	



	
	(2.18)
	
	
	
	



	FinTech
	
	1.568 **
	1.597 ***
	1.818 ***
	



	
	
	(1.80)
	(2.45)
	(1.89)
	



	Treat
	
	
	
	
	2.111 **



	
	
	
	
	
	(2.53)



	Wald F test
	962.16
	
	
	
	



	LM statistic
	962.16
	
	
	
	



	r(ATT)
	
	4.518 ***
	3.784 ***
	3.378 ***
	



	
	
	(7.23)
	(7.30)
	(7.52)
	



	Placebo test
	
	
	
	
	YES



	Control
	YES
	YES
	YES
	YES
	YES



	Industry fixed effect
	YES
	YES
	YES
	YES
	YES



	City fixed effect
	YES
	YES
	YES
	YES
	YES



	Year fixed effect
	YES
	YES
	YES
	YES
	YES



	Observation
	28,052
	24,793
	20,456
	23,057
	33,067







Notes: T-value in parentheses; **, and *** denote statistical significance levels at 5% and 1%, respectively.
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Table 10. Robustness test: changing the explanatory variable and time-varying method.
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	Green

Credit
	Green

Credit
	Green

Credit
	Green

Credit
	Green

Credit
	Green

Credit
	Green

Credit
	Green

Credit





	
	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)



	FinTechlag2
	1.275 **
	
	
	
	
	
	
	



	
	(2.26)
	
	
	
	
	
	
	



	FinTechEdu
	
	0.034 ***
	
	
	
	
	
	



	
	
	(10.16)
	
	
	
	
	
	



	PKUCredit
	
	
	0.058 *
	
	
	
	
	



	
	
	
	(1.70)
	
	
	
	
	



	DT_index
	
	
	
	0.103 ***
	
	
	
	



	
	
	
	
	(9.24)
	
	
	
	



	DU_index
	
	
	
	
	0.109 ***
	
	
	



	
	
	
	
	
	(7.49)
	
	
	



	FTNews_freq
	
	
	
	
	
	1.399 ***
	
	



	
	
	
	
	
	
	(2.20)
	
	



	FTNews_prop
	
	
	
	
	
	
	39.223 ***
	



	
	
	
	
	
	
	
	(2.74)
	



	FinTech
	
	
	
	
	
	
	
	0.940 *



	
	
	
	
	
	
	
	
	(1.66)



	Control
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES



	Time-varying Control
	No
	No
	No
	No
	No
	No
	No
	YES



	Industry fixed effect
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES



	City fixed effect
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES



	Year fixed effect
	YES
	YES
	YES
	YES
	YES
	YES
	YES
	YES



	Observation
	33,067
	33,067
	33,067
	33,067
	33,067
	24,502
	24,502
	33,067







Notes: T-value in parentheses; *, **, and *** denote statistical significance levels at 10%, 5%, and 1%, respectively.
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Table 11. Robustness test: changing the explained variable.






Table 11. Robustness test: changing the explained variable.











	
	Green_Creditgov
	Green_Creditfin
	Green_Creditfinemploy





	
	(1)
	(2)
	(3)



	FinTech
	3.373 ***
	0.026 *
	1.527 ***



	
	(2.63)
	(1.94)
	(3.27)



	Control
	YES
	YES
	YES



	Industry fixed effect
	YES
	YES
	YES



	City fixed effect
	YES
	YES
	YES



	Year fixed effect
	YES
	YES
	YES



	Observation
	33,067
	33,067
	33,067







Notes: T-value in parentheses; *, and *** denote statistical significance levels at 10% and 1%, respectively.
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