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Abstract

:

Based on panel data collected from 30 Chinese provinces between 2009 and 2020, we used the Super-SBM model to calculate regional eco-efficiency (EE) and analyze its spatial–temporal evolution characteristics. Furthermore, we constructed SDM to analyze the direct impact and spillover effect and tested its mechanism with a mediating effects model. According to the SDM results, it is confirmed that both the direct impact of green financial development on regional eco-efficiency improvement and the spatial spillover effects on neighboring provinces have a “U” shaped relationship, and there is significant heterogeneity among the three major regions of China (East, Central, and West). The intermediary effect model found an asset scale and technological progress effect. Based on the findings of the study, policy implications are proposed to expand the scale of green finance, promote its coordinated regional development, promote technological progress and expand the scale of capital.
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1. Introduction


In the context of the “30· 60” dual-carbon goal, the 2021 Chinese government work report proposes to implement a particular policy on financial support for green and low-carbon development, and green finance will be the main focus of future policies. Green finance pays attention to environmental factors and regional eco-efficiency that can reflect the concept of green development in terms of ecological environment and economic development. Ultimately it leads to sustainability in production systems [1,2,3,4,5]. This study focused on the direct and spatial spillover effects of green finance development on regional eco-efficiency from a spatial perspective, providing theoretical support for China’s green development.



Green finance refers to the financial instruments that invest in greening activities [6]. Green finance takes environmental protection as its main purpose and promotes social and economic green development. Financial products can help green and environmental protection enterprises access financial support [7]. However, financial products may be misused [8]. Green financial derivative products can reduce investment in high-polluting enterprises and are essential for the sustainable development of society and the economy [9]. Scholars constructed green financial evaluation systems from the aspects of financial instruments, institutions, and supervision to measure green finance [10,11] and analyzed the current development status and existing problems from the perspectives of financial institutions and countries and regions [12]. In response to the problems existing in financial institutions, such as the lack of diversification of green financial products, some scholars proposed policies to improve green finance products [13]. From the perspective of countries, they face challenges such as small-scale green finance financing, unbalanced regional development, and slow development speed. All departments should work together to increase support for green finance so that green industries can stimulate green finance development [14].



Schaltegger and Sturn [15] proposed ecological efficiency, referring to the rational allocation of natural, economic, and social factors to maximize desired output and minimize polluting output [16]. Initially, scholars used a single ratio method to measure regional eco-efficiency, but this method was limited to studying the impact of a single environment on regional eco-efficiency [17]. The indicator method overcomes the limitation of a single environmental impact but increases the uncertainty of subjective factors in the weighting process [18]. The model methods for evaluating regional eco-efficiency include the TOPSIS model [19], the stochastic frontier model [20], and the ecological footprint method [21]. However, the above research methods cannot reflect the comprehensiveness and complexity of the economic production process and the correlation between different ecological and environmental pressures. Therefore, most scholars used the data envelopment model [22]. In addition to using traditional DEA models, scholars have also improved DEA models to obtain more accurate measurement results, such as the two-stage network DEA [23], the super-efficiency DEA [24], and the Super-SBM model [25]. On this basis, scholars have further explored the driving factors. Studies have shown that factors such as urbanization rate, industrial structure characteristics, scientific and technological investment, population growth, and so on, are all important driving factors for the improvement of regional eco-efficiency [26].



Green finance integrates the financial and environmental industries and is crucial to regional eco-efficiency enhancement [27]. Therefore, scholars have begun to study their (or similar concepts) correlations. Green finance considers economic development and ecological protection by reducing financial support for industries with high pollution [28,29]. The pollutant caused negative impacts on humans. Green finance is an environmental regulation measure that aids in the construction of the ecological environment. Environmental regulations can direct corporations to prioritize environmental benefits and improve regional eco-efficiency.



A summary of the literature review and research gap is given in Table A2. Previous studies mainly focused on either green finance or regional eco-efficiency and the impact of green finance development on the economy or environment. The current study emphasizes green finance as an entry point. It integrates economic, environmental, and spatial factors, and constructs an SDM and an intermediary effects model to study its direct impact, spillover effects, and intermediary effects based on analyzing the spatial and temporal evolution characteristics of regional eco-efficiency. Moreover, the study focuses on regional heterogeneity. It provides a theoretical basis for coordinated regional development and a new perspective for enhancing regional eco-efficiency.




2. Mechanisms of Green Finance Development Affecting Regional Eco-Efficiency


Following the studies of Levine [30] and Hsu [31] on financial functions, we discuss green finance’s economic and environmental benefits. Due to the lack of relevant research and the complexity of the impact pathways, it is not easy to analyze all pathways in a comprehensive overview. Therefore, we focused on two of its most important mechanisms of action: the asset scale effect and the technological progress effect.



2.1. Asset Scale Effect


There are two ways to the asset scale effect based on capital supply, capital allocation, and the risk management function of green finance. On one hand, at low economic levels and at the expense of consuming massive resources to promote rapid economic growth and cause a lot of pollution emissions, green financial development increases the ecological burden, hindering regional eco-efficiency improvement. On the other hand, when the economy exceeds a certain level, green finance-driven economic growth also pays attention to ecological and environmental protection. The government actively promotes the green transformation of the economy to improve regional eco-efficiency [32]. Although China has begun to focus on environmental protection in recent years, its low level of economic development and its status as an economic transition country has had a more negative than positive impact on the asset scale effect transmission mechanism. To accurately explain, we proposed the given hypothesis:



Hypothesis 1.

There is an asset scale effect. Green finance inhibits regional eco-efficiency improvement.






2.2. Technological Progress Effect


Based on the capital supply and innovation incentive function of green finance, enterprises obtain financial support through green finance to compensate for the lack of funds caused by scientific and technological research activities, and they have sufficient funds to support technological innovation [33]. On one hand, by taking the lead in adopting environmentally friendly technologies and developing and producing green products, enterprises can gain a “first mover advantage” in the market, thereby gaining more profits, compensating for economic losses caused by environmental regulations, and promoting economic growth. On the other hand, technological progress is conducive to reducing energy consumption, resource utilization, and pollution emissions, thereby enhancing regional eco-efficiency. We proposed hypothesis 2 to explain accurately:



Hypothesis 2.

There is a technological progress effect. Green finance improves regional eco-efficiency by promoting technological progress.







3. Materials and Methods


3.1. Study Area


We selected 30 provinces and cities in China as the initial research sample. Based on the level of economic development and geographical location, the 30 provinces of China are divided into three economic regions: eastern, central, and western (Table A1). In particular, the data were collected from 2009 to 2020. The study area excludes Tibet, Hong Kong, Macau, and Taiwan. It is mainly based on the following reasons: Firstly, the data of the four places excluded above are incomplete and not scientifically rigorous enough. Secondly, green finance in China started with the “Green Credit Guidelines” issued by the Environmental Protection Administration in 2007. Due to the time lag of the policy, green finance was in its early stages in 2007 and 2008. It was immature, and there was no systematic statistical data.




3.2. Selection of Indicators and Source of Data


3.2.1. Indicator Selection


Explained Variable—Regional Eco-Efficiency (EE)


We followed a study conducted by Yan and Tu [26] to construct the regional eco-efficiency assessment index system (as shown in Table 1) consisting of five categories of factors, namely: water, energy, land, labor, and capital, which are selected to represent natural resources and economic factor inputs, respectively. The expected economic output is expressed in regional GDP, and water and air pollution are selected to represent the non-expected output of ecological and environmental loads.



The traditional DEA model ignores the slackness of inputs and outputs and has the disadvantage that efficiency values cannot exceed one, making comparisons between DMUs impossible. The Super-SBM model is presented by Tone [34], which effectively solved the problem of slack measurement and overcame the traditional DEA model’s flaw that the efficiency value cannot exceed one, allowing comparison of DMUs with efficiency values of one. In this study, some provinces with eco-efficiency values exceed one. Therefore, the Super-SBM model included non-desired outputs chosen with Equation (1).


  m i n p =    1 m    ∑   i = 1  m    x ¯    x  i k        1   s 1  +  s 2        ∑   r = 1    s 1         y d   ¯     y  r k  d    +   ∑   t = 1    s 2         y b   ¯     y  t k  b         



(1)






  s . t .          x ¯  ≥   ∑   j = 1 , ≠ k  n   x  i j    λ j  , i = 1 , … , m          y d   ¯  ≥   ∑   j = 1 , ≠ k  n   y  r j  d   λ j  , r = 1 , … ,  s 1           y b   ¯  ≥   ∑   j = 1 , ≠ k  n   y  t j  b   λ j  , t = 1 , … ,  s 2         λ j  ≥ 0 , j = 1 , … , n        x ¯  ≥  x k  ,    y d   ¯  ≤  y k d    ,      y b   ¯  ≥  y  t k  b         








where  n  is DMU in the system, each DMU includes  m  kinds of inputs,    s 1    kinds of expected outputs and    s 2    kinds of unexpected outputs.    x  ,    Y d    and    Y b    are the elements in the input matrix (  x = [  x 1  …  x n  ] ∈  R  m × n    ), the expected output matrix   (  y d  =    y 1 d  …  y n d    ∈  R   s 1  × n    ), and the unexpected output matrix (   y b  =    y 1 b  …  y n b    ∈  R   s 2  × n   )  , respectively. p represents the efficiency value of the DMU.




Core Explanatory Variables-Green Finance Development Index (GF)


We followed the study of Zeng et al. [35] and constructed the green finance development level evaluation index system from four dimensions: green credit, green investment, green insurance, and carbon finance. We use the entropy method to calculate GF. The criterial of evaluation of Indicator System of the GF is given in Table 2. Since carbon finance aims to reduce greenhouse gas emissions and has a significant impact on the reduction of emissions. Therefore, this study uses carbon intensity to measure carbon finance. Drawing on the calculations provided by the United Nations Intergovernmental Panel on Climate Change (IPCC), CO2 emissions are expressed as the multiplication of energy consumption and the energy CO2 emission factor, including raw coal, coke, crude oil, gasoline, paraffin, diesel, fuel oil, and natural gas. The energy and CO2 emission factor were collected using the 2006 IPCC Guidelines for National Greenhouse Gas Inventories.




Mediating Variables


The asset scale (AS) and technological progress (TP) were chosen to represent the effect of the asset scale and technological progress. The asset scale (AS) is expressed as the increasing rate of total fixed asset investment and can reflect changes in the scale of social assets. The technological progress (TP) is expressed in the number of patent applications granted, which can accurately reflect the level of science and technology in each region.




Other Control Variables


Other control variables included Industrial Structure (Industry), FDI, Human Capital (Human), and Scientific and Technological Research Investment (ST) are given in Table 3. The industry is represented by the proportion of the tertiary industry’s output value to the province’s GDP, promoting low-pollution development for regional eco-efficiency. FDI is measured by the proportion of foreign direct investment in the province’s GDP, broadening financing channels, and attracting international talent and advanced technology [33], which will generate economic and ecological effects to improve regional eco-efficiency. Human Capital is measured by the proportion of the employed population with higher education, representing the labor force level. ST is expressed as the proportion of government investment in science and technology in fiscal expenditure, which promotes technological innovation and improves regional eco-efficiency.





3.2.2. Source of Data


The data were collected from the Wind database, the China Statistical Yearbook, the China Financial Yearbook, the China Energy Statistical Yearbook, the Banking Social Responsibility Report, the China Insurance Yearbook, the China Environmental Yearbook, the China Science and Technology Statistical Yearbook, and the statistical yearbooks of various provinces. The energy CO2 emission factor was collected from the 2006 IPCC Guidelines for National Greenhouse Gas Inventories.





3.3. Model Setting


3.3.1. Spatial Measurement Model


Green finance, as a financial instrument that serves to construct an ecological environment, is also an environmental regulation measure. This paper fully considers the spatial factors and uses the SDM to analyze the nonlinear impact. The spatial weight matrix influences the measurement results. We use the following matrix:



Binary adjacency weight matrix:


   ω  i j   =       1                 T h e r e   i s   a   c o m m o n   b o u n d a r y   b e t w e e n   r e g i o n   i   a n d   r e g i o n   j       0           T h e r e   i s   n o   c o m m o n   b o u n d a r y   b e t w e e n   r e g i o n   i   a n d   r e g i o n   j        











It is difficult to comprehensively describe the complex spatial effects between regions by only considering geographical factors to construct a weight matrix. Therefore, this paper introduces economic factors.    d  i j     denotes the straight-line distance between the city center of the region  i  and the region  j .      Y i   ¯    and      Y j   ¯    show the average real GDP of the region  i  and the region   j ,   respectively. The economic geography nested weight matrix formula can be written as:


   ω  i j   =        1   d  i j        Y i   ¯  −    Y j   ¯                                                      , i ≠ j       0                                                                                   , i = j        











According to the characteristics of green finance on regional eco-efficiency, we introduce the quadratic term GF, consider the spatial lag term of explanatory variables, and construct SDM for empirical studies. The model can be constructed as:


   E  E  i t   =  β 0  +  ρ W  × E  E  i t   +  β 1  GF +  β 2  AGF +  β 3   X  ctrl   +  δ 1  W × G  F  i t   +  δ 2  W × AGF +  δ 3  W ×  X  ctrl   +  γ t  +      μ   i      +  ε  it     



(2)




where AGF is used as the square term of the GF,    X  ctrl     represents the control variable, W denotes the economic geography nested matrix,    ρ    denotes the spatial autoregressive coefficient,  ρ  indicates the intercept term,    β 0    is the constant,        β   1  ,      β   2  ,      and   β   3    are the coefficients of the spatial cross-product term of each explanatory variable, and    γ t    and    μ i    represent the time-fixed effects and area-fixed effects, respectively.    ε  it     denotes the random error term, which is assumed to be generally distributed at zero mean value [36,37,38] and constant variance [39,40,41].




3.3.2. Mediating Effect Model


To verify hypotheses 1 and 2, we determined the mediating effect model of Wen et al. [42], the causal stepwise regression method. Furthermore, we estimated the regression models of the GF on EE, the GF on intermediate variable M (AS and TP), and the GF and intermediate variable M (AS and TP) on EE. The asset scale and technological progress mechanism between green finance and regional eco-efficiency was also determined. To accomplish the analysis, the following regression functions are used:


    l n EE =  λ 0  +  λ 1  lnGF +  λ 2  AlnGF + ∑ Control + ε  



(3)






  l n M =  β 0  +  β 1  lnGF +  β 2  AlnGF + ∑ Control + ε  



(4)






  l n EE =  γ 0  +  γ 1  lnM +  γ 2  lnGF +  γ 3  AlnGF + ∑ Control +  ε     



(5)




where    λ 0   ,    β 0   ,    γ 0    are constants.    λ 1  ~  λ 2   ,       β   1  ~  β 2    and    γ 1  ~  γ 3    are the coefficients of variables.  M  is the intermediate variable and    λ 1  ~  λ 2    represents the control variable.  ε  is the random error that is assumed to be normally distributed at zero mean value and constant variance.






4. Results and Discussion


4.1. Temporal and Spatial Evolution Characteristics of Regional Eco-Efficiency


4.1.1. Time-Series Evolution Characteristics


Figure 1 illustrates an overall change in regional eco-efficiency. It can be seen that the overall change is stable and showed a slight decline followed by an increase. There was a downward trend from 2009 to 2015, but the decline was small and, after 2016, there was an upward trend. The eastern region has a better foundation in natural conditions and economic development. Therefore, a higher regional eco-efficiency was found; however, the central and western regions have a poorer foundation, and therefore a lower regional eco-efficiency was found. Overall, the eco-efficiency of the national average is relatively low. In the past, China mainly focused on the consumption of energy and resources to achieve a target of economic growth and, therefore, less emphasis was placed on the deterioration of the environment. The country has realized the importance of environmental protection and has taken specific measures. However, due to the exploratory stage, it is not easy to achieve balanced development of the economy and environment. With excessive environmental pollution penalties, the production cost of the enterprise is too high, causing some enterprises to abandon production and affect economic output. When the environmental pollution penalty is too low, enterprises pursue profit maximization at the cost of pollution emissions, slightly improving the ecological environment. In recent years, with the accumulation of environmental governance experience, it has been possible to achieve balanced economic growth and ecological development effectively and take reasonable measures to control environmental pollution. Simultaneously, due to the lag of environmental pollution control measures, regional eco-efficiency has increased as environmental governance has produced effects to improve the ecological environment.




4.1.2. Evolution Characteristics of the Spatial Pattern


As shown in Figure 2, the visualization is processed with 2009, 2015, and 2020 as the representative years. There are five classes based on the characteristics of the distribution of regional eco-efficiency values. During the study period, the eco-efficiency showed a small decrease followed by an increase, with the turning point being 2015, so the years 2009, 2015, and 2020 were chosen for visualization. There are large spatial differences, with the overall distribution pattern being “high in the eastern region, and low in the central and western regions”. From an economic point of view, the economic benefits are higher in the east, caused by a combination of factors such as history, geography, and production methods. Since the Song Dynasty, China’s economic center has shifted to eastern coastal areas, and the gap has further widened after reform and opening. Due to natural factor constraints, backward infrastructure, and weak awareness of the commodity economy, development in inland areas is hindered. Regarding the ecological environment, economic agents in the eastern regions are highly aware of environmental protection, have earlier realized the environmental problems caused by the high-input and high-pollution mode of economic development, and have actively changed their economic development model. Based on better economic development, they have abandoned the highly polluting heavy industry development model, promoted industrial upgrading, guided capital flow into green industries, and vigorously developed technology-intensive and knowledge-intensive new industries. At the same time, the government has formulated environment-oriented policies, increased financial support for environmental pollution control, and adopted measures such as defining environmental pollution property rights and increasing environmental pollution taxes to improve the economic development structure, further enhancing regional eco-efficiency and promoting ecological construction. In the central region, the rich natural resources and the relative convenience of transportation provide the conditional basis for resource-consuming industries. The high output value of the heavily polluting industries has led to massive resource consumption and severe ecological pollution. It caused the central region’s eco-efficiency to be relatively low. The western region is an ecologically fragile area, with poor ecological carrying capacity, lack of natural resources, underdeveloped transportation, and a poor foundation for economic development, resulting in low regional eco-efficiency. With the regional differences, coordinated development should be promoted, ecological environment construction should be strengthened, development gaps between regions should be narrowed, and regional eco-efficiency should be developed in a balanced manner.





4.2. Impact Analysis


4.2.1. Spatial Autocorrelation


Global Spatial Correlation


Aggregation within the whole space is analyzed by global spatial autocorrelation, which we measure by the commonly used Moran’s I index.


  I =     ∑   i = 1  n    ∑   j = 1  n   ω   ij         x i  −   x ¯          x i  −   x ¯         ∑   i = 1  n             x   i  −   x ¯      2     



(6)




where  n  represents the total number of provinces,    x i    shows the observed value of the province, and    x ¯    denotes the mean. Similarly, the values of the spatial weight matrix are denoted by    ω  ij    .



As shown in Table 4, Moran’s I for both the GF and EE in China from 2009 to 2020 are positive. It indicates that China’s provinces are not completely randomly distributed. Both the GF and EE have a positive spatial autocorrelation and significant spatial aggregation was observed in areas with similar levels.




Local Spatial Correlation


To deeply analyze the spatial correlation, we draw the local Moran’s I scatter plot, as shown in Figure 3 and Figure 4. It showed a consistent pattern of green finance and regional eco-efficiency in China for the period between 2009 and 2020. Therefore, the local Moran’s I scatter plots were drawn from left to right for the start (2009), middle (2015), and ending year (2020) of the study period (Table A1). Both are primarily concentrated in the first and the third quadrant, with fewer abnormal units in the second and fourth quadrants, indicating that the clustering effect and correlation of the GF and EE are relatively significant. The first quadrant consisted of mostly eastern provinces with a high economic level and a shift towards technology-intensive and knowledge-intensive industries, attracting high-quality talents and promoting high-tech research and development, which improves resource use, reduces environmental pollution, and increases regional eco-efficiency, thus achieving a “high-high” regional eco-efficiency agglomeration. The second and fourth quadrants are very few central and western provinces with low regional eco-efficiency. The economic development structure and the ecological environment in this part of the region are extremely uncoordinated and fragile, resulting in low regional eco-efficiency. Although the surrounding area has a reasonable economic development structure and an excellent ecological environment, it is difficult to achieve effective diffusion in this part of the area, forming a “high-low” and “low-high” aggregation of regional efficiency. The third quadrant mainly consists of central and western provinces. With rich resource endowments, their main industries are heavy industries with high input and pollution. The development model with environmental pollution as the cost of economic development has led to low regional eco-efficiency in the central region. The western region’s lack of resources, fragile ecological environment, and underdeveloped transportation have resulted in slow economic development and low regional eco-efficiency. Because of the unfavorable economic fundamental conditions, the central and western regional eco-efficiency is low, causing the formation of a “low-low” cluster.





4.2.2. Analysis of Spatial Measurement


As the explanatory variables contain lagged terms of EE, the model is regressed using the Maximum Likelihood Estimation method [43]. To further confirm the spatial econometric model specification, the Lagrange Multiplier test (LM test) was used to determine the spatial lag and spatial error terms. The results are shown in Table 5. The spatial lag test for the Lagrange multiplier and Robust Lagrange multiplier were 3.617 and 14.991, respectively, and were significant at the 1% level, rejecting the hypothesis of no spatial lag term. the spatial error test for the Lagrange multiplier and Robust Lagrange multiplier were 4.245 and 18.619, respectively. It rejected the original hypothesis of no spatial error term. Then, the LR test was performed and the values for LR spatial lag and LR spatial error were 139.74 and 105.17, indicating that the SDM cannot degenerate into an SEM or a SAR. As a result, the SDM is chosen for the spatial econometric test. The fixed effect and random effect models of SDM were selected through the Hausman test, indicating that the fixed effect was superior [44]. We have taken the natural logarithm of each variable to reduce the effect of heteroskedasticity.



Results found that the impact of green financial development has a “U” shape on China’s regional eco-efficiency. Firstly, without considering spatial effects, the panel fixed effects model reveals (as shown the model 1 in Table 6) that the GF coefficient is −0.3776 and its squared coefficient is 0.0698. Both are significant, allowing for a preliminary judgment that there is a U-shaped effect. However, ignoring the important factor of spatial effects is likely to affect the estimation results’ unbiasedness, consistency, and validity. Incorporating spatial effects, the SDM results (as shown in model 2) show that at the 1% significance level, the coefficient of the GF is −1.3443 and its square term is 0.4809, indicating that green financial development first inhibited and then promoted regional eco-efficiency. It showed a “U” shape change with an inflection point of 1.39. Green finance can generate economic benefits; however, environmental protection cannot be considered due to the country’s low economic level. Green finance brings economic growth while increasing resource consumption and pollution emissions. In addition, green finance requires strict environmental auditing of projects, which leads to the unavailability of specific resources and environmental constraints on production decisions, increasing the cost of enterprises and hindering the improvement of production efficiency, resulting in an asset scale effect on regional eco-efficiency. According to the “Porter Hypothesis”, the environmental requirements of green finance can stimulate enterprises to innovate in green technology, reduce pollution emissions, and expand the scale of green products. Simultaneously, because enterprises take the lead in technological innovation, they gain first-mover advantages in the market, compensating for the economic losses caused by environmental constraints, which has a technological progress effect. The GF of only a few provinces has exceeded the inflection point in a few years. The scale and structure of green finance are currently small and unreasonable. Therefore, the effect of technological progress is not enough to compensate for the asset scale effect, and green finance hinders regional eco-efficiency, that is, it is in the first half of the U-shaped curve. As a result, China should broaden the scope of green finance, encourage the diversification of its products, and improve the quality of its development to cross the inflection point and improve regional eco-efficiency.



Regarding the control variables, at the 1% significance level, the coefficients of human capital and scientific and technological research investment are positive at 0.8409 and 0.0841, respectively. In contrast, the FDI and industrial structure coefficients are negative at −0.2171 and −0.2332, respectively. Human capital reflects workforce quality, and improving it can enhance the efficiency of technological innovation, which improves regional eco-efficiency. Similarly, scientific and technological research investment increases the capital stock and provides a financial guarantee for technological innovation, which promotes regional eco-efficiency improvement. To avoid foreign environmental cost constraints, foreign direct investment invests capital into China’s highly polluting industries, impeding China’s regional eco-efficiency improvement. China’s secondary industry’s “high input” and “high consumption” mode of development has hindered regional eco-efficiency enhancement. Therefore, measures should be taken by the government and enterprises from these aspects, such as increasing investment in research, improving workers’ quality, promoting industrial structure rationalization to encourage new environmental protection industries development, and rationally allocating foreign direct investment.



Green finance development has a U-shaped spatial spillover effect on regional eco-efficiency. As shown in Table 6 (model 2), the coefficient of the spatial lag of regional eco-efficiency (W*lnEE), rho is 1.7502 and it is significantly positive at the 10% level, indicating that regional eco-efficiency in China shows a positive clustering trend and a significant spatial spillover effect. We draw on the partial differential approach of Lesage and Pace [44] to analyze spatial spillover effects. Each variable has a direct effect on its province, and each variable has an indirect effect on neighboring provinces (spillover effect). The effect decomposition results in Table 7 show that green finance has a “U” shape with the improvement of regional eco-efficiency in its province. The spillover effect in the surrounding provinces is also a “U” shape. According to the “pollution paradise hypothesis”, when a country’s environmental regulation policies become stricter, polluting industries will migrate to countries with relatively weak environmental regulations to avoid cost constraints. Green finance is an environmental regulation measure. As a province’s green finance development level rises, polluting industries will migrate to neighboring provinces with lower levels, leading to ecological deterioration and regional eco-efficiency decline in neighboring provinces. Green finance can not only affect its own province’s regional eco-efficiency but also affect neighboring provinces. Therefore, to improve the province’s regional eco-efficiency, green finance of its own province and surrounding provinces should be thoroughly considered, and regional coordinated development should be emphasized.





4.3. Regional Heterogeneity Analysis


To verify the regional heterogeneity in China, with the western region as a base group, we introduced two dummy variables, Central and East. The Central = 1 if the province is ∈ Central, otherwise Central = 0. Similarly, East = 1 if the province is ∈ East, otherwise East = 0. The interaction terms lnGF*Central and lnGF*East were generated for the dummy variables and the GF, which were then substituted into the SDM. As shown in Table 6, Model (4), there is significant heterogeneity in the three regions. Among them, the greatest impact is in the central region (with a coefficient 0.4172 higher than that of the western) because it is in the rising stage of resource development, and the impact on resource and environmental constraints is greatest. It should regulate orderly development by raising the threshold of access to resource development enterprises and reasonably determining the intensity of supervised resource development. The second is the eastern region (with a coefficient 0.1172 higher than that of the western), which is in a stable stage of resource development, with strong resource security capabilities, and the constraints of green finance on resource development are stable. Green finance provides financial support for resource industries, stimulates technological innovation, improves industrial technology, accelerates forming of several pillar-type alternative industries, and promotes leapfrog development. The least impacted is in the western region, with a fragile ecological environment that restricts resource development. Green finance has fewer resource development constraints and supports the western region’s transformation by attracting idle capital and strongly supporting alternative industries to enhance sustainable development. There is clear regional heterogeneity in the three regions. Green finance functions should be strategically chosen based on the characteristics of each region to improve regional eco-efficiency in each region.




4.4. Robustness Analysis


To verify whether the above model results are robust, we introduce a binary adjacency weight matrix for robustness testing. The results of model (3) in Table 6 show that the coefficient of the GF has a small change, but the sign and significance are consistent with the variables given in model (2). The signs of control variable coefficients are also consistent with a model (2). Therefore, the Spatial Durbin Model mentioned above passed the robustness test.




4.5. Inspection of Mechanism


We tested the mechanism through a mediating effects model in the next step. The results are given in Table 8. The coefficients of the GF and its square term on the mediating variable M (AS, TP) are −1.2665,0.3955, −0.4252, and 0.0637, respectively, and they are significant in Model (1) and Model (3). The coefficients of the mediating variable M (AS, TP) on regional eco-efficiency are −0.1165 and 0.0902, which are significant in Model (2) and Model (4). Further, using the Bootstrap method, the sample is repeated 1000 times to obtain confidence intervals. The results found that the confidence interval of the asset scale and technological progress does not contain zero, and the mediating effect is significant. It can be seen that there is an intermediary effect of the asset scale and technological progress, which verified hypotheses 1 and 2. Green finance generates economic benefits. However, excessive resource consumption and pollution emissions hinder regional eco-efficiency improvement. Green finance provides financial support for technology-intensive and knowledge-intensive industries, encourages enterprises to research and develop new technologies, promotes scientific and technological progress, improves resource utilization, and thus enhances regional eco-efficiency.





5. Conclusions and Policy Implications


5.1. Conclusions


From a spatial perspective, this study takes 30 provinces in China from 2009 to 2020 as samples to study the direct impact and spillover effects of green finance on regional eco-efficiency and draws the following conclusions: (1) Spatial and Temporal Evolution Characteristics. Regional eco-efficiency showed a slight decrease and then an increase during the study period, showing a distribution pattern of high in the eastern region and low in the central and western regions. Globally, regional eco-efficiency shows a significant positive spatial autocorrelation; locally, it shows high-high and low-low aggregation. (2) Direct Impact. The findings of SDM show that green finance first hinders regional eco-efficiency enhancement and, after exceeding a certain limit, promotes its enhancement in a “U” shape. Further research found that there is obvious heterogeneity in different economic regions. (3) Spillover Effect. According to the decomposition of the effect, it was found that there was an obvious U-shaped spatial spillover effect, indicating that green finance has an impact on the regional eco-efficiency of both the region and the neighboring areas. (4) Intermediary Effect. The results of the intermediary effect model show that there is a technological progress effect and an asset scale effect, with the technological progress effect greater than the asset scale effect. Thus, China is currently in the first half of the U-shaped curve.




5.2. Policy Implications


Based on the study findings, we proposed the following policy implications:




	●

	
Firstly, expand the scale of green finance and strengthen green finance innovation. Green finance’s scale and structure are small and unreasonable at the first half of the “U” curve, inhibiting regional eco-efficiency improvement. China’s green financial products are single, and only green credit is relatively mature in development. Other green financial products need to be improved with a low market share and large room for development. Now China realizes the importance of developing green finance. Still, more work remains to be completed to improve the quality of green credit, implement a diversified green financial product, increase financial innovation support, accelerate green finance to cross the turning point, and promote green finance to improve regional eco-efficiency.




	●

	
Secondly, it is required to improve the mobility of green financial resources and coordinated development. Due to significant regional imbalances in green finance and regional eco-efficiency, we can improve and optimize its overall development level and structure by building a cross-regional cooperation platform. The cross-regional cooperation platform can improve the mobility of resource elements, close the gap, and achieve balanced development.




	●

	
Thirdly, promote technological progress and expand asset scale. Green finance affects regional eco-efficiency through scientific and technological progress and asset scale. The government and financial institutions should provide financial assistance to green industries, such as green energy and enterprises with sufficient funds, to carry out green innovation activities to promote scientific and technological progress. The government and enterprises should increase investment in fixed assets and expand the scale of capital to continuously improve productivity, increase economic benefits, and promote regional eco-efficiency.
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Table A1. Provinces included in the Eastern, Central, and Western regions of China.
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	Codes
	Provinces
	Economic Regions





	11
	Beijing
	Eastern regions



	12
	Tianjin
	Eastern regions



	13
	Hebei
	Eastern regions



	14
	Shanxi
	Central regions



	15
	Neimenggu
	Western regions



	21
	Liaoning
	Eastern regions



	22
	Jilin
	Central regions



	23
	Heilongjiang
	Central regions



	31
	Shanghai
	Eastern regions



	32
	Jiangsu
	Eastern regions



	33
	Zhejiang
	Eastern regions



	34
	Anhui
	Central regions



	35
	Fujian
	Eastern regions



	36
	Jiangxi
	Central regions



	37
	Shandong
	Eastern regions



	41
	Henan
	Central regions



	42
	Hubei
	Central regions



	43
	Hunan
	Central regions



	44
	Guangdong
	Eastern regions



	45
	Guangxi
	Western regions



	46
	Hainan
	Eastern regions



	51
	Chongqing
	Western regions



	52
	Sichuan
	Western regions



	53
	Guizhou
	Western regions



	54
	Yunnan
	Western regions



	61
	Shaanxi
	Western regions



	62
	Gansu
	Western regions



	63
	Qinghai
	Western regions



	64
	Ningxia
	Western regions



	65
	Xinjiang
	Western regions
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Table A2. Literature review and research gap.






Table A2. Literature review and research gap.





	Studies
	Publication Year
	Research Focus
	Methods





	[4]
	2022
	Energy use efficiency
	ANN



	[6]
	2021
	Green Finance
	Bibliographic research method



	[10]
	2021
	Greenwashing; Responsible Investment
	Survey method



	[12]
	2020
	Green Bonds
	Bibliographic research method



	[14]
	2022
	Green Finance; Ecological Footprint
	FE



	[17]
	2020
	Eco-Efficiency
	DEA, SFA, and FRM



	[18]
	2019
	Eco-Efficiency
	DEA



	[22]
	2019
	Efficiency
	DEA



	[23]
	2022
	Eco-Efficiency and Innovation
	Two-stage network DEA



	[26]
	2021
	Eco-Efficiency
	Super-SBM



	[30]
	1997
	Financial Development and Economic Growth
	Bibliographic Research Method



	[31]
	2021
	Financial Development
	GMM



	[34]
	2002
	Data Envelopment Analysis
	Super-SBM



	[35]
	2014
	Green Finance
	A combination of subjective and objective empowerment methods



	[42]
	2014
	Mediating Effects Methods and Models
	Step-by-Step method; Bootstrap



	[43]
	2014
	Indirect Effects
	Spatial Regression Estimates



	[44]
	2009
	Spatial Econometrics
	Maximum Likelihood Estimation (MLE)



	[45]
	2002
	Environmental Finance
	Functional Analysis Method



	[46]
	2022
	Economic growth
	Regression analysis



	[47]
	2022
	Sustainable Growth of Firms
	Regression analysis



	Current Study
	2022
	Eco-Efficiency and Green Finance
	Super-SBM and SDM
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Figure 1. Regional Eco-Efficiency. 
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Figure 2. Spatial distribution of EE in China for 2009 (a), 2015 (b), and 2020 (c). 
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Figure 3. Moran’s I scatter plots of the GF for 2009, 2015, and 2020. 
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Figure 4. Moran’s I scatter plot of EE for 2009, 2015, and 2020. 
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Table 1. Evaluation Indicator System of EE.
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Criterion Layer

	
Indicator Layer

	
Specific Instructions






	
Natural resource input

	
Water input

	
Total urban water consumption/10,000 cubic meters




	
Energy input

	
Total urban electricity consumption/10,000 kWh




	
Land input

	
Urban construction land area/square kilometer




	
Economic factors input

	
Labor input

	
Number of employees in the unit/10,000 people




	
Capital investment

	
Fixed asset investment/10,000 yuan




	
Economic expected output

	
Regional GDP

	
Regional GDP/10,000 yuan




	
Ecological load

	
Water pollution

	
Discharge of industrial wastewater/10,000 tons




	
Air pollution

	
Industrial sulfur dioxide emissions/10,000 tons











[image: Table] 





Table 2. Evaluation of Indicator System of the GF.






Table 2. Evaluation of Indicator System of the GF.





	Criterion Layer
	Indicator Layer
	Indicator Meaning





	Green credit
	The proportion of green credit
	Green credit loan balance/financial institution loan balance (+)



	Green investment
	The proportion of energy conservation and environmental protection expenditure
	Financial esxpenditure on energy conservation and environmental protection/total financial expenditure (+)



	Green insurance
	The proportion of environmental liability insurance claims
	Environmental liability claims/environmental liability insurance income (−)



	Carbon finance
	Carbon intensity
	CO2 emissions/GDP (−)
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Table 3. Descriptive statistics.






Table 3. Descriptive statistics.





	Variables
	Sample Size
	Mean
	Standard Deviation
	Minimum
	Maximum





	Regional Eco-Efficiency (EE)
	360
	0.585
	0.304
	0.216
	2.383



	Green Finance Development Index (GF)
	360
	0.155
	0.098
	0.044
	0.793



	Foreign Direct Investment (FDI)
	360
	0.437
	0.095
	0.286
	0.835



	Human Capital (Human)
	360
	0.314
	0.384
	0.013
	1.885



	Scientific and Technological Research Investment (ST)
	360
	0.020
	0.014
	0.004
	0.072



	Industrial Structure (Industry)
	360
	0.228
	0.179
	0.001
	0.819



	Asset Scale (AS)
	360
	0.191
	0.130
	−0.627
	0.595



	Technological Progress (TP)
	360
	3.733
	6.072
	0.022
	47.808
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Table 4. Moran’s Index.






Table 4. Moran’s Index.





	
Years

	
Green Finance

	
Regional Eco-Efficiency




	
Moran’s I

	
p-Value

	
Moran’s I

	
p-Value






	
2009

	
0.169

	
0.000

	
0.066

	
0.009




	
2010

	
0.161

	
0.000

	
0.075

	
0.004




	
2011

	
0.143

	
0.000

	
0.094

	
0.001




	
2012

	
0.145

	
0.000

	
0.082

	
0.002




	
2013

	
0.139

	
0.000

	
0.082

	
0.002




	
2014

	
0.139

	
0.000

	
0.093

	
0.001




	
2015

	
0.138

	
0.000

	
0.095

	
0.000




	
2016

	
0.125

	
0.000

	
0.121

	
0.000




	
2017

	
0.111

	
0.000

	
0.125

	
0.000




	
2018

	
0.114

	
0.000

	
0.130

	
0.000




	
2019

	
0.116

	
0.000

	
0.149

	
0.000




	
2020

	
0.125

	
0.000

	
0.111

	
0.000
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Table 5. Model test results.






Table 5. Model test results.





	Test Methods
	Statistic Value
	p-Value





	LM spatial lag
	3.617
	0.042



	LM spatial error
	4.245
	0.039



	Robust LM spatial lag
	14.991
	0.000



	Robust LM spatial error
	18.619
	0.000



	LR spatial lag
	139.74
	0.000



	LR spatial error
	105.17
	0.000



	Hausman
	70.31
	0.000
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Table 6. Empirical results.






Table 6. Empirical results.












	Variables
	Model (1)

FE Model
	Model (2)

SDM Model
	Model (3)

SDM Model
	Model (4)

SDM Model





	lnGF
	−0.3776 ***
	−1.3443 ***
	−0.7327 ***
	−1.3527 ***



	
	(0.1282)
	(0.1607)
	(0.1510)
	(0.1341)



	AlnGF
	0.0698 **
	0.4809 ***
	0.1488 **
	0.4781 ***



	
	(0.0329)
	(0.0418)
	(0.0329)
	(0.0346)



	lnFDI
	−0.0143
	−0.2171 ***
	−0.0057 *
	−0.0524 ***



	
	(0.0159)
	(0.0653)
	(0.0150)
	(0.0148)



	lnHuman
	0.0248
	0.8409 ***
	0.1771 **
	0.3427 ***



	
	(0.0272)
	(0.1238)
	(0.1098)
	(0.1008)



	lnST
	0.1278 ***
	0.0841 ***
	−0.0787 *
	−0.1691 ***



	
	(0.0333)
	(0.0232)
	(0.1297)
	(0.0237)



	lnIndustry
	−0.1865 **
	−0.2332 ***
	0.0667 **
	0.2460 ***



	
	(0.0859)
	(0.0402)
	(0.0336)
	(0.0351)



	lnGF*Central
	
	
	
	0.4172 ***



	
	
	
	
	(0.0418)



	lnGF*East
	
	
	
	0.1172 ***



	
	
	
	
	(0.0364)



	W*lnEE
	
	3.5764 ***
	0.4440 *
	2.8294 ***



	
	
	(0.3766)
	(0.4149)
	(0.3475)



	W*lnGF
	
	7.7447 ***
	1.3140 *
	4.2154 ***



	
	
	(0.9615)
	(0.7028)
	(0.8102)



	W*AlnGF
	
	−1.6573 ***
	−0.1710 *
	0.5839 **



	
	
	(0.3034)
	(0.1696)
	(0.2434)



	W*Xctrl
	
	Spatial lag term
	Spatial lag term
	Spatial lag term



	cons
	0.1796
	
	
	



	
	(0.1823)
	
	
	



	rho
	
	1.7502 *
	1.7643 *
	1.6948 *



	
	
	(0.2072)
	(0.2212)
	(0.2172)



	sigma2
	
	0.0418 ***
	0.0118 ***
	0.0323 ***



	
	
	(0.0031)
	(0.0009)
	(0.0024)



	R2
	0.4995
	0.8722
	0.6346
	0.9207



	Log-likelihood
	
	−62.1521
	−287.8878
	−107.3288



	Time fixed effects
	
	Control
	Control
	Control







***, **, and * represent a level of significance of the parameters at 1%, 5%, and 10%, respectively. Standard errors are given in parentheses.
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Table 7. Direct and indirect effects of the SDM.
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	Variables
	Direct Effect
	Indirect Effect
	Total Effect





	lnGF
	−1.3801 ***
	−8.4927 ***
	−9.8728 ***



	
	(0.2038)
	(2.8508)
	(2.9743)



	AlnGF
	0.1877 ***
	1.8164 ***
	2.0041 ***



	
	(0.0490)
	(0.6149)
	(0.6404)



	lnFDI
	−0.2355 ***
	−3.5063 ***
	−3.7418 ***



	
	(0.0793)
	(1.1188)
	(1.1644)



	lnHuman
	0.8664 ***
	6.0659 ***
	6.9323 ***



	
	(0.1577)
	(2.2377)
	(2.3511)



	lnST
	0.0878 ***
	1.0653 **
	1.1531 ***



	
	(0.0282)
	(0.4276)
	(0.4446)



	lnIndustry
	−0.2418 ***
	−2.4226 ***
	−2.6645 ***



	
	(0.0523)
	(0.8257)
	(0.8589)







***, and ** represent a level of significance of the parameters at 1%, and 5%, respectively. Standard errors are given in parentheses.
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Table 8. Results of the mediation effect.
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Variables

	
Model (1)

lnAS

	
Model (2)

lnEE

	
Model (3)

lnTP

	
Model (4)

lnEE






	
lnGF

	
−1.2665 ***

	
−0.4252 ***

	
−0.9601 **

	
−0.3945 ***




	

	
(0.2605)

	
(0.1292)

	
(0.4810)

	
(0.1337)




	
lnGF2

	
0.3955 ***

	
0.0637 *

	
0.0894 **

	
0.0792 **




	

	
(0.0669)

	
(0.0337)

	
(0.0528)

	
(0.0339)




	
lnFDI

	
−0.0381

	
−0.0187

	
−0.0309

	
−0.0160 *




	

	
(0.0323)

	
(0.0155)

	
(0.0593)

	
(0.0164)




	
lnHuman

	
−0.0945 *

	
−0.0138

	
−0.0973 *

	
−0.0416




	

	
(0.0554)

	
(0.0266)

	
(0.1020)

	
(0.0282)




	
lnST

	
0.1811 ***

	
0.1488 ***

	
0.2214 *

	
0.1059 ***




	

	
(0.0677)

	
(0.0328)

	
(0.1256)

	
(0.0349)




	
lnIndustry

	
0.4141 **

	
−0.1383

	
−1.3847 ***

	
−0.1416 *




	

	
(0.1747)

	
(0.0844)

	
(0.3271)

	
(0.0929)




	
M

	

	
−0.1165 ***

	

	
0.0902 *




	

	

	
(0.0266)

	

	
(0.0157)




	
cons

	
5.0580 ***

	
0.7688 ***

	
−5.1486 ***

	
0.1211




	

	
(0.3705)

	
(0.1717)

	
(0.6699)

	
(0.2020)




	
R2

	
0.8978

	
0.5499

	
0.4729

	
0.4998




	
Bca (indeff)

	
(−0.4978, −0.3322)

	
(−0.1343, −0.0555)




	
Bca (direff)

	
(0.7288, 1.0112)

	
(0.3374, 0.6441)








***, **, and * represent a level of significance of the parameters at 1%, 5%, and 10%, respectively. Standard errors are given in parentheses.
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