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Investigating the relationship between green finance (GF), government environmental governance (GEG), and green economic efficiency (GEE) is essential for developing sustainable development policies. This study uses panel data from 30 provincial administrative regions in China, covering the period from 2011 to 2021, to assess the effects of GF and GEG on GEE through the Spatial Durbin Model. The findings reveal several key points. First, most provinces are in low-low spatial clusters in terms of GEE, though there is a gradual improvement over time. Second, GF significantly enhances GEE, while GEG has a notable inhibitory effect. Third, GF exhibits a positive spatial spillover effect on the GEE of neighboring regions, whereas GEG shows a negative spatial spillover effect. Fourth, these spillover effects are mainly observed in the eastern regions, with little significance in the central and western areas. Moreover, one of the GEG indicators, environmental regulation, demonstrates a positive spatial spillover effect in the eastern region, contrary to the overall negative national trend. In general, this paper examines the interplay among the three variables within a unified analytical framework, filling the gaps in existing research. Furthermore, the paper delineates GEG into environmental regulation and environmental investment, which is a dimension frequently neglected in current research.
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1 INTRODUCTION
Since the reform and opening up in 1978, China has made remarkable advancements in its economic development. According to statistics released by China’s National Bureau of Statistics, the country’s per capita Gross Domestic Product (GDP) surged from 385 yuan in 1978 to 89,358 yuan in 2023, reflecting an average annual growth rate of 12.9%. Despite the economic expansion, the ecological environment has gradually declined. A report from the Ministry of Ecology and Environment of China indicates that sulfur dioxide emissions soared to 2.435 million tons in 2022. Clearly, this economic miracle has come with significant environmental costs. The Chinese government once prioritized economic growth almost to the exclusion of environmental protection. To address this, in September 2009, the government implemented a green development strategy to tackle environmental pollution and facilitate the transition towards a green economy (GE) (Falcone, 2020). Concurrently, the government has strengthened its environmental governance. The annual report on China’s ecological environment statistics shows that national investment in environmental governance surged from 452.52 billion yuan in 2009 to 901.35 billion yuan in 2022. Moreover, as finance is crucial for supporting real industries, Green Finance (GF) acts as an “accelerator” in the transition from a traditional economy to a GE. Specifically, GF imposes stricter credit constraints on high-pollution and high-energy-consuming corporations, encouraging them to invest in technological innovation and reduce pollutant emissions, thus GF has become one of the essential policy tools for promoting green transformation and strengthening environmental governance (Gao et al., 2024b; Lee, 2020; Rasoulinezhad and Taghizadeh-Hesary, 2022; Wang L. et al., 2022).
The concept of GE can be defined as a novel economic development model that emphasizes advanced technology, minimizes environmental harm, and sustains economic growth (Georgeson et al., 2017; Jänicke, 2012). Moderate environmental regulation in government environmental governance (GEG) can incentivize innovation among enterprises, positively impacting the development of a GE. Additionally, GF can reinforce credit constraints of high-pollution and high-energy-consuming corporations, thus promoting the growth of a GE (Falcone, 2020; Lee, 2020; Naseer et al., 2022; Yao, 2021). However, due to differences in research methods and sample selection, existing studies on the nexus among GF, GEG, and the GE have not reached a unified consensus, and these studies only focus on the pairwise relationships between these variables. Meanwhile, existing studies simply summarize GEG as environmental regulation, while in fact, government environmental governance includes both environmental investment and environmental regulation (Wu et al., 2020).
Therefore, the marginal contributions of this paper are to study how GF and GEG jointly affect the GEE, putting them into a unified analytical framework, and subdivide GEG into two aspects: environmental investment and environmental regulation, and consider the spatial spillover effect of each variable simultaneously.
This paper utilizes panel data from 30 provincial administrative regions in mainland China (excluding Tibet) spanning from 2011 to 2021. It assesses the GE using the Slack-Based Measure (SBM) model incorporating undesired output to build the green economic efficiency (GEE) variable, evaluates GEG comprehensively, and establishes the GF index using the entropy method to gauge the development level of GF. The Spatial Dubin Model (SDM) is employed to examine the impact of GF and GEG on GEE, while also considering the spatial spillover effects of each variable. The extensive research samples and scientific rigor of the methods help accurately understand the relationships among the three variables, thus providing a reference for formulating GE development policies.
This paper is divided into six parts: introduction, literature review, theoretical basis and research hypothesis, research design, empirical analysis, and conclusions and discussions. The introduction summarizes the background and significance of this study. The literature review examines the relevant literature on the three variables involved. The theoretical basis and research hypothesis section elaborates theoretical foundations and research hypotheses of this study. The research design section discusses the selection criteria for each variable and the construction of models. The empirical analysis part describes the model outcomes and interprets those findings. Finally, the conclusions and discussions section describes the research conclusions, offers relevant policy recommendations, and discusses possible research deficiencies.
2 LITERATURE REVIEW
GEE is defined as the overall economic efficiency of an economic system in generating more economic output while incurring fewer environmental costs (Wang et al., 2019; Zhao et al., 2020). Improving the GEE is a process led by the GEG and requires multi-body participation, particularly the role of GF in promoting the transformation towards GE (Bennett and Satterfield, 2018; Falcone, 2020; Wu et al., 2020).
Research on the impact of GF on the GE mainly focuses on high-quality development, reducing pollutant emissions, and transitioning to a GE. These indicators are directly associated with GEE (Wang et al., 2019; Zhao et al., 2020). First, GF notably boosts high-quality economic development in the short term, with technological innovation playing a partial intermediary role, but over the long term, GF does not have such a positive influence on high-quality economic development (Liu et al., 2021; Wang R. et al., 2022). Then, in terms of reducing pollutant emissions, GF has significantly inhibited emissions from highly polluting enterprises by strengthening credit constraints on them (Rasoulinezhad and Taghizadeh-Hesary, 2022; Wang L. et al., 2022). Finally, for economic transformation, the development of GF can accelerate the transition process from a traditional economy to a GE (Falcone, 2020; Gao et al., 2024a). Additionally, the coordination between GF and the GE in China is barely satisfactory, with the overall coordination level exhibiting a high level of spatial dependence (Liu et al., 2020). Therefore, the GEE, as proposed in this paper, has a theoretical basis for being affected by GF. At the same time, a study has found that the coordination between GF and the GE in China is currently only marginally satisfactory. Thus, investigating the impact of GF on GEE is essential for improving the coordination between GF and the GE.
GEG mainly includes environmental investment (EI) and environmental regulation (ER) (Tang et al., 2018; Wu et al., 2020). Existing literature predominantly focuses on the influence of GEG on GEE through the lens of ER. The main research results are as follows: first, the Chinese government’s ER has an inverted “U” effect on GEE, meaning moderate ER can promote GEE, while too much or too little ER will inhibit GEE (Luo et al., 2021; Shuai and Fan, 2020). This inverted “U” effect is not limited to China; other regions, such as the European Union, also reflect this effect on GEE (Dzwigol et al., 2023). Second, there is notable regional variation in how ER influences GEE. For instance, in the national and eastern regions of China, ER affects GEE in an inverted “U” shape, while in the central and western regions, the impact is consistently negative (Shuai and Fan, 2020). A specific study focusing on detailed regions, such as the Beijing-Tianjin-Hebei area, reveals that the impact of ER on GEE mirrors the entire country’s trend, showing an inverted “U” shaped impact (Li B. et al., 2021). Thus, although the overall trend of ER’s impact on GEE is consistent, significant regional heterogeneity is observed. However, current research often simplifies GEG to the variable of ER, failing to comprehensively evaluate GEG.
Studies on the influence of GF on GEG are limited, but GF is increasingly being employed as a tool for environmental governance by the Chinese government. In terms of macro policy framework, the Chinese government issued “Green Credit Guidelines” in 2012, defining the governance logic of GF policy (Li et al., 2022; Wang X. et al., 2022). Regarding micro policy implementation, the government can fund green projects through direct budget allocation and provide financing channels for GF (Rasoulinezhad and Taghizadeh-Hesary, 2022). Specifically, GF led by the Chinese government incentivizes short-term financing behaviors of high-pollution and high-energy-consuming corporations, but in the long term, it significantly inhibits their investment behaviors, with a heterogeneous impact on different types of corporations (Gao et al., 2024c; Wang X. et al., 2022; Zhang et al., 2021). Clearly, GF has become a crucial supplementary tool for the Chinese government in environmental governance.
Based on the above literature, it can be concluded that regarding the relationship among GF, GEG, and GEE, existing research primarily analyzes the relationship between two out of the three variables, with few studies considering all three together. Since GF, GEG, and GEE are interrelated, it is important for the Chinese government to analyze how GF and GEG jointly affect GEE. Moreover, existing research often evaluates GEG solely from the perspective of ER. Therefore, this study uses both EI and ER to comprehensively evaluate GEG.
3 THEORETICAL BASIS AND RESEARCH HYPOTHESIS
3.1 Theoretical foundations
3.1.1 Porter hypothesis
The key point of Porter hypothesis is that moderate GEG can be seen as an “innovation incentive” for enterprises, encouraging them to seek more environmentally friendly and efficient production technologies, thereby improving resource utilization efficiency and creating new business opportunities (Porter and van der Linde, 1995). Although meeting environmental standards may incur additional costs in the short term, in the long run, this stimulus will encourage companies to engage in technological innovation, develop new products, or enter new markets, thereby enhancing their competitiveness.
Under the theoretical framework of Porter hypothesis, the development of GF has become a bridge connecting GEG and corporate innovation. GF can provide funding for enterprises to invest in green technology research and development (R&D) (Shi et al., 2022). The green upgrade of technology will enable them to meet environmental requirements and further gain competitive advantages. GF can not only help businesses address environmental challenges, but also complement other green development policies of the government, forming a virtuous cycle that encourages green innovation and investment.
The Porter hypothesis provides theoretical support for GF, emphasizing the positive relationship between environmental policies and corporate innovation. In such a framework, GF is seen as a key medium for promoting enterprises to adapt to GEG and achieve green and sustainable economic growth.
3.1.2 Environmental Kuznets curve
The Environmental Kuznets Curve (EKC) is a theoretical model used in economics to describe the relationship between economic development and environmental pollution. The EKC suggests that in the process of economic development in a country or region, environmental pollution will first increase with economic growth. But after reaching a certain turning point, with further economic development, environmental pollution will begin to decline, and this relationship presents an inverted “U” shaped curve (Kaika and Zervas, 2013).
The EKC curve provides an important theoretical reference for the development of GF. On the one hand, GF can be seen as a tool to help economies reach or reduce the inverted U-shaped peak of EKC earlier, by providing funding for clean technology research and environmental protection projects, thereby reducing environmental pressures faced in economic growth (Bakry et al., 2023). On the other hand, the EKC curve provides a guide for financial institutions to recognize that as the economy develops, environmental risks may gradually evolve into important financial risks (Alola and Ozturk, 2021). GF products can therefore be designed to respond to these risks, providing protection for investors and lending institutions. All of these contribute to the improvement of GEE (Sun et al., 2021).
3.1.3 Externality theory
In economics, externalities refer to the effects of economic behavior on the public that are not reflected in market prices. Specifically, they can be divided into positive externalities that have a beneficial impact on the public and do not require repayment, and negative externalities that have an adverse impact on the public and do not require payment (Tisdell, 1970).
While economic growth leads to an increase in GDP, it often also causes environmental pollution, such as the discharge of wastewater, exhaust gas, and soot. The emissions of these pollutants often bring negative externalities, causing harm to the public while no one pays for the pollution (Zhao et al., 2017). Therefore, there are two aspects worth considering. Firstly, the government needs to carry out environmental governance to weaken the negative externalities caused by pollution, such as investing in environmental protection, strengthening environmental regulations, or levying Pigouvian taxes (Andrew, 2008). Obviously, the theory of externalities provides theoretical support for GEG. Secondly, the concept of GEE needs to be introduced to comprehensively measure economic efficiency by combining inputs, desired outputs, and undesired outputs (Zhao et al., 2020). When considering economic growth, pollution issues should also be considered. Clearly, the externality theory also provides the basis for GEE.
3.2 Research hypothesis
To further refine the theoretical framework of the research, the following research hypotheses are proposed in this paper.
Hypothesis 1:. The development of GF will promote GEE.
GF is an important lever for reducing pollutant emissions and improving GEE. The purpose of GF is to provide green loans to enterprises, support their green development, and facilitate green projects. On one hand, GF can promote technological transformation and drive the advancement of green technologies (Duchêne, 2020). On the other hand, GF facilitates the improvement of industrial structures and safeguards the development of environmentally friendly industries (Ozili, 2022). Additionally, since production factors are fixed, the inflow of financial resources into green industries will result in reductions in the production factors available to traditional “non-green” industries (Afzal et al., 2022). These mechanisms are all directly related to GEE, and they all serve as positive mechanisms affecting GEE. Hence, this paper hypothesizes that the enhancement of GF will promote GEE.
Hypothesis 2:. GEG will affect GEE, and the sign of this impact depends on the intensity of intervention.
The Porter Hypothesis posits that moderate government intervention in the environment can promote technological innovation, thereby enhancing economic efficiency. However, excessive government environmental intervention can increase production costs for businesses and reduce their competitiveness, which is detrimental to the improvement of economic efficiency (Brännlund, 2009). The inverted U-shaped impact of ER on GEE presented in the literature review also partially corroborates this point (Luo et al., 2021; Shuai and Fan, 2020). Therefore, this paper hypothesizes that GEG will affect GEE, but the direction of the impact depends on the intensity of GEG.
Hypothesis 3:. The EI and ER within GEG will have heterogeneous impacts on GEE.
The existing research, as described in the literature review, has expounded the inverted U-shaped impact of ER on GEE (Luo et al., 2021; Shuai and Fan, 2020). Despite the absence of research on the impact of EI on GEE, EI affects indicators like pollutant emissions and economic profits that are directly related to GEE, with its impact showing an inverted U-shape for some and a direct positive or negative effect for others (Chen et al., 2024; Pekovic et al., 2018). Clearly, unlike the consistent impact of ER on GEE, there is no consensus on how EI affects GEE. Therefore, this study hypothesizes that there is heterogeneity in the impact of EI and ER on GEE.
Hypothesis 4:. A province’s GF will have a positive spillover effect on the GEE of neighboring provinces, while an unreasonable GEG will indirectly promote the GEE in neighboring provinces.
Finance is a fluid resource that not only affects the local area but also spills over to surrounding provinces. Due to the expansive nature of capital, GF, in order to expand its development, will invest in neighboring provinces, seeking more growth, and thus will generate spatial spillover effects (Kwilinski et al., 2023). Government intervention can also produce spillover effects. If a regional government intervenes excessively, it will cause the resources of that area to be squeezed out to neighboring areas where intervention is relatively lighter (Ezcurra and Rios, 2020; Li X. et al., 2021). Therefore, this paper hypothesizes that GF has a positive spatial spillover effect, and unreasonable GEG will also generate a positive spatial spillover effect.
Moving forward, this paper will focus on the theoretical foundations and these four hypotheses and conduct empirical research to comprehensively verify their validity.
4 RESEARCH DESIGN
4.1 Model settings
4.1.1 Benchmark regression model
This paper first examines the influence of GF and GEG on GEE by introducing a benchmark panel data regression model. Referring to the model constructions of existing studies, the following panel regression model is built (Duchêne, 2020; Sachs et al., 2019; Wu et al., 2020). See Formula 1.
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In Formula 1, [image: image] is the province and [image: image] is the time. [image: image] stands for green economic efficiency, [image: image] stands for green finance, [image: image] stands for government environmental investment, and [image: image] stands for government environmental regulation. [image: image] and [image: image] respectively measure the interaction between GF and EI and ER (Bouchmel et al., 2024; Tong et al., 2022). To prevent endogeneity due to the omission of important explanatory variables, the control variable, [image: image] is introduced, and [image: image] is a random error term. Among them, [image: image] and [image: image] measure GEG from two aspects respectively. The control variable [image: image] includes urbanization rate ([image: image]), opening ([image: image]), industrial structure ([image: image]), and green innovation ([image: image]).
4.1.2 Spatial effect model
GF and GEG not only impact local GEE but also have a spatial spillover effect on neighboring provinces’ GEE. Therefore, a spatial econometric model is formulated to investigate the spatial effects of GF and GEG on GEE.
First, the spatial correlation of the data needs to be assessed using the global Moran index and the local Moran index. The spatial econometric model can only be applied when the data exhibit significant spatial correlation. See Formulas 2, 3 respectively.
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In Formulas 2, 3, [image: image] represents provinces, [image: image] represents GEE, GF, EI, and ER, and [image: image] represents spatial weight matrix.
Moreover, the spatial econometric model must choose a suitable spatial weight matrix. The method usually used in studies is to calculate whether provinces are adjacent based on the longitude and latitude of different provinces, to obtain the adjacency matrix as the spatial weight matrix (Zeng, 2022). See Formula 4.
[image: image]
Finally, it is concluded that the spatial econometric model is applicable, and the spatial weight matrix mentioned above is chosen. The SDM is selected by conducting model selection tests, and this model is used to evaluate the spatial influence of GF and GEG on GEE. See Formula 5 for model construction.
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Formula 5 includes the coefficient [image: image] for explanatory variables, the spatial spillover coefficient [image: image] for explanatory variables, the random error term [image: image], province denoted by [image: image], time denoted by [image: image], spatial autoregressive coefficient [image: image], and the spatial weight matrix [image: image]. [image: image] represents green economic efficiency, [image: image] represents green finance, [image: image] represents environmental investment, [image: image] represents environmental regulation, [image: image] represents urbanization rate, [image: image] represents opening, [image: image] represents industrial structure, and [image: image] represents green innovation.
4.2 Variable definition
4.2.1 Explained variable
Green Economic Efficiency (GEE). At present, SFA, DEA and SBM are mainly used to evaluate economic efficiency. Referring to the existing research methods, this study constructs a GEE index system based on labor input, capital input, energy input, undesired output and desired output, and uses the SBM model with undesired output to evaluate GEE (Zhao et al., 2020). The SBM model with undesired output was first proposed in 2004 to comprehensively measure economic efficiency by combining desired output and undesired output (Tone, 2004). See Formula 6 for the specific form of the model.
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In Formula 6, [image: image] and [image: image] denote the input and output of each unit frontier, [image: image] denotes the redundancy of the [image: image] input, [image: image] denotes the deficiency of the [image: image] output, [image: image] denotes the weight, and [image: image] denotes the efficiency level of each unit. The greater [image: image] means the higher efficiency, and vice versa. When [image: image], it means that the unit is at the production frontier, that is, the state of complete efficiency. See Table 1 for a comprehensive index system detailing GEE.
TABLE 1 | Index system for GEE.
[image: Table 1]4.2.2 Core explanatory variables
Green Finance (GF). Following the principles of integrity, scientific rigor, and data accessibility, and referring to existing studies, the GF index is formulated by incorporating four indicators: green investment, insurance, credit, and securities (Duchêne, 2020; Sachs et al., 2019). To mitigate subjective bias in evaluation, the entropy method, an objective evaluation approach, is employed to determine the weight of each indicator within the GF index (Zhao et al., 2022). See Formulas 7–11 for details.
Before using the entropy method, the data should be standardized to eliminate the influence of dimension.
Positive indicators:
[image: image]
Negative indicators:
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In Formulas 7, 8, [image: image] represents the value after standardization, [image: image] represents the sample value, and [image: image] and [image: image] represent the minimum and maximum values in the sample respectively.
Then, we need to calculate the weight of each indicator.
[image: image]
In Formula 9, [image: image] represents the characteristic proportion of each province in the index, and [image: image] represents the information entropy of the index.
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In Formula 10, [image: image] represents weight, and [image: image] represents information utility value.
Finally, the level of development in GF can be determined. See Formula 11.
[image: image]
See Table 2 for specific index selection.
TABLE 2 | GF index system.
[image: Table 2]Government Environmental Governance (GEG) involves two main aspects: government environmental investment (EI) and government environmental regulation (ER), both of which jointly constitute GEG (Wu et al., 2020). According to the index selection methodology proposed by Wu et al. (2020), government investment aimed at controlling industrial pollution is used to evaluate EI, while the frequency of keywords related to environmental governance in government work reports is used to assess ER. To mitigate the impact of data dimension on model estimation coefficients, EI and ER samples are normalized.
4.2.3 Control variables
To address potential endogenous problems resulting from the exclusion of control variables, four variables are selected based on existing literature: urbanization rate (UR), opening (OP), industrial structure (IS), and green innovation (GI) (Naseer et al., 2022; Wang et al., 2019; Yao, 2021; Zhao et al., 2020). The urbanization rate is calculated by dividing the number of urban residents by the total population. Opening is measured by dividing the region’s total trade volume by its GDP. The industrial structure is defined as the ratio of the output value of the tertiary sector to that of the secondary sector. Green innovation is assessed using the efficiency of green innovation, determined by the SBM model, which includes undesired output.
4.3 Data source
This research utilizes panel data from 30 provincial administrative regions in mainland China (excluding Tibet) spanning from 2011 to 2021. Data on GEE is sourced from the China Environmental Statistics Yearbook, China Energy Statistics Yearbook, and China Statistical Yearbook. Data on GF are derived from the China Environmental Statistics Yearbook, China Insurance Yearbook, and China Statistical Yearbook. Information on GEG comes from the China Environmental Statistics Yearbook and provincial Government Work Reports. Control variable data are collected from the China Environmental Statistics Yearbook, China Science and Technology Statistics Yearbook, China Energy Statistics Yearbook, and China Statistical Yearbook. All the yearbooks mentioned are selected from 2012 to 2022. For missing data, linear interpolation has been used to complete the dataset.
5 EMPIRICAL ANALYSIS
5.1 Benchmark regression
5.1.1 Descriptive statistics
Before analyzing, it’s crucial to understand the overall characteristics of the data through descriptive statistics. This helps to prevent data loss and avoid significant dimensional disparities, which could affect the regression coefficients and the significance of the results (see Table 3).
TABLE 3 | Descriptive statistics.
[image: Table 3]In Table 3, the dimensional differences between each variable are minimal, the data concentration for each indicator is high, and there are no excessively large or small outliers. Additionally, the sample size for each variable is 330, with no missing data.
5.1.2 Correlation analysis
Before conducting regression analysis, it is necessary to analyze the correlation between various variables to avoid multicollinearity. The correlation coefficients between the dependent variable GEE, core explanatory variables GF, EI, ER, and control variables are calculated (see Table 4).
TABLE 4 | Correlation coefficient matrix.
[image: Table 4]Table 4 shows that GF positively correlates with both the four control variables and GEE. In contrast, both EI and ER negatively correlate with GEE. Except for control variables, the correlations among the other variables are all below 0.5, indicating no issues with multicollinearity.
5.1.3 Benchmark regression results
The panel data in this paper is a short panel, with an individual dimension of N = 30 and a time dimension of T = 11. Although the time dimension is relatively small, to enhance result robustness and avoid autocorrelation problems of disturbance items of the same individual in different periods, a clustering robust standard is used for estimation. To minimize discrepancies between estimation methods, both fixed effect (FE) and random effect (RE) models are employed (see Table 5).
TABLE 5 | Benchmark regression results.
[image: Table 5]As shown in Table 5, the size and significance levels of the estimated coefficients are roughly the same for both the fixed effect and random effect estimation methods, with no significant deviations due to different methods. The coefficients for GF are 0.408 and 0.340, respectively, both significant at the 1% level, indicating that the advancement of GF notably enhances GEE. This is because GF, being a limited financial resource, plays a crucial role in fostering the advancement of GEE. Green investment facilitated by GF has significantly propelled the growth of green enterprises. Green insurance and green securities within the green financial market help mitigate risks associated with green technological innovation by enterprises, fostering their technological advancement. The GF policy promotes the formation of environmental protection industries, gradually eliminating traditional industries with high pollution and high energy consumption, further stimulating the development of GEE.
The coefficients for EI are −0.224 and −0.189, respectively, both significant at the 1% level, suggesting that EI does not support the growth of GEE. This can be attributed to the government’s focus on post-treatment EI aimed at mitigating pollution effects from industrial enterprises. Such policies do not encourage these enterprises to enhance their production technologies or GEE. Instead, by addressing pollution effects through government investment, there is an implicit allowance for industrial pollution practices, significantly negatively impacting GEE.
Moreover, the estimated coefficients for ER are −0.086 and −0.082, significant at the 5% and 10% levels, respectively, indicating that the government’s ER has a minor adverse effect on GEE. This may be due to the “one size fits all” approach when the government intervenes in the economy using administrative means, unilaterally regulating all industrial enterprises that may cause pollution, thus inhibiting the ability for independent innovation in the market, resulting in a negative impact on GEE. This also aligns with current research conclusions that ER has an inverted “U” shaped impact on GEE, where moderate ER can promote the improvement of GEE, while excessive regulation may inhibit it (Luo et al., 2021; Shuai and Fan, 2020).
When the interaction terms are added, GF is no longer significant because adding interaction terms between explanatory variables implies multicollinearity, which weakens the significance of the coefficients. However, this does not affect the promoting effect of GF on GEE, as GF is significant without interaction terms. The coefficients for GF*EI are 1.808 and 1.440, significant at the levels of 5% and 10% respectively, but the coefficients for GF*ER are not significant. This indicates that the combined effect of GF and EI has a promoting effect on GEE, which may be due to the integration of GF into economic development. GF empowers high-tech industries, changing the characteristics of long R&D cycles and low returns of high-tech green enterprises in the past (Xiao et al., 2023). GF drives economic development while also protecting the ecological environment, achieving high-quality economic development. Local governments might have realized the role of GF and stimulated its development by increasing EI. GF is a form of financing, while EI is an investment. Investment, as a source of financing, can obviously promote financing and ultimately further enhance GEE (Bouchmel et al., 2024; Tong et al., 2022). However, ER does not have this characteristic, so the coefficients of its interaction terms with GF are not significant.
Overall, considering the two variables chosen for GEG, which are EI and ER, it is evident that GEG negatively impacts GEE. In contrast, GF significantly promotes GEE. Finally, the interaction between GF and EI also enhances GEE.
The conclusions from the benchmark regression validate Hypothesis 1, which states that the development of GF promotes GEE. Additionally, the above results partially confirm the correctness of Hypothesis 2 and Hypothesis 3, as reflected in the heterogeneous effects of the two components of GEG, EI and ER, on GEE. To comprehensively validate Hypothesis 2 and Hypothesis 3, as well as to test Hypothesis 4, the following analysis will be conducted using spatial effect analysis methods.
5.2 Spatial effect analysis
5.2.1 Spatial correlation test
This paper employs the global Moran index to examine the overall spatial correlation among GF, EI, ER and GEE. The global Moran indexes of four variables are calculated by Stata software (see Table 6).
TABLE 6 | Global Moran indexes.
[image: Table 6]As indicated in Table 6, the global Moran indexes for the dependent variable, GEE, are statistically significant at the 5% level across all years, indicating the presence of spatial correlation in GEE. For the independent variables, GF and EI show a significant regional correlation in most years, but the global Moran indexes of ER are not significant in most years. This is because most ERs belong to the national overall planning policy, and there is no obvious spatial correlation or spatial heterogeneity across the country.
Stata software is used to draw the local Moran scatter diagrams for 2011, 2016, and 2021, respectively, to explore the spatial clustering state of GEE of the provinces. The results are shown in Figure 1.
[image: Figure 1]FIGURE 1 | Moran scatter diagrams. (A) Moran scatter diagram in 2011 (B) Moran scatter diagram in 2016 (C) Moran scatter diagram in 2021.
By observing the Moran scatter diagrams for 2011, 2016, and 2021, it is found that the GEE of most provinces is in a “low-low” clustering state (LL). However, over time, more provinces gradually shift to a “high-high” clustering state (HH), and the number of provinces in the “low-low” clustering state (LL) gradually decreases. This indicates that over time, the GEE of each province and its surrounding provinces has gradually improved and made significant progress. Additionally, this local spatial analysis reveals significant spatial clustering of GEE for provinces from 2011 to 2021, with the majority falling within the first and third quadrants, indicating a significant positive spatial correlation.
5.2.2 Spatial econometric results
To select the appropriate spatial econometric model, model tests were conducted on GEE, GF, EI, ER, and control variables. The Least Squares Mean Square (LM) test, Likelihood Ratio (LR) test, Wald test and Hausman test are performed respectively (see Table 7).
TABLE 7 | Spatial econometric model tests.
[image: Table 7]The LM test finds that, except for “Robust-LM-error,” all other hypothesis tests reject the original hypothesis of “No Spatial Autocorrelation,” suggesting significant spatial autocorrelation. At the 1% significance level, the LR test rejects the original hypothesis, indicating that the SDM will not degenerate into a Spatial Autoregression Model (SAR) or Spatial Error Model (SEM), making SDM the most suitable choice. The Wald test shows that the spatial lag terms of the Dubin model are very significant, and it is suitable to use the Dubin model to measure the spatial spillover effect. The Hausman test result indicates that the SDM should be estimated using a fixed effect model. Hence, the SDM with fixed effects is chosen to estimate the influence of GF, EI, and ER on GEE. The spatial lag terms are computed according to the adjacency weight matrix (see Table 8).
TABLE 8 | SDM estimation results.
[image: Table 8]Table 8 indicates that the spatial lag coefficient (Spatial rho) for the GEE of 30 provinces is 0.373, significant at the 1% level. This suggests a notable spatial clustering effect in China’s provincial GEE, with a clear positive spatial spillover effect hinting at susceptibility to nearby influences. Additionally, the coefficient for GF is 0.177, significant at the 10% level, signifying that GF positively impacts GEE enhancement in the region. Conversely, the coefficient for EI is −0.09, also significant at the 10% level, indicating a slight negative influence of government EI on GEE. These findings closely align with the benchmark regression results. Moreover, ER is not significant, likely due to the central government in China formulating national unified policies for environmental governance, minimally affected by location factors (Bennett and Satterfield, 2018). Consequently, after introducing spatial relationships, the nationwide effect of ER is not obvious.
Regarding spatial spillover impacts, the regression coefficient of the spatial spillover effect of GF is 0.338, significant at the 10% level, indicating that GF not only promotes GEE in the region but also in adjacent regions, demonstrating a positive spillover effect. This is consistent with the progression from “low-low” (LL) to “high-high” (HH) described by Moran scatter diagrams. The significant spatial spillover effect coefficient of −0.156 for EI at the 5% level indicates that EI focused on post-pollution treatment not only impedes GEE in the region but also suppresses GEE in neighboring provinces, demonstrating a negative spillover effect. ER, another variable measuring GEG, does not exhibit a significant spatial spillover effect. These results show that GEG via EI and ER has either a negative or ineffective impact on adjacent areas in the spatial dimension. Thus, the government should reduce administrative intervention and promote GEE through market economic means. This aligns with the literature suggesting that government intervention in environmental protection should be minimized, respecting market mechanisms, and that only appropriate ER can promote GEE (Armitage et al., 2012; Luo et al., 2021; Shuai and Fan, 2020).
The results of the SDM fully validate Hypothesis 2, showing that GEG has a negative impact on local GEE while also causing some negative spatial spillover effects, which stem from the excessive government intervention commonly found in China (Luo et al., 2021; Shuai and Fan, 2020). Regarding Hypothesis 3, it has been confirmed that EI and ER have heterogeneous effects on GEE, not only in the benchmark regression but also in terms of their spatial spillover effects, which completely validates this hypothesis. Moreover, the first part of Hypothesis 4 has also been validated, indicating that GF generates positive spatial spillover effects. However, the second part of Hypothesis 4, which states that unreasonable GEG generates positive spatial spillover effects, has not been validated. At the national level, the estimated coefficients for the spatial spillover effects of the two components of GEG, EI and ER, are both negative. Therefore, it is necessary to conduct a regional heterogeneity analysis to explore whether there are specific areas where GEG may generate positive spatial spillover effects, thus supporting Hypothesis 4.
5.2.3 Regional heterogeneity analysis
Due to variations in resource allocation and economic progress across regions, and to validate Hypothesis 4, it is crucial to examine the regional disparities in how GF, EI, and ER affect GEE. Using Stata software and the adjacency matrix, the 30 provincial administrative regions are classified into eastern, central, and western regions to analyze the region-specific impacts of GF, EI, and ER on GEE (see Table 9).
TABLE 9 | Regional heterogeneity analysis result.
[image: Table 9]From Table 9, it is evident that the significance of the coefficients has decreased due to the smaller sample size after sample segmentation. Among them, only the spatial lag coefficient (Spatial rho) of the eastern region is significant at the 5% level, while the spatial lag coefficients of both the central and western regions are not significant. From a national perspective, the spatial spillover effect of GEE is predominantly observed in the eastern region, rather than in the central or western regions. This is because, in China, the eastern region has a relatively developed economy, dense population, convenient inter-provincial transportation, and close industrial ties, while the central and western regions are relatively vast and sparsely populated, with inconvenient transportation and isolated industries across different provinces (Li and Qi, 2016). Therefore, the eastern region is more prone to spatial spillover effects. Interestingly, contrary to the national scenario, ER exhibits a positive spillover effect in the eastern region, with a coefficient of 0.191, significant at the 5% level. This indicates that in the eastern region, while administrative environmental protection regulations may somewhat weaken the local GEE, they positively promote the growth of GEE in adjacent regions. Since the eastern provinces are closely linked, local ER can stimulate crisis awareness among industrial enterprises in neighboring provinces, thereby promoting the growth of GEE in those regions. Therefore, Hypothesis 4 is fully validated in the eastern region of China, as ER is included in GEG, excessive GEG indeed promotes the improvement of GEE in neighboring areas.
Thus, all four hypotheses proposed in this paper have been validated through empirical analysis, which further supports the correctness of the theoretical framework of this study.
5.2.4 Spatial effect decomposition
To further test whether each variable has spatial spillover effect, this paper decomposes the spatial effects of SDM. Specifically, the relationship between explanatory variables and explained variable in the same region can be expressed by direct effect (DE), while the impact of explanatory variables in other regions on the explained variable in this region is indirect effect (IE). Adding together DE and IE yields the total effect (TE). This decomposition method is helpful to understand the mechanism of variables in space (see Table 10).
TABLE 10 | Spatial effect decomposition.
[image: Table 10]Table 10 reveals that the coefficients for DE, IE, and TE of GF are 0.222, 0.597, and 0.819, respectively, all statistically significant at the 5% level at minimum. For EI, the coefficients for DE, IE, and TE are −0.112, −0.216, and −0.388, respectively, and these are also significant at least at the 5% level. In contrast, ER shows no significant DE, IE, or TE. Overall, the coefficients and significance levels for each variable, whether DE, IE, or TE, align with the SDM results from the previous section, indicating that the model is relatively robust.
6 CONCLUSION AND DISCUSSIONS
This paper utilizes panel data from 30 provincial administrative regions in mainland China (excluding Tibet) covering the period from 2011 to 2021 to investigate the impact of GF and GEG on GEE. The SDM is employed to analyze the spillover effects of GF and GEG on GEE.
The conclusions of this paper are as follows. Firstly, the GEE of most provinces in China exhibits a “low-low” (LL) clustering state. However, over time, more and more provinces have gradually shifted to a “high-high” (HH) clustering state, indicating an overall improvement in GEE. Secondly, the development of GF can promote GEE and has a positive spatial spillover effect, thereby also boosting the GEE in neighboring provinces. Thirdly, the two variables of GEG, EI and ER, have a negative impact on GEE in the local province and show a negative spatial spillover effect, inhibiting the GEE in surrounding provinces. Fourth, an examination of regional heterogeneity reveals that the spillover effects of GF and GEG on GEE are predominantly concentrated in the eastern region, with insignificant spillover effects in both the central and western regions. Moreover, ER demonstrates a positive spillover effect in the eastern region, contrasting with the negative spillover effect observed on a national level. Finally, the impact of GF and GEG on GEE shows significant regional heterogeneity.
Based on these research findings, several policy recommendations can be proposed:
Firstly, to improve China’s GEE, it is essential to fully leverage the role of GF, using it as a breakthrough point to achieve transformation towards a GE. Secondly, The Chinese government should adhere to the principle of moderation in environmental governance to avoid excessive regulation that could negatively impact GEE. Thirdly, the Chinese government should capitalize on the spatial spillover effect of GEE to achieve mutual improvement across provinces. Fourth, due to significant regional heterogeneity, it is crucial to devise tailored policies that enhance GEE by considering the unique characteristics of each region.
This paper also has some limitations. Firstly, it uses provincial panel data. However, there is heterogeneity within each province in China, so relying solely on provincial data may be too general to fully reflect the national situation. Secondly, the study employs a short panel with a relatively small time dimension, which may not fully capture the evolution of variables over time. Incorporating more detailed municipal-level data and expanding the time dimension are directions for future research.
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