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Achieving high-quality economic development is a crucial feature of China’s new development stage. As an environmental regulation tool by implementing a differentiated credit policy, green credit is an inevitable choice to achieve high-quality economic development. In this paper, ecological welfare performance is used to measure the level of high-quality economic development. And based on the panel data of 30 provinces during 2008–2019, the spatial Durbin model and mediating effect model are used to empirically study the direct and indirect effect of green credit on ecological welfare performance in China. The results show that: (1) China’s ecological welfare performance shows the positive global spatial correlation in the overall spatial scope, with local characteristics of high–high aggregation and low–low aggregation. (2) Green credit can significantly promote the ecological welfare performance of local regions, but has a negative spatial spillover effect on the ecological welfare performance of adjacent regions. (3) Green credit can boost ecological welfare performance by improving technological innovation, industrial structure upgrading, and energy consumption structure. Based on these conclusions, the policy recommendations are put forward.
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1 INTRODUCTION
Since entering the 21st century, China’s economic output has grown rapidly. China’s overall GDP expanded from 1.21 trillion dollars to 17.72 trillion dollars between 2000 and 2021, propelling it from sixth to second place in the globe (Han et al., 2018). The extensive development model generated from rapid economic expansion has resulted in negative development difficulties, such as low resource utilization, environmental degradation, low welfare output, and so on (Liu and Lin, 2019). For instance, in comparison to 2000, total energy consumption in 2020 increased by 256.55%. And sulfur dioxide emissions, chemical oxygen demand discharge, and industrial solid waste production totaled 3.18 million tons, 25.65 million tons, and 3.68 billion tons, respectively in 2020. China’s economy is currently transitioning from a high-speed growth stage to a high-quality development stage (Liu et al., 2021). The Sixth Plenary Session of the 19th Central Committee of the Communist Party of China (CPC) stated that high-quality economic development, in which green development has become a common form, should be realized. However, achieving high-quality economic development that considers social welfare output, resource conservation, and environmental protection is a difficult task for Chinese society (Zhao X. et al., 2022).
The Chinese government has released a number of measures aimed at achieving high-quality economic growth. The 19th National Congress of the CPC clearly stated that the growth of green finance is one road to achieving high-quality economic development (An et al., 2021), which is compatible with the worldwide financial community’s practical experience (Zhang S. et al., 2021). Moreover, it is estimated that the balance of green credit accounts for more than 90% of the total balance of green financing in China (Scholtens and Dam, 2007), as a result of the bank-dominated character of China’s financial system. Green credit is a new form of environmental regulation tool that can realize environmental protection by implementing differentiated credit policies for different enterprises (Zhang, 2021). Usually, it offers lower loan interest rates and credit support for clean and environmentally friendly enterprises. While on the contrary, it imposes tighter credit exposure for high-energy consumption and heavy pollution enterprises (Song et al., 2021). As the starting point to assist the construction of ecological civilization, green credit plays an important role in fostering the high-quality economic development in China.
At present, the urgent problem to be solved on the road to achieving high-quality economic development is to realize the balanced and coordinated development of resources, environment and welfare output. As the comprehensive performance indicator that can simultaneously characterize resource input, environmental pollution, and social welfare, ecological welfare performance (EWP) cannot only provide the quantitative standard for the level of high-quality economic development, but also provide a reference for policy formulation (Feng et al., 2019). Therefore, revealing the specific impact of green credit on EWP from both theoretical and empirical aspects, and further analyzing its transmission mechanism, is of considerable value for advancing the green transformation of the economy and achieving high-quality economic development.
This paper uses 30 provinces during 2008–2019 in China as research samples to explore the impact and the specific transmission mechanism of green credit on EWP. First, this paper theoretically analyzes the effect and transmission mechanism of green credit on EWP based on relevant theories, and makes hypotheses. Second, on the basis of utilizing Super-SBM DEA to measure EWP and conducting Moran’s I tests, the spatial Durbin model is selected to analyze the local impact and spatial spillover effect of green credit on EWP. Third, the mediating effect model is constructed to test the mediation effect of technological innovation, industrial structure upgrading, and energy consumption structure. Finally, this paper conducts robustness testing, and proposes policy recommendations based on conclusions.
The paper consists of 6 sections. Section 1 is the introduction. In Section 2, the literature review of the impact of green credit on EWP is provided shortly. Section 3 theoretically analyzes the impact mechanism of green credit on EWP, and puts forward hypotheses. In Section 4, the data and empirical methods are introduced. The empirical results of regression models are represented in Section 5. The conclusion and policy recommendations are discussed in Section 6.
2 LITERATURE REVIEW
This paper adopts the EWP to evaluate the level of high-quality economic development, and then studies the impact and specific transmission path of green credit on EWP. Based on the research content, the literature review is conducted from two aspects of EWP and green credit.
2.1 Research on ecological welfare performance
The proposal of EWP can be traced back to Daly’s evaluation method of measuring the level of regional sustainable development by the welfare output brought by unit resource consumption (Daly, 1974). On this basis, in order to measure the efficiency level of converting unit resource consumption into social welfare output, Zhu (2008) proposed the concept of EWP for the first time, and used the ratio of human development index to ecological footprint for computation. Starting from this, scholars have conducted in-depth research on the measurement methods, regional differences, and influencing factors of EWP. And considering EWP is a comprehensive indicator of social welfare that takes resource consumption and the ecological environment into account, many scholars used EWP to measure the level of green development (Hu M. et al., 2021; Song and Mei, 2022) and high-quality economic development (Wang and Feng, 2020).
First, in terms of the choice of measurement methods, there are two main methods for measuring EWP in the existing literature. The one is Data Envelopment Analysis (DEA) model and Stochastic Frontier Production model. For example, based on the EWP evaluation index system, some scholars used the Super-SBM DEA model (Bian et al., 2020; Wang et al., 2021), and Super-NSBM model that considers undesired output to measure the EWP (Hou et al., 2020). And Xiao and Zhang (2019) used Stochastic Frontier Production model to estimate the level of EWP in China. Another one is to use the definition ratio method to measure the EWP by the ratio of resource consumption to social welfare output (Knight and Rosa, 2011; Dietz et al., 2012; Zhang et al., 2018). For instance, some literature utilized per capita ecological footprint to measure resource consumption, and chose life expectancy, average happiness index, or human development index to measure welfare output. Second, on the basis of measuring EWP, some scholars have explored the different distribution pattern of regional level of EWP (Long et al., 2020; Yao et al., 2020; Hu M. et al., 2021). For example, Deng et al. (2021) found that the spatial distribution pattern of EWP in China was the strongest in the eastern region and weak in the central and western regions. Third, in the study of influencing factors of EWP, some scholars have pointed out that economic contribution rate (Jorgenson and Dietz, 2015), industrial structure upgrading (Li et al., 2019), technological innovation (Cheng and wang, 2022), resource recycling (Geng, 2020), etc. all significantly impact on EWP.
2.2 Research on green credit
In 2007, the concept of green credit was proposed in the “Opinions on Implementing Environmental Protection Policies and Regulations to Prevent Credit Risks” jointly issued by the State Environmental Protection Administration of China, the People’s Bank of China and the China Banking Regulatory Commission (Cao et al., 2021; Liu and He, 2021). In 2012, the “Green Credit Guidelines” formulated by the China Banking Regulatory Commission further strengthened the implementation of green credit policies (Hu G. et al., 2021). At now, the study on green credit largely focuses on two aspects: theoretical research and influencing effect.
First, in terms of theoretical study, several scholars have undertaken in-depth research on the operation mechanism, institutional innovation and risk management of green credit (Zhang et al., 2011; Xing et al., 2020; Xu, 2020; Zhu et al., 2021). Then based on the calculation and evaluation of its cost benefit and efficiency (Lin et al., 2020; Wen et al., 2021), some papers have taken the reform pilot area as an example to further explore the appropriate development path of green credit (Wang and Lin, 2021), and have proposed suggestions for promoting the development of green credit in China. Second, the research on the influencing effect of green credit largely focuses on micro and macro issues. On the one hand, research from the microscopic perspective mainly focuses on the impacts of green credit on the operational performance of commercial banks (Yin et al., 2021; Zhou et al., 2021), corporate technological innovation (Hong et al., 2021), and investment efficiency (Wang et al., 2020; Yao et al., 2021). On the other hand, most studies from the macro perspective focus on the impact of green credit policy on regional Total Factor Productivity (TFP) (Hu et al., 2022), technological innovation (Tan et al., 2022), industrial structure upgrading (Hu et al., 2020), energy consumption structure (Ma X. et al., 2021), etc.
Essentially, the green credit policy is a means of environmental regulation. At present, the literature on the impact of environmental regulation on high-quality economic development is abundant, but has different conclusions. For instance, some studies have found that environmental regulation policies may greatly promote the level of green and high-quality economic development (Chen et al., 2020). Some papers suggest that environmental regulation has a nonlinear influence on green innovation (Liu et al., 2022) and the development of green economy (Shuai and Fan, 2020; Wang, 2020; Ma and Xu, 2022). And some scholars pointed out that the implementation of environmental regulations will bring spatial spillover effects to high-quality economic development in adjacent areas (Feng and Chen, 2018). However, little literature has deeply explored the effect of environmental regulation on the level of high-quality economic development from the perspective of green credit policy.
Combing the above-related literature, it is found that the existing research mainly focuses on the following three aspects. First, the current analysis of the impact of green credit mainly focuses on micro levels, such as banks and firms. And most of the literature mainly discusses the effect of green credit on the development of local areas, without considering its spatial spillover effect. Second, existing studies mostly use indicators, such as green economic growth and green total factor productivity to measure the level of high-quality economic development (Hu Z. et al., 2021; Sun et al., 2022), and rarely use EWP for analysis. Third, most of the literature only analyzes the direct effect of green credit on high-quality economic development, but does not deeply analyze its specific transmission path.
In contrast, this article may contain the following three contributions. First, this article evaluates, from a macro viewpoint, the impact of green credit policies on the high-quality economic development of the local regions and the spatial spillover impact on adjacent regions using the spatial Durbin model. Second, this research analyzes the level of high-quality economic development from the standpoint of EWP by constructing an EWP evaluation index system that takes into account resource consumption, environmental pollution, and welfare output comprehensively. Third, the article employs the mediating effect model to investigate the transmission channel of the influence of green credits on EWP in terms of technological innovation, industrial structure upgrading, and energy consumption structure.
3 THEORETICAL ANALYSIS AND HYPOTHESES
This part theoretically discusses the direct effect of green credit on EWP, and also analyzes the indirect transmission effects of technological innovation, industrial structure upgrading, and energy consumption structure. The specific effect mechanism is shown in Figure 1.
[image: Figure 1]FIGURE 1 | The effect mechanism of green credit on EWP.
3.1 The direct effect of green credit on ecological welfare performance
Green credit influences the external financing channels of firms by applying differentiated credit rules for environmental protection enterprises and two-high enterprises (high-energy-consuming enterprises, high-pollution enterprises) (Zhang et al., 2021a). This can bring both macro and micro economic effects. From the macro perspective, green credit can change the flow of funds. It enables financial institutions to provide preferential loan interest rates and increase loan quotas for energy-saving enterprises and environmental protection enterprises, but truncate part credit funds of two-high enterprises (Chai et al., 2022; Zhang and Kong, 2022). Therefore, energy-saving enterprises and environmental protection enterprises can obtain sufficient funds to continuously improve the implementation of environmental protection projects (Cui et al., 2022). Furthermore, in order to prevent being eliminated by the market, the two-high enterprises are forced to enter the environmental protection industry through internal technology upgrading (Zhang et al., 2022b). This is helpful in optimizing the macroeconomic structure, fostering the growth of energy-efficient industries, and further enhancing EWP. From the micro perspective, on the one hand, green credit provides financial support for the operation, technical research and market application of environmental protection enterprises, which can ease external financing limitations and improve operational efficiency (Feng and Shen, 2021). On the other hand, to protect the security and profitability of funds, commercial banks and other financial institutions would increase their supervision of lending firms or projects, which can enhance the efficacy of capital allocation (Wen et al., 2021), boost welfare output, and ultimately improve EWP.
In addition, according to the pollution shelter effect (Ouyang et al., 2020), to meet business demands or get loan financing, two-high firms would transfer across areas, which might exacerbate environmental degradation and diminish the welfare output of adjacent regions. Based on the above analysis, Hypothesis 1 is proposed.
Hypothesis 1. Green credit can promote the level of local EWP, and have a negative spatial spillover effect on EWP of adjacent regions.
3.2 The indirect impact of green credit on ecological welfare performance
3.2.1 The mediation effect of technological innovation
First, in response to green credit rules, financial institutions such as banks may enhance credit assistance for environmental protection enterprises, which might alleviate the lack of funds (Wang F. et al., 2019). The growth of financing scale can allow environmental protection firms to expand more in equipment replacement and environmental protection technology research and development. The increase in R&D expenditure may further improve the efficiency of resource utilization, stimulate the generation of new knowledge and technologies, and promote regional technological innovation (Pan et al., 2021). Second, in order to fulfill market demand, polluting firms would moderately raise R&D expenditure to enhance the efficiency of green technology innovation (Ma Q. et al., 2021). Finally, when enterprises are confronted with the innovation compensation effect, in which the cost of pollution treatment and credit exceeds the investment in technology, they will improve or update technical equipment to achieve clean process development, which is advantageous for fostering technological innovation.
On the one hand, by enhancing the manufacturing process, technological innovation may accomplish resource recycling and pollution control (Velenturf and Jopson, 2019), which can minimize resource consumption and pollutant discharge. On the other hand, with the constant transformation of environmental protection technology, high-polluting firms are gradually eliminated from the market. But environmental protection firms with low pollution and high added value are growing their share in the market (Tian et al., 2022). This is favorable to the green transformation of the industrial structure and the development of social welfare. To sum up, technological innovation may enhance resource utilization efficiency and welfare output, and minimize environmental pollution, which is beneficial to the improvement of EWP. Based on the above analysis, Hypothesis 2 is proposed.
Hypothesis 2. Green credit can promote the EWP through technological innovation.
3.2.2 The mediation effect of industrial structure upgrading
Capital is a necessary factor for the establishment, survival, and development of enterprises. In order to alleviate internal financial limitations during the phases of manufacturing, operation, and scaling up, businesses must utilize bank credit for external funding. First, green credit enables environmental protection enterprises to obtain sufficient funds to maintain the development and upgrading of existing projects, then expand their scale continuously (Chen et al., 2022). On the contrary, due to the absence of availability of loan funds, the normal operation and scale expansion of two-high enterprises are constrained (Wang E. et al., 2019). Two-high enterprises would alter their internal structures in order to get loans, which would be beneficial to industry transformation and upgrading (Cheng et al., 2021). Second, the propensity loan policy of commercial banks also sends a signal to the market that the government supports the development of the green economy, which can not only indicate the direction of the development of emerging enterprises, but also can reduce the market share of the high-polluting industries. This signal may boost the growth and prosperity of the energy-saving and environmental protection sector, as well as the upgrading of industrial structures (Li and Chen, 2022).
With the upgrading of the industrial structure, the allocation efficiency of production factors has steadily increased, which is favorable to increasing the TFP and the social welfare output level. And due to the associated technology spillover effect (Huang et al., 2019), environmental protection enterprises may transmit knowledge and technology to other polluting firms through labor mobility and technology sharing, which can effectively increase resource utilization, reduce environmental pollution, and boost EWP. Therefore, Hypothesis 3 is proposed.
Hypothesis 3. Green credit can promote the EWP through industrial structure upgrading.
3.2.3 The mediation effect of energy consumption structure
The green credit policy favors low energy-consumption and low-pollution enterprises. In order to acquire loans, economic organizations will prefer to employ clean and renewable energy to replace fossil energy in production (Zhang et al., 2021b), which can minimize production pollution and optimize energy consumption structure. In addition, the implementation of green credit forces enterprises to carry out technological innovation and implement traditional energy transformation (Guo et al., 2019), which can promote the transformation of social energy consumption to a clean consumption reduction model. The clean transformation of the energy consumption structure may enhance the efficiency of energy utilization and minimize the production pollution output, which can assist in improving the EWP of the society. Therefore, Hypothesis 4 is proposed.
Hypothesis 4. Green credit can promote the EWP through optimizing energy consumption structure.
4 METHODS AND DATA
This article chooses the spatial Durbin model and the mediating effect model to empirically test the proposed hypotheses. The specific model selection, indicator measurement methods, and data sources are as follows.
4.1 Spatial autocorrelation analysis
4.1.1 Global spatial autocorrelation
In order to measure the global spatial distribution characteristics of China’s EWP, global spatial autocorrelation index (Moran’s I) is chosen (Li and Li, 2020). And the specific calculation method is shown in Eq. 1.
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where n is the number of space observation units; [image: image] and [image: image] stand for the specific data of space observation units [image: image], [image: image]; [image: image] is the mean of all spatial unit data; [image: image] represents spatial weight matrix. The value range of Moran’s I index is between [−1, 1]. When the Moran’s I value is equal to 0, it means that there is no spatial correlation between observation units. When the value is larger than zero, the spatial correlation between observation units is positive; otherwise, the spatial correlation between observation units is negative (Sun et al., 2021).
4.1.2 Local spatial autocorrelation
In this article, the local spatial autocorrelation features of China’s EWP are analyzed using Moran’s scatter plot. The Moran scatter plot divides the plane area into four quadrants corresponding to the four spatial distribution characteristics. The first and third quadrants stand for high–high aggregation and low–low aggregation, respectively, indicating that areas with high (low) observed values are surrounded by areas with high (low) observed values. The second and fourth quadrants represent low–high aggregation and high–low aggregation, which indicates that areas with low (high) values are surrounded by areas with high (low) observed values. The first and third quadrants represent a positive spatial correlation between observation units, implying that provinces with similar EWP values are clustered. Conversely, the second and fourth quadrants indicate a negative spatial correlation.
4.2 Econometric models construction
4.2.1 Spatial weight matrices
Four types of spatial weight matrices, including the spatial adjacency weight matrix, the geographic distance weight matrix, the economic distance weight matrix, and the nested weight matrix, are constructed for empirical analysis based on the research content and existing literature.
4.2.1.1 Spatial adjacency weight matrix
Based on the Queen adjacency rule (Yan et al., 2017), the spatial units with common boundaries or common vertices are defined as adjoining units. The specific calculation method is shown in Eq. 2:
[image: image]
4.2.1.2 Geographic distance weight matrix
In light of the fact that the influence strength of spatial effect is negatively correlated with the distance between spatial units, and in order to mitigate the decay speed of spatial effect with increasing distance, the square of reciprocal geographical distance ([image: image]) is chosen to construct the geographic distance weight matrix. Where [image: image] is calculated based on the latitude and longitude data. The specific calculation method is shown in Eq. 3:
[image: image]
4.2.1.3 Economic distance weight matrix
Due to the fact that geographical factors are not the only factors that produce spatial effects, spatial units with similar levels of economic development have greater opportunities for cooperation and exchange. Consequently, their spatial effects become more potent. Therefore, referring to the method of Pingfang et al. (2011), the economic variable X of different spatial units is selected to construct the economic distance weight matrix. The specific calculation method is shown in Eq. 4:
[image: image]
where [image: image] is the economic variable of space unit [image: image], which is measured using real GDP per capita; [image: image] represents the economic variable of the set of space units that share common boundary or vertices with space unit [image: image].
4.2.1.4 Nested weight matrix
In order to accurately describe the complexity of spatial effects brought by both geographical and economic factors, the nested matrix that organically combines the economic weight matrix and the geographical weight matrix is constructed. The specific calculation method is shown in Eq. 5:
[image: image]
where wd represents the geographic distance weight matrix; diag (…) stands for the diagonal matrix; [image: image], [image: image] is the mean value of the spatial unit economic variable X during the time period t0-t1; [image: image], [image: image] indicates the mean value of economic variable X of all spatial units during the investigation period.
4.2.2 Spatial econometric model
In consideration of the spatial autocorrelation characteristics of EWP, this article employs the spatial econometric model to assess the effect of green credit on EWP (Zhao P. et al., 2022). Before conducting the empirical analysis, this study firstly conducts LM test, LR test, and Hausman test based on panel data (Xie et al., 2021). The results are shown in Table 1.
TABLE 1 | Spatial econometric model testing.
[image: Table 1]In Table 1, the result of LM test shows that the models accept both the spatial lag model and the spatial error model at the 1% significance level under the geographic distance weight matrix and the nested matrix. Therefore, the spatial Durbin model combining the spatial lag model and the spatial error model should be considered. And according to the LR test, the spatial Durbin model cannot be degenerated into the spatial error model and the spatial lag model. The result of Hausman test suggests that the model with fixed effects should be chosen. To sum up, based on the test results in Table 1, it is reasonable to choose the spatial Durbin model with fixed effects for empirical analysis. The specific regression model is shown in Eq. 6.
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where [image: image] is the ecological welfare performance; [image: image] represents the spatial autoregressive coefficient of EWP; [image: image] stands for the spatial weight matrix; [image: image] indicates the spatial lag term of the EWP; [image: image] is green credit; [image: image] shows the impact of green credit on the EWP of local regions; [image: image] is the spatial lag term of green credit; [image: image] indicates the impact of green credit on the EWP of adjacent regions; [image: image] is the set of control variables; [image: image] represents the impact of control variables on the EWP of local regions; [image: image] stands for the spatial lag term of control variables; [image: image] represents the impact of control variables on the EWP of adjacent regions; [image: image] is fixed effects; [image: image] denotes random error term.
4.2.3 Mediating effect model
In addition, in order to analyze the specific indirect transmission mechanism of green credit on EWP, referring to the research of Wen and Ye (2014), the mediating effect model is constructed for empirical analysis. The specific regression models are shown in Eqs. 7, 8.
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where M represents the mediating variables, including technological innovation (Tec), industrial structure upgrading (Isa), and energy consumption structure (Es); [image: image] is the spatial regression coefficient; control represents the set of control variables; other symbols are consistent with Eq. 6.
4.3 Index introduction and data sources
4.3.1 Explained variable
Ecological welfare performance (EWP): Based on the principles of systematic and operability, with reference to the method of Long (2019), the EWP evaluation index system is constructed from three dimensions: resource consumption, environmental pollution, and welfare output. On the basis of using the entropy weight method to reduce the dimensionality of the three-level indicators, the Super-SBM DEA model considering undesirable output is chosen for calculation. The evaluation index system of EWP is shown in Table 2.
TABLE 2 | The evaluation index system of EWP.
[image: Table 2]4.3.2 Explanatory variable
Green credit (Gcl): The existing measurement methods of green credit are as follows. The first is the proportion of energy conservation and environmental protection project loans; the second is the proportion of green credit; the third is the proportion of bank loans in pollution control investment; the fourth is the proportion of interest expenses in six high-energy-consuming industries to the total interest expenditure of the industry. Among them, the data on energy conservation and environmental protection loans, green credits come from the Social Responsibility Report of the Commercial Bank of China, which is lacking for province data. After 2010, bank loans for pollution control investments were no longer counted. Therefore, the first, second, and third methods cannot be used. Referring to the research of Xie and Liu (2019), the fourth method is selected to measure green credit. However, the result of the fourth method is a negative indicator, that is, the higher the proportion of interest expenses in the six energy-intensive industries, the lower the level of green credit. In order to analyze the effect of the data directly, the difference method is employed to turn it into a positive indicator.
4.3.3 Mediating variables
Technological innovation (Tec): Since patents are an important activity output of technological innovation, the number of patent authorizations is used to estimate the level of technological innovation.
Industrial structure upgrading (Isa): This article measures the level of Isa referring to the research method of Fu (2010). First, the GDP is divided into three parts according to three kinds of industries. The proportion of each part of the added value to GDP is used as a component in the space vector. These three components form a set of three-dimensional vectors X0: (x1,0, x2,0, x3,0). Second, according to Eq. 9, the angles [image: image], [image: image], [image: image] between X0 and the vectors X1 = (1, 0, 0), X2 = (0, 1, 0), X3 = (0, 0, 1) are calculated. Finally, the level of Isa is calculated according to Eq. 10. The larger the Isa, the higher the level of industrial structure upgrading.
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Energy consumption structure (Es): Referring to the research method of Shaohua et al. (2015), this paper chooses the ratio of energy consumption other than coal to total energy consumption to measure the level of Energy consumption structure. And the amount of energy consumption is calculated according to the conversion factor of standard coal. The larger the ES value is, the more optimized the energy consumption structure is.
4.3.4 Control variables
Existing studies have pointed out that factors, such as urbanization, economic scale, fiscal expenditure, industrial structure, and environmental regulation all have an impact on ecological welfare performance (Naigang and Lin, 2021; Yuanjian et al., 2021). Therefore, in order to alleviate the endogeneity problem of empirical analysis, this article selects these variables as control variables. The specific calculation method is as follows.
Urbanization level (Urb): measured by the ratio of the urban population to the total population. Economic scale (Eco): estimated by the ratio of regional real GDP to national GDP. Fiscal expenditure (Fe): represented by the proportion of government fiscal expenditure in GDP. Industrial structure (Is): expressed by the proportion of the added value of the secondary industry to GDP. Environmental regulation (Er): measured by the proportion of investment in pollution control to GDP.
4.3.5 Data sources
In order to assure the integrity and consistency of data, the data during 2008–2019 of 30 provinces in China except Hong Kong, Macao, Taiwan and Tibet is chosen for research. The descriptive statistics of the data are shown in Table 3. Among them, the data of green credit are collected from the National Bureau of Statistics and the China Industrial Statistical Yearbook (2009–2020); the data of EWP evaluation system come from the China Statistical Yearbook (2009–2020), China Environmental Yearbook (2009–2020) and China Environmental Statistical Yearbook (2009–2020); the data of technological innovation are collected from Chinese Research Data Services database; the data of energy consumption and standard coal conversion coefficient are collected from Economy Prediction System database and China Energy Statistical Yearbook (2009–2020).
TABLE 3 | The descriptive statistics of the data.
[image: Table 3]5 EMPIRICAL RESULTS
5.1 The results of Moran’s I index of ecological welfare performance
In order to verify the spatial correlation of EWP, the STATA software is used to calculate the Moran’s I index of EWP in China from 2008 to 2019 based on four types of spatial weight matrices. The results are shown in Table 4.
TABLE 4 | The Moran’s I index of EWP.
[image: Table 4]From Table 4, it can be seen that the global Moran’s I statistics of China’s EWP are positive during the study period based on spatial weight matrices. This indicates that there is a positive global spatial correlation between EWP in the overall spatial scope, which means that provinces with higher (lower) EWP are adjacent to provinces with higher (lower). The EWP of each province is not only affected by its own economic development, but also by the surrounding provinces’ EWP, economic development and other factors. Therefore, this also verifies that it is reasonable to consider the spatial correlation of EWP in the empirical analysis.
5.2 The results of Moran scatter plot
In order to further characterize the local spatial aggregation characteristics of EWP, this part depicts the Moran scatter plots. Figure 2A, Figure 2B and Figure 2C show the Moran scatter plots of provinces in 2008, 2014, and 2019 (limited to paper length, only the results based on the spatial adjacency matrix are reported). Where the horizontal axis is the standardized value of EWP, and the vertical axis is the spatial hysteresis, that is, the average value of EWP in the surrounding area.
[image: Figure 2]FIGURE 2 | Moran scatter plots of EWP of China. (A) Moran scatter plot in 2008. (B) Moran scatter plot in 2014. (C) Moran scatter plot in 2019.
The Moran scatter plot has four quadrants, representing different distribution characteristics. It can be seen from Figure 2A, Figure 2B, and Figure 2C that most provinces are concentrated in the first quadrant and third quadrant, showing the characteristics of high–high aggregation and low–low aggregation. This shows that China’s EWP is not only spatially dependent, but also spatially different.
5.3 Analysis of the effect of green credit on ecological welfare performance
The sample data are regressed according to the established spatial Durbin model (Eq. 6). To reflect the robustness of the result, the regression results of the spatial Durbin model under geographic distance weight matrix and nested matrix are both provided in Table 5.
TABLE 5 | The results of spatial Durbin model.
[image: Table 5]In Table 5, first, the spatial autocorrelation coefficient [image: image] of the spatial Durbin model under the geographic distance weight matrix and the nested matrix are 0.3187 and 0.2770, both of which are significant at the 1% level. This indicates that there is positive spatial spillover effect of the EWP among provinces. Second, under spatial weight matrices, the regression coefficients of green credit on the EWP of local regions are 0.5616 and 0.5585, and both pass the significance test at the 1% level, indicating that green credit can significantly improve the EWP of local regions. However, the spatial spillover effect of green credit on adjacent areas is the opposite, with coefficients of −2.4771 and −2.2301 respectively, indicating that local green credit has a negative spatial spillover effect on the EWP of adjacent regions. Therefore, Hypothesis 1 holds.
Given that the spatial Durbin model contains explanatory variables with spatial correlation and their spatial lags, the regression coefficients of the model cannot fully explain the spatial spillover relationship between the dependent variable and the independent variable. In order to analyze the spatial spillover effects of green credit on EWP in detail, the spillover effects are decomposed into direct effects and indirect effects based on the partial differentiation method. The direct effect and indirect effect respectively represent the effect of the explanatory variable on the explained variable in the local or adjacent areas. The results are reported in Table 5. It shows that under the geographic distance weight matrix and nested matrix, the coefficients of direct effect are significantly 0.4140 and 0.4490. And the coefficients of indirect effect are significantly −3.2671 and −2.7983. Consistent with the previous regression coefficient’s conclusion, it implies that green credit can improve EWP, but has negative spatial spillovers to adjacent regions.
5.4 Analysis of the mediation effect of green credit on ecological welfare performance
The empirical regression results of spatial Durbin model show that green credit can promote the EWP. In order to analyze the mediating transmission mechanism of the impact of green credit on EWP in local regions, The mediating effect model is used to validate the transmission roles of technological innovation, industrial structure upgrading, and energy consumption structure in the relationship between green credit and EWP. The results under the nested matrix are shown in Table 6.
TABLE 6 | The results of mediating effect model.
[image: Table 6]In Table 6, column 1) represents the result of the impact of green credit on EWP. Columns 2), 4), and 6) present the spatial impact of green credit on technological innovation, industrial structure upgrading, and energy consumption structure, respectively. Columns 3), 5), and 7) show the impact of technological innovation, industrial structure upgrading, energy consumption structure on EWP and the direct impact of green credit on EWP. It can be seen from Table 6 that the spatial autocorrelation coefficient ρ of technological innovation, industrial structure upgrading, and energy consumption structure is significantly positive at the 1% significance level. It indicates that all three mediation variables have positive spatial spillover effects. The results also verify the rationality of using the spatial econometric model for the mediating test model.
First, the results of columns 2), 4) and 6) show that the regression coefficients of green credit on technological innovation, industrial structure upgrading and energy consumption structure in local regions are 1.9920, 0.9097, and 0.2304, indicating that green credit can promote technological innovation, industrial structure upgrading and energy consumption structure. In addition, it also can be seen from columns 3), 5) and 7) that the regression coefficients of technological innovation, industrial structure upgrading and energy consumption structure on EWP in local regions are 0.1261, 0.2026, and 1.0874, representing that technological innovation, industrial structure upgrading, and energy consumption structure all play a positive role in boosting EWP. To sum up, according to the testing results of the mediating effect model, green credit can enhance EWP by boosting technological innovation, industrial structure upgrading, and energy consumption structure. Therefore, Hypotheses 2, 3, and 4 hold.
In addition, the results indicate that the spillover effects of green credits on mediating variables varied. The results of columns 2) represent that the regression coefficient of green credit on technological innovation of adjacent areas is significantly positive, indicating that green credit has a positive spillover effect on technological innovation of adjacent regions. However, it can be seen from columns 4) and 6) that the regression coefficient of green credit on industrial structure upgrading and energy consumption structure in adjacent areas are negative, representing that green credit retrains industrial structure upgrading and energy consumption structure of adjacent regions. Meanwhile, there are differences in the adjacent spillover effects of mediation variables on EWP. It can be seen from columns 3), 4), and 7) that technological innovation can promote EWP of adjacent areas, while industrial structure upgrading and energy consumption structure negatively impact EWP of adjacent areas.
Furthermore, in order to further verify the reliability of the test results of the mediating model, the bootstrap test which was randomly sampled 500 times is chosen for verification. The results are shown in Table 7.
TABLE 7 | The results of bootstrap test.
[image: Table 7]The results of Table 7 indicate that the indirect and direct effects of the mediating variables all do not contain 0 within the 95% confidence interval based on the percentile method and the bias-corrected percentile method, meaning that mediation effect of variables are significant. Therefore, technological innovation, industrial structure upgrading, and energy consumption structure all have a mediation effect on the impact of green credit on EWP, which is the same as the result of Table 6.
5.5 Robustness test
To test the robustness of the empirical results, two methods are chosen for re-estimation of models. First, referring to the method of Qi and Yang (2018), the geographic distance weight matrix is used to re-estimate models. The results are shown in Table 8. Second, different measurement methods of variables are selected for re-estimation of model on the basis of the nested weight matrix. The results are shown in Table 9. Among them, the number of patent applications is used as a substitute variable for scientific and technological innovation; the proportion of output value of tertiary industry in GDP is utilized as substitute variable for industrial structure upgrading; the ratio of natural gas consumption to total energy consumption is selected as a substitute variable for energy consumption structure.
TABLE 8 | The results of robustness test (replacement of weight matrix).
[image: Table 8]TABLE 9 | The results of robustness test (replacement of variable measurement methods).
[image: Table 9]From Table 8 and Table 9, it can be seen that the impact of green credit on EWP and the mediation role of technological innovation, industrial structure upgrading, and energy consumption structure is basically the same as the results of Table 5 and Table 6. To sum up, the results of this paper are robust.
6 CONCLUSION, DISCUSSION AND POLICY RECOMMENDATIONS
Exploring the link between environmental regulation and high-quality economic development is the primary theme of sustainable development economics and green economics. This study utilizes panel data from 30 provinces in China during the period 2008–2019 to explore the association between China’s green credit and EWP. First, on the basis of using Moran’s I test and Moran scatter plot to analyze the spatial distribution characteristics of EWP, the spatial Durbin model is used to explore the spatial impact of green credit on EWP. Second, the mediating effect model is used to specifically analyze the mediation role of technological innovation, industrial structure upgrading, and energy consumption structure. In the light of the empirical results, this part draws and discusses the major conclusions, and then proposes policy recommendations.
6.1 Conclusion and discussion
First, China’s EWP shows significantly positive spatial correlation in both temporal and spatial dimensions, which is basically consistent with existing research results (Feng et al., 2019). Therefore, future studies on EWP must take its spatial autocorrelation into account. In addition, the value of EWP is characterized by high–high aggregation and low–low aggregation, which indicates that regions with high (low) EWP levels are surrounded by regions with high (low) EWP in China. The positive spatial correlation of EWP may be due to the following reasons. On the one hand, knowledge, technology diffusion and industrial transfer in provinces with high EWP can improve the supply of capital elements such as manpower and technology in areas with lagging EWP, which will help improve the EWP of adjacent areas. On the other hand, the effect of learning, demonstration and cooperation between adjacent regions is also conducive to the improvement of EWP in underdeveloped regions.
Second, the results of spatial Durbin model show that green credit can significantly promote the EWP, but has a negative spatial spillover effect on the EWP of adjacent areas. According to the existing research findings, it can be explained as follows. The differentiated lending policy of green credit may not only offer environmental protection firms adequate finances to promote the execution of environmental protection projects, but also push the two-high enterprises to enter the clean industry. This facilitates industrial structure upgrading and the reduction of environmental pollution (Peng et al., 2022). Furthermore, under the supervision of financial institutions, the efficiency of enterprise operation, technology research, development and application has been gradually optimized. In the process, more welfare outputs are obtained and EWP is improved in local regions. However, according to the “pollution shelter effect” (Zhang et al., 2021a), two-high enterprises will relocate to regions with looser environmental rules in order to escape the high expenses brought by green credit. This will increase the environmental pollution and limit the enhancement of EWP in transferred areas.
Third, the results of the mediating effect model show that green credit can improve EWP by promoting technological innovation, industrial structure upgrading, and energy consumption structure. Through the differentiated loan terms implemented by banks, environmental protection enterprises can obtain sufficient loan funds to increase investment in research and development, hence, fostering ultimately technological innovation. Then, as a result of “the innovation compensation effect,” the two-high enterprises would adjust their internal structures, develop clean processes, and raise the level of technological innovation even further. In this process, traditional energy consumption can be transformed into a mode of clean consumption reduction, which is conducive to optimizing the structure of energy consumption and achieving industrial structure upgrading. Through technological innovation, industrial structure upgrading, and the optimization of energy consumption structure, on the one hand, through technological innovation, industrial structure upgrading, and the optimization of energy consumption structure, resource recycling, energy utilization, and pollution control may be made more effective, which is possible to limit resource use and environmental pollution per unit of welfare production. On the other hand, production factors might migrate to higher-level industries, therefore, optimizing allocation efficiency and increasing total factor productivity (TFP). This can allow the society to gain higher welfare output and to realize the improvement of EWP.
Although there are research contributions in this study, there are still shortcomings that need to be improved. First, due to the limits of environmental pollution data, this study only used provincial-level data. In the follow-up research, industry data, and microenterprise data can be collected for targeted analysis of the impact of green credit (He et al., 2019; Zhang et al., 2022a). Second, due to data availability limits, the control variables in the regression model are all socioeconomic factors. The influence of regional natural resource endowment should be further considered in the next study. Third, the threshold effect and heterogeneity effect of green credit are not considered in this study. In the subsequent studies, it is advisable to refer to the existing research methods (Sun et al., 2020) to further analyze the nonlinear impact of green credit policy. In addition, the heterogeneity effect of green credit can be analyzed according to regional or development level differences (Hu et al., 2022).
6.2 Policy recommendations

(1) Improve the order of interprovincial cooperation and competition, and utilize the spatial positive autocorrelation effect of EWP. The government and other relevant functional departments should strengthen relevant laws and regulations, actualize the cross-regional connection mechanism of environmental governance. In this process, enterprises can drive the common growth of China’s EWP by making full use of the positive spatial correlation of EWP and realizing healthy competition in the field of environmental protection.
(2) Complete the policy system of green credit and build green channel for credit funds. The government, financial institutions, and microenterprises fully play the synergy, establish credit tightening mechanism for two-high enterprises and loan incentive mechanism for environmental protection enterprises. In this process, safeguard measures, such as green credit approval and risk assessment should be improved. Credit data connection platform among government departments, financial institutions, and microeconomic individuals should be built to enhance the circulation of green credit funds.
(3) Play the supervision role of financial institutions, alleviate the risks of enterprise innovation and transformation, and adjust the propensity of energy consumption. Green credit needs to implement differentiated loan policies to encourage more credit funds to invest in green and environmental protection industries, which is conducive to the realization of technological innovation. At the same time, the supply of loans to high-pollution enterprises should be tightened, forcing them to adjust their internal structures and promote the green transformation and upgrading of their industrial structures. Furthermore, the People’s Bank of China should adjust the credit rationing system, which can increase the proportion of clean and renewable energy consumption and improve the energy consumption structure.
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