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Abstract

:

Improving energy efficiency is an important breakthrough to effectively solve the contradiction between economic development and environmental protection. Using a fixed-effect model, spatial Durbin model and panel threshold model, this paper takes panel data of 30 provinces, municipalities and autonomous regions (except Tibet) in mainland China from 2007 to 2019 as samples to demonstrate the impact of high-tech industry agglomeration and government intervention on regional energy efficiency and the mechanism among the three. The results show that high-tech industry agglomeration has a significant positive impact on regional energy efficiency, and government intervention has a significant inhibitory effect on regional energy efficiency. When the three factors act together, government intervention has a distorting effect on the impact of high-tech industry agglomeration on energy efficiency. Both high-tech industrial agglomeration and energy efficiency have spatial spillover effects. The impact of high-tech industry agglomeration on energy efficiency has significant spatial heterogeneity. Based on the above analysis and conclusion, practical policy suggestions are put forward to achieve the goal of improving energy efficiency and effectively solving the contradiction between economic development and environmental protection.
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1. Introduction


Environmental issues such as global warming are some of the most important issues in the world today. In recent years, strategies to respond to threats such as climate change and energy shortage and to strengthen sustainable development have been increasingly widely discussed. In 2018, the United Nations Intergovernmental Panel on Climate Change (IPCC) issued the Special Report on Global Warming of 1.5 °C, which stated that “Human activities are estimated to have caused global warming of about 1.0 °C above pre-industrial levels, with a possible range of 0.8 °C to 1.2 °C. If the current rate of warming continues, global warming could reach 1.5 °C between 2030 and 2052 (high confidence)”. Global warming will lead to the melting of glaciers, an increase in the frequency of extreme weather, impact on ecosystems, etc., posing a serious threat to the survival of organisms. Therefore, it is imperative to protect the environment.



The proposals of “carbon peak” and “carbon neutrality” reflect the Chinese government’s increasing attention to environmental issues. However, economic development is inseparable from the improvement of productivity, and the process of production is inevitably inseparable from the use of energy and gas emissions. Therefore, improving energy efficiency is an important breakthrough required to effectively solve the contradiction between economic development and environmental protection, and it is also an important issue that needs to be explored and solved. Therefore, this paper discusses the influencing factors of energy efficiency.



There is a significant positive relationship between energy efficiency and industrial agglomeration (Wu et al., 2020 [1]; Kenta and Managi, 2021 [2]; Yang et al., 2020 [3]). This is because industrial agglomeration will promote the flow of knowledge, talent and other factors, which are conducive to improving the technological innovation ability of a region. However, because of China’s special ideology, the government’s “visible hand” has more influence on markets than in most capitalist countries. For now, economic growth and the promotion tournament are still very common under the Chinese system. The promotion tournament is a model of governing government officials that combines the centralization of administrative power with strong incentives. The superior government has the centralization of administrative and personnel power and sets the criteria for the competition, and the winners of the competition are promoted. Therefore, related governments tend to take short-term economic behavior in formulating policies, only paying attention to short-term economic growth while ignoring the promotion of long-term energy efficiency. This will make the Schumpeter effect of industrial agglomeration gradually prominent, and the negative externality is more serious.



In summary, the panel data of 30 provinces, municipalities directly under the central government and autonomous regions (except Tibet) in mainland China from 2007 to 2019 were selected in this paper, and a fixed effect model, spatial econometric model and panel threshold model were used to analyze the internal influence mechanism of high-tech industry agglomeration and government intervention on regional energy efficiency. Thus, this paper provides an important contribution toward effectively solving the endogenous contradiction between environmental protection and economic development in China, and lays down a theoretical foundation.




2. Literature Review


2.1. A Literature Review of High-Tech Industrial Agglomeration and Regional Energy Efficiency


The growth of regional energy efficiency has been an important issue in research on economy in recent years, and high-tech industry agglomeration, being one of the key variables in regional energy efficiency, has been widely discussed. As has been shown in the literature in recent years, scholars have used a variety of models to try to conduct quantitative analyses on the relationship between the two. After sorting the results of the studies, scholars believe that although industrial agglomeration brings negative effects, such as increasing negative externalities, causing free-rider and race-to-the-bottom effects and manifesting the Schumpeterian effect (Liu et al., 2017 [4]; Han et al., 2018 [5]; Hong et al., 2020 [6]; Aghion et al., 2005 [7]), on the whole, industrial agglomeration can significantly promote the improvement of energy efficiency, and this conclusion has been confirmed in agriculture (Wu et al., 2020 [1]), the production service industry (Yang et al., 2020 [3]), the textile industry (Zhao and Lin, 2019 [8]), the manufacturing industry (Yuan et al., 2020 [9]), and in other industries.



On this basis, some scholars found that the direction of industrial agglomeration’s impact on energy efficiency was related to the industry. Although the impact was positive in the paper industry and pulp industry, it was negative in the cement industry (Tanaka and Managi, 2021 [2]) and the financial industry (Li and Ma, 2021 [10]). There are different conclusions among scholars, possibly due to the location of the industry and government policies. For example, Tanaka and Managi (2021) pointed out that cement factories prefer to be located near mines needed to make cement, so the cement industry is limited in selecting suitable locations for effective energy. Therefore, in the cement industry, industrial agglomeration can promote energy efficiency. The paper and pulp industries, on the other hand, can locate their plants near bays with easy access to many types of energy, so the agglomeration of industries in the region can promote energy efficiency.



Furthermore, some scholars found that there is a positive nonlinear relationship between industrial agglomeration and energy efficiency (Zhao and Lin, 2019 [8]; Zheng and Lin, 2018 [11]); specifically, there is a positive (Yuan et al., 2020 [9]) or inverted U shape (Li and Liu, 2022 [12]; Xu et al., 2022 [13]) between the two.



In addition, some scholars discussed the spatial spillover effect and concluded that industrial agglomeration has a spatial spillover effect. Among them, most scholars agree that the spatial spillover effect of industrial agglomeration is positive (Yang et al., 2020 [3]; Feng et al., 2022 [14]). However, a few scholars believe that the spatial spillover effect is negative (Han et al., 2018 [5]; Hong et al., 2020 [6]; Xie et al., 2021 [15]), the reason for which lies in the interaction between industrial agglomeration and government intervention, thus showing its negative effect.



Moreover, some scholars discussed spatial heterogeneity. Scholars generally believe that there is spatial heterogeneity in industrial agglomeration in China, but the effect is different. One view holds that industrial agglomeration is more significant in the central and eastern regions of China (Qu et al., 2020 [16]; Liu et al., 2017 [4]), and it has a restraining effect on energy efficiency in the western regions (Qu et al., 2020 [16]). Another point of view is that the positive effect of industrial agglomeration in the central and western regions is higher than that in the eastern regions (Ding et al., 2022 [17]), or the promoting effect of industrial agglomeration in the western regions is greater than that in the central regions (Liu et al., 2017 [4]). A possible reason is that the agglomeration of different industries has different heterogeneities of influence on energy efficiency. For example, Qu et al. (2020) discussed the impact of financial agglomeration on energy efficiency. These scholars believe that compared with central and eastern regions, the industrial base of western regions is relatively weak, and financial agglomeration will increase the competition among traditional industries with high pollution, which is not conducive to the promotion of energy efficiency. Liu et al. (2017) did not subdivide industry agglomeration but discussed the relationship between industry agglomeration and energy efficiency from a macro perspective. They believe that due to the low degree of industrial agglomeration in western China, industrial agglomeration in western China has a greater impact on energy efficiency than that in eastern China.



In summary, although there are studies with contradictory conclusions, most of them basically affirm the positive promotion effect of industrial agglomeration on regional energy efficiency and believe that there are spatial spillover effects and spatial heterogeneity. However, the academic community has not reached a unified conclusion on the direction of influence of the surrounding areas. In addition, academia has also found that some factors distort the impact of industrial agglomeration on regional energy efficiency, but few studies have discussed government intervention as a variable.




2.2. A Literature Review of Government Intervention and Regional Energy Efficiency


Compared with most countries in the world, China’s special social system makes the impact of government intervention on market development more significant. Therefore, most international studies on the impact of government intervention on energy efficiency are focused on China.



Some scholars believe that China’s government intervention has promoted the improvement of energy efficiency. In particular, the government has improved taxation (He et al., 2021 [18]), transportation infrastructure (Liu et al., 2020 [19]), use of fiscal decentralization (Wang and Su, 2022 [20]) and environmental regulation (Li and Ma, 2021 [10]; Song and Han, 2022 [21]). The government has also established a carbon emissions trading system (Chen et al., 2021 [22]), implemented a civilized city policy (Li et al., 2022 [23]), the green credit guide 2012 (Tan et al., 2022 [24]), an emissions trading policy (Tan et al., 2022 [25]), a system of carbon emissions trading rights (Hong et al., 2022 [26]), a strategy of “digital China” (Gao et al., 2022 [27]), smart city construction (Dong et al., 2022 [28]) and a sulfur dioxide emissions trading system (Li et al., 2021 [29]), etc. These measures can stimulate the market to develop green and innovative technologies to reduce pollutant emissions and, thus, improve local energy efficiency.



However, other scholars take the opposite point of view. They believe that although government policies tend to promote regional innovation, from a practical perspective, more government intervention leads to the inhibition of energy efficiency, especially with Chinese fiscal decentralization, where the government exhibits short-term economic behavior for short-term economic growth, inclining resources toward traditional energy-intensive industries. This leads to a “race to the bottom” (Kassouri, 2022 [30]) and inhibits improvements in energy efficiency.



In summary, at present, the academic community has not reached a unified conclusion on the direction of government intervention on energy efficiency, although studies show that some policies, such as taxes, trading pilots and trading systems, can promote energy efficiency. Other government actions, such as tilting financial resources toward traditional energy-intensive industries, have the opposite effect. Therefore, in actuality, whether government intervention really plays a promoting role requires further discussion.




2.3. A Literature Review of High-Tech Industrial Agglomeration and Government Intervention


At present, there are few studies on the relationship between high-tech industry agglomeration and government intervention. Some scholars have directly studied the relationship between the two and believe that the government will affect industrial agglomeration through subsidies (Kondo, 2013 [31]), improvements to transportation networks (Liu et al., 2022 [32]) and other intervention methods.



Some scholars have also introduced a third variable for discussion. One view is that the interaction between the two will have negative effects, such as negative externalities for the environment, causing the “race to the bottom” and “free-riding” phenomena (Hong et al., 2020 [6]). Another point of view is that government intervention will distort the positive impact of industrial agglomeration on land prices (Lin and Ben, 2009 [33]), green technology innovation (Wu et al., 2021 [34]), etc.



In summary, firstly, government intervention can directly affect industrial agglomeration; secondly, government intervention will interact with industrial agglomeration and cause externalities; and thirdly, government intervention and industrial agglomeration may have opposite forces on a third party, and government intervention can distort the influence of industrial agglomeration on the third variable. Therefore, in terms of energy efficiency, it is worth discussing whether government intervention and market agglomeration still conform to the above laws, and the results can also provide a theoretical basis for the government’s decision making.





3. Theoretical Mechanism


3.1. High-Tech Industrial Agglomeration and Regional Energy Efficiency: Evasive Competition Effect


High-tech industry agglomeration can exert a significant positive influence on regional technological progress and innovation (Zhang et al., 2019 [35]) through methods including the activation of regional innovation activities (Akhvlediani and Cieślik, 2017 [36]) led by knowledge and technology spillover among regional high-tech enterprises (Carlino et al., 2007 [37]; Li et al., 2017 [38]). In this process, the evasive competition effect of industrial agglomeration has an important influence (Kireyeva et al., 2018 [39]), namely, the high and new technology industry cluster can produce industry competition, the evolvement of which follows the logic of “high and new technology industry agglomeration–cluster competition–technology innovation”. Because industrial technology innovation needs a certain amount of knowledge and experience, it has the characteristics of being complex and having long cycles. Therefore, the innovator has a certain learning cost when carrying out innovation (Mayley, 1996 [40]; Ahn, 1999 [41]). At this time, the geographic agglomeration of high-tech industry is conducive to the concentration of a large number of professional talents and human capital related to technological innovation, increasing the input of specialized intermediate goods and knowledge spillover to reduce the learning cost, promoting the improvement of the regional innovation efficiency and technological innovation level. The evasive competition effect means that the more intense the competition, the lower the profits of the firm. Therefore, the firm will escape the competition through innovation. This boosts the latecomers to the local technological innovation activities by intensifying the inter-industry competition, which makes the effect of evasive competition more obvious, promoting the continuous improvement of the regional innovation ability.



At the same time, existing research shows that technological innovation can create a new capital accumulation structure, improve labor efficiency, broaden new value creation channels, reduce energy waste in the production process of enterprises and promote the development of a regional low-carbon economy and the continuous improvement in the energy efficiency (Tirole, 1988 [42]; Fisher-Vanden et al., 2006 [43]; Witajewski-Baltvilks et al., 2015 [44]). In particular, environmentally friendly technological innovation can significantly promote energy conservation and emissions reduction and improve regional energy efficiency by enhancing the regional green development potential and guiding technological progress toward green development (Yao et al., 2016 [45]).



Based on the above analysis, regional high-tech industry agglomeration can promote regional technological progress and innovation through an evasive competition effect mechanism and effectively promote regional energy efficiency through technology improvement. Thus, this paper puts forward the following hypothesis:



Hypothesis 1 (H1).

High-tech industrial agglomeration can significantly improve regional energy efficiency by promoting regional technological progress.






3.2. Government Intervention and Regional Energy Efficiency: The “Race to the Bottom” Trap


This paper analyzed the interaction between government fiscal policy intervention and regional energy efficiency at the macro level. When the government adopts an expansionary fiscal policy, it will promote public R&D expenditure, while taking the decision to vigorously promote regional innovation, which will intensify social competition for technological innovation resources, cause more rent-seeking behavior by enterprises, boost the social R&D cost and further diminish the regional innovation ability (Goolsbee, 1998 [46]).



The deeper impact of government intervention on regional energy intensity lies in that the government would fall into a “race to the bottom” as it intervenes in energy standards (Han et al., 2018 [5]) and tax competition (Hong et al., 2020 [6]). Because of the unreasonable achievements appraisal system and promotion system, the local government is forced to continuously participate in tournaments that “compete for growth”. As a result, the local government tilts more financial resources toward traditional high-pollution, high-energy consumption industries with shorter cycles, lower risk and fast payback; thus, the share of green innovation enterprises are squeezed out. Enterprises, in order to survive, are forced to give up research and development on green technology with longer cycles, and this will inhibit energy efficiency.



According to the above analysis, government intervention will intensify the social plunder of innovation resources and also make the governments themselves into a “race to the bottom”. Therefore, in the long run, this mechanism will inhibit the improvement of regional energy efficiency, which will ultimately hurt others. Based on the above analysis, this paper puts forward the following hypothesis:



Hypothesis 2 (H2).

Government intervention stifles regional energy efficiency by triggering a race to the bottom.






3.3. High-Tech Industrial Agglomeration, Government Intervention and Regional Energy Efficiency: Moderating Effect


From the above analysis, it can be seen that high-tech industry agglomeration will promote technological progress and innovation, thus it has a positive impact on energy efficiency. In addition, government intervention can stifle energy efficiency by triggering a “race to the bottom”. In China, the government plays a pivotal role in the market. To some extent, government intervention is closely related to industrial agglomeration and energy efficiency. For example, subsidies and other policy means are used to create local high-tech industry agglomeration. Therefore, this paper continues to explore whether the influence of the two on regional energy efficiency will change when they exist together.



It can be seen from existing studies that industrial agglomeration will trigger the effect mechanism of “evasive competition”, thereby amplifying the innovation ability of the region and promoting the improvement of energy efficiency (Aghion et al., 2005 [7]). However, government intervention can distort this mechanism by inducing a “race to the bottom” trap (Hong et al., 2020 [6]) and the “Schumpeter effect” (Aghion et al., 2005 [7]). Based on the Schumpeter effect, once a monopoly is formed in an industrial agglomeration market and some enterprises rely on excess profits for a long time, this will inhibit the decline in the overall innovation ability of the region. Government intervention will not only aggravate the “Schumpeter effect” through path dependence, but would also make traditional high-energy consumption enterprises with a low green innovation ability the monopolistic enterprises in the region, which will further distort the green innovation of the whole region. The reason for this mainly lies in the fact that in order to obtain short-term economic growth, the government would tilt the fiscal resources toward traditional high-energy-consumption, high-pollution industries. This, on the one hand, squeezes the share of green development-oriented enterprises. On the other hand, traditional companies have a large market share which can ensure continuous excess profits; therefore, enterprises would lack the motivation to develop long-cycle and high-input green innovation technology.



In addition, research also shows that there is a U-shaped relationship between industrial agglomeration and energy efficiency (Li and Liu, 2022 [12]; Xu et al., 2022 [13]). The critical points and negative externalities are related to the transportation infrastructure’s construction and industrial structure (Liu et al., 2020 [19]; Zhong et al., 2020 [47]). Moreover, these factors are related to government intervention.



Based on the above analysis, on the one hand, high-tech industrial agglomeration will bring dividends, such as talent agglomeration, knowledge spillover and transportation cost reduction, thus promoting the growth of energy efficiency. On the other hand, government intervention will trigger the trap of a “race to the bottom”, aggravate the negative externalities brought by industrial agglomeration, and inhibit energy efficiency. Thus, this paper puts forward the following hypothesis:



Hypothesis 3 (H3).

Government intervention will distort the positive effect of high-tech industry agglomeration on energy efficiency.






3.4. Spatial Spillovers: Trickle-Down Effect and Diffusion Effect


Energy efficiency creates a spatial spillover effect. In terms of the impact of government intervention on energy efficiency, existing studies have shown that government policy support (Yu et al., 2022 [48]), the establishment of corresponding pilot programs (Tan et al., 2022 [25]) and the proposal of national strategies (Gao et al., 2022 [27]) all have spatial spillover effects on energy efficiency. Government intervention not only affects the region but also causes a similar market structure and market proximity among neighboring provinces in China. As a result, the policies of a province will siphon talents from surrounding areas or radiate to surrounding areas (Ke and Feser, 2010 [49]), which will also affect the energy efficiency of the surrounding areas.



In addition, in terms of the impact of high-tech industry agglomeration on energy efficiency, existing studies also fully show that industrial agglomeration has a nonlinear relationship with energy efficiency, which is affected by spatial correlation, etc. (Wu et al., 2020 [1]). This is because the advantages of geographical location lead to close cooperation between enterprises in neighboring provinces. Moreover, with a developed transportation network and government support, the improvement in the regional innovation and technology will spill over to neighboring provinces, along with the population and the internet, so as to enhance the technological level of other provinces and improve their energy efficiency.



Based on the above analysis, both high-tech industry agglomeration and government intervention have a nonlinear relationship on energy efficiency, and there is a spatial spillover effect. In general, thanks to policy, transportation, population and other factors, the positive spatial spillover effect in the eastern region is significantly greater than that in the central and western regions. Thus, this paper puts forward the following hypothesis:



Hypothesis 4 (H4).

In terms of exploring the influencing factors and mechanism of energy efficiency, the effects of energy efficiency, high-tech industry agglomeration and government intervention all have spatial spillover effects.







4. Model Construction, Variable Selection and Spatial Distribution


4.1. Model Construction


4.1.1. Fixed Effects Model


This paper studied the impact of government intervention and high-tech industry agglomeration on energy efficiency in 30 provinces, municipalities and autonomous regions (excluding Tibet) in mainland China from 2007 to 2019. Although the fixed effect model cannot estimate the influence of variables that do not change over time, compared with random effects, it can achieve consistent estimations even if the individual effects are related to explanatory variables. Therefore, in order to avoid the endogeneity problem in the model, a fixed effect model was constructed in this paper. The application premise of this model is to assume that the results of independent studies tend to be consistent, and there is no significant difference in the consistency test. The specific model is as follows:


  Model   1 :     E E   i t   =   α   1     G I   i t   +   β   1     H I C   i t   +   μ   1     C o n t r o l   i t   +   γ   i   +   δ   t   +   ε   i t    



(1)







In this model, i represents the province; t represents the year;     E E   i t     represents the explained variable, namely, regional energy efficiency;     G I   i t     represents the degree of government intervention;     H I C   i t     represents the degree of high-tech industry agglomeration;     C o n t r o l   i t     represents a set of control variables;     γ   i     and     δ   t    , respectively, represent the individual effect and time effect of the model; and     ε   i t     represents the disturbance term.




4.1.2. Construction of the Spatial Econometric Model


Spatial econometrics is a term that was first publicly proposed by Jean Paelinck in 1974 at the second annual meeting of the Dutch Statistical Association. Compared with traditional econometric models, spatial econometrics focuses on the spatial dependence in the model. That is, the attribute value of a certain spatial unit depends on the degree to which the attribute value of its neighboring space is desirable. Therefore, although the model is strict in the selection of the spatial weight matrix, the model has the advantage of considering the spatial dependence in the model. The premise of a spatial econometric model is the spatial autocorrelation of the explained variables. Government intervention and high-tech industry agglomeration in a region would not only directly affect the local energy intensity, but also have different degrees of impact on other regions through a spatial spillover effect. Therefore, this paper introduced the spatial econometric model and combined the panel data of 30 provinces, municipalities directly under the central government and autonomous regions (except Tibet) in mainland China from 2007 to 2019 to explore the impact of high-tech industry agglomeration and government intervention on the regional energy effect. In addition, in order to solve the endogeneity problem of the model, we referred to the research framework of Elhorst (2014) [50]. The following spatial Durbin model (SDM), spatial error model (SEM) and spatial lag model (SAR) were constructed.


  M o d e l 2 : l n   E E   i t   = ρ   ∑  j = 1   n      W   i j   l n   E E   j t   + β l n   X   i t   +   ∑  j = 1   n      W   i j   l n   X   j t   θ +   α   i   +   γ   t   +   U   i t        



(2)






  l n   E E   i t   = r u   ∑  j = 1   n      W   i j     V   j t   +   U   i t      



(3)






  l n   E E   i t   = ρ   ∑  j = 1   n      W   i j   l n   E E   j t   + β l n   X   i t   +   α   i   +   γ   t   +   U   i t      



(4)







In this model, the subscripts i and t represent the provinces and years, respectively; ρ represents the spatial lag coefficient; λ represents the spatial error coefficient; β and θ are the parameters to be estimated;     X   i t     represents a series of explanatory variables, including the main explanatory variables of government intervention system and high-tech industry agglomeration degree, as well as a series of control variables.     α   i     represents the spatial individual effect;     γ   t     represents the spatial time effect;     U   i t     represents the random disturbance term, which satisfies the assumptions of zero mean, homoscedastic, zero covariance and homodistribution; and     W   i j     is a normalized n-by-n dimensional spatial 0–1 adjacency matrix. There are many ways to set the spatial weight matrix, including the spatial weight matrix based on the adjacency; the spatial weight matrix based on the spatial distance and economic distance; and the composite spatial weight matrix weighted by the above methods. In this paper, the spatial weight matrix of the adjacency was selected, and only the spatial dependence (i.e., autocorrelation) caused by the adjacent spatial locations of the research objects was considered.




4.1.3. Panel Threshold Model Construction


Based on past experience (Li and Liu, 2022 [12]; Xu et al., 2022 [13]), when government intervention and high-tech industrial technology cluster, they are also likely to have nonlinear effects on energy efficiency. Therefore, when further exploring the impact of government intervention and high-tech industry agglomeration on regional energy efficiency, this paper took the practice of Hansen (1999) [51] as a reference, selecting a nonlinear panel model, took government intervention as the threshold variable and high-tech industry agglomeration as the core explanatory variable, and set the following model. The premise of this model is the existence of a threshold effect. Although the model has the disadvantage that the differentiation interval and the sample separation point are selected arbitrarily, rather than determined by the internal mechanism of economy, the method has the advantages that it does not need to give the form of a nonlinear equation, and the threshold value and its number are completely determined by the internal data of the sample. Therefore, this paper chose the panel threshold model.


  Model   3 :     E E   i t   = Φ +   α   1     H I C   i t   × I (   G I   i t   ≤ γ ) +   α   2     F D E   i t   × I (   G I   i t   > γ ) +   ∑  j      β   j     x   i t   j     +   ε   i t    



(5)




where     E E   i t     is the energy efficiency;     H I C   i t     is the degree of high-tech industry agglomeration;     G I   i t     is the degree of government intervention;     x   i t   j     represents a set of control variables;     ε   i t     is the residual error; i is the province; t is the time;   γ   is the threshold value corresponding to the threshold variable; and   I ( ⋅ )   is an indicative function. If the condition is satisfied, the value is 1; if the condition is not satisfied, the value is 0.





4.2. Variable Interpretation and Data Sources


4.2.1. Explained Variable


	(1)

	
Energy efficiency (EE)







The concept of energy efficiency was first proposed by Kaya and Yokobori (1997) [52]. Based on the super-SBM model and using DEA Solver Pro 5.0 software, this paper constructed the energy efficiency measurement system, as shown in Table 1, to measure the carbon emission efficiency of 30 provinces, municipalities and autonomous regions in mainland China from 2007 to 2019.



In Table 1, the capital stock is calculated by referring to the method of Jun et al. (2004) [53], using the “perpetual inventory method”, and 2006 was selected as the base period and the unit was CNY 100 million. The labor force index is measured by the total number of employees in the three industries in the same year, and the unit was 10,000. The total energy consumption was selected as the energy input index, and the unit was ten thousand tons of standard coal. At the same time, the gross domestic product (GDP) of each province was taken as the output factor index. Due to the consideration of price changes, this paper took 2006 as the base period and used the index deflator to convert the real GDP of each province or region over the past years. The data sources were the China Statistical Yearbook, China Energy Statistical Yearbook and statistical yearbooks of the provinces, municipalities directly under the central government and autonomous regions.



In addition, this paper used the super-SBM model to measure the efficiency against the input–output index system, shown in Table 1. The SBM model sets slack variables to make up for the influence that the “slack” factor brings to the traditional DEA model. The super-SBM model was proposed by Tone (2001) [54] on the basis of the SBM, which effectively solves the problem that the SBM model cannot distinguish effective decision-making units. The super-SBM model is expressed in Equation (6).


      M i n θ =   1 +   1   m     ∑  i = 1   m      s   i   −   /   x   i k       1 −   1   s     ∑  r = 1   s      s   r   +   /   y   r k               s . t .    ∑  j = 1 , j ≠ k       x   i j     λ   j   −     s   i   −   ≤   x   i k     i = 1,2 , … , m                       ∑  j = 1 , j ≠ k       y   r j     λ   j   +     s   i   +   ≥   x   k   ( i = 1,2 , . . . , s )                    λ   j   ≥ 0 , j = 1,2 , . . . , n ( j ≠ k ) ,   s   i   −   ≥ 0 ,   s   r   +   ≥ 0      



(6)




where x represents the input factor variable, y represents the output factor variable, m represents the number of input indicators, s represents the number of output indicators;     s   i   −     is the slack variable of the input,     s   r   +     is the slack variable of the output and     λ   j     denotes the weight vector.




4.2.2. Core Explanatory Variables


	(1)

	
High-tech Industrial Technology Agglomeration (HIC)







In this paper, the location entropy was used to measure high-tech industry agglomeration. At present, there are mainly three methods to calculate the location entropy at home and abroad:


    L Q   i   =       q   i    /    ∑  i = 1   n      q   i             Q   i    /    ∑  i = 1   n      Q   i         ;   L Q   i   =       c   i    /    ∑  i = 1   n      c   i             C   i    /    ∑  i = 1   n      C   i         ;   L Q   i   =       e   i    /    ∑  i = 1   n      e   i             E   i    /    ∑  i = 1   n      E   i          



(7)







In this model,     L Q   i     represents the location entropy of industry i;     q   i    ,     c   i     and     e   i    , respectively, represent the output value, employment number, and number of enterprises of i industry in a certain region;     ∑  i = 1   n      q   i      ,     ∑  i = 1   n      c   i       and     ∑  i = 1   n      e   i      , respectively, represent the total output value, total employment number and total number of enterprises of all industries in region i;     Q   i    ,     C   i     and     E   i    , respectively, represent the output value, employment number and number of enterprises of industry i in all regions;     ∑  i = 1   n      Q   i      ,     ∑  i = 1   n      C   i       and     ∑  i = 1   n      E   i       represent the total output value, total employment and number of enterprises of all industries in the country.



Based on the existing data, there is a lot of missing data on the annual output value of high-tech industry in China’s provinces, and local governments have limited disclosure of this index. However, the agglomeration degree of regional high-tech enterprises represented by the location entropy of enterprises obviously does not take into account the size of enterprises. In addition, based on the data availability, as well as considering that human capital is the most important and also the most active element in high and new technology industry, as well as that its quantity and degree of concentration can greatly act on behalf of the regional high-tech industry cluster, this paper used the provincial high and new technology industry location employment entropy as the region’s high-tech industry agglomeration agent variables. The data on the number of jobs in high-tech industries came from the China Statistical Yearbook and the statistical yearbooks of the provinces and regions.



	(2)

	
Degree of Government Intervention (GI)







The contents of government intervention include legal means, economic policies, planning guidance and administrative means. Among them, one of the most direct and flexible methods of government intervention is fiscal policy, so this paper adopted fiscal policy intervention as the proxy variable of government intervention. Fiscal policy includes expansionary fiscal policy and contractionary fiscal policy, the former accompanied by fiscal deficit, while the latter accompanied by fiscal surplus. The ratio of fiscal expenditure and regional output (GDP) is used as the measurement index of fiscal intervention in most existing studies (Qiu-yun et al., 2017 [55]). This measurement method only considers the measure of expansionary fiscal intervention but does not reflect the government’s intervention degree when fiscal contraction occurs. Therefore, this paper made a correction, and the measure of the government’s intervention degree is shown in Equation (8).


    G I   i t   =           R e v e n u e   i t   −   E x p e n d i t u r e   i t       E x p e n d i t u r e   i t     (   R e v e n u e   i t   >   E x p e n d i t u r e   i t   )           E x p e n d i t u r e   i t   −   R e v e n u e   i t       R e v e n u e   i t     (   R e v e n u e   i t   <   E x p e n d i t u r e   i t   )        



(8)




where     G I   i t     represents the intervention degree of regional government in period t of region i;     R e v e n u e   i t     represents the government fiscal revenue in t period of time of i region;     E x p e n d i t u r e   i t     represents the government fiscal expenditure in t period of time of i region;       R e v e n u e   i t   −   E x p e n d i t u r e   i t       E x p e n d i t u r e   i t       is an expression representing the degree of government intervention when implementing contractionary fiscal policies; and       E x p e n d i t u r e   i t   −   R e v e n u e   i t       R e v e n u e   i t       is an expression representing the degree of government intervention when conducting expansionary fiscal policy.




4.2.3. Control Variables


In order to avoid the endogeneity problem caused by missing variables and to obtain effective estimation results, this paper controlled the influence of other relevant variables, including:




	(1)

	
Provincial Forest Coverage Rate (Forest)









The relevant data were obtained from the China Statistical Yearbook and the statistical yearbooks of the various provinces and cities.



	(2)

	
Fiscal Transparency (FT)







In this paper, we adopted the comprehensive score of financial transparency of the Chinese provinces published by the Shanghai University of Finance and Economics as its proxy variable, which is the most authoritative one in China.



	(3)

	
Financial Development Index (FD)







In this paper, we measured the Financial Development Index (FD) on the basis of Raymond W. Goldsmith’s book Financial Structure and Development, and the specific measurement formula is (balance of deposits of financial institutions + balance of loans of financial institutions)/GDP. The data used in the measurement came from the China Statistical Yearbook, China Financial Statistical Yearbook and the statistical yearbooks of each province.



	(4)

	
Industrial Structure Deviation (ISD)







In this paper, we refer to the Theil index constructed by Gan et al. (2011) [56] to measure the deviation index of the industrial structure. The Theil index is constructed as follows:


    T L   i , t   =   ∑  i = 1   n    (     Y   i , t     Y   )   l n (       Y   i , t       L   i , t      /    Y   L     )  



(9)




where   Y   is the total output value of the three industries;     Y   i ( i = 1,2 , 3 ) , t     is the output value of the first, second and third industrial sectors;   L   is the total population employed in the tertiary industries; and     Y   i ( i = 1,2 , 3 ) , t     is the population employed in the primary, secondary and tertiary industry sectors. The Theil index value represents the deviation degree of the industrial structure. The larger the Theil index value, the greater the industrial structure deviates from the equilibrium state and the lower the degree of rationalization of the industrial structure.



Considering the availability of data, panel data of 30 provinces, municipalities directly under the central government and autonomous regions (except Tibet) in mainland China from 2007 to 2019 were selected as samples in which the data on the explained variable (EE) were obtained. In order to alleviate the negative impact of heteroscedasticity on the model estimation, this paper took logarithms of all of the variables, except energy efficiency (EE) (Figure 1, Figure 2 and Figure 3).



Table 2 reports the descriptive statistical results of the explained variables, core explanatory variables and control variables.




4.2.4. Spatial Weight Matrix


The three common spatial weight matrices are the 0–1 adjacency matrix, that is, the adjacency of two regions is denoted as 1; the geographical distance matrix, that is, the inverse of the distance between the two regions is used as the weight matrix; and the economic distance matrix, that is, the inverse of the absolute value of the difference between the per capita GDP of the two regions is used as the weight matrix. This paper focused on the spatial spillover effect between geographically adjacent regions, so the first matrix, namely, the 0–1 adjacency square matrix, was selected. The matrix is as follows:


    W =           W   11       W   12         W   21     1      ⋯        W   1 N         W   2 N          ⋮   ⋱   ⋮          W   N 1       W   N 2        ⋯     W   N N            Among   them ,     W   i j   =      1 ,      i and j are adjacent     1 ,     i and j are not adjacent         



(10)




where   W   is the spatial weight matrix. Both i and j represent provinces; when province i and j are adjacent,     W   i j     is 1; otherwise, it is 0.




4.2.5. Spatial Distribution of the Core Variables


Figure 4 shows the spatial and temporal distribution of the core variables in 2007 and 2019. Among them, Figure 4a shows the spatial and temporal distribution of the regional energy intensity in 2007 and 2019; Figure 4b shows the spatial and temporal distribution of high-tech industry agglomeration in 2007 and 2019; and Figure 4c shows the spatial and temporal distribution of government intervention in 2007 and 2019.



Based on the above spatial and temporal distribution maps, it can be seen that there is obvious spatial heterogeneity azmong the regional energy intensity, degree of high-tech industry agglomeration and degree of government intervention in China, no matter whether from south and north or from east and west. Among them, regional energy intensity and the degree of high-tech industry agglomeration show the distribution characteristics of ”the north is lighter than the south, while the west is lighter than the east”, whereas the degree of government intervention shows the distribution characteristics of “the north is heavier than the south, while the west is heavier than the east”. It can be seen that there are gaps in the economic development level and government system between the south and the north of China. Therefore, this paper also focused on the spatial heterogeneity of the variable interactions.






5. Empirical Results and Analysis


5.1. Fixed Effect Model Analysis


Model 1 is a dual-fixed effect model under the spatial Durbin model. In this paper, Stata17.0 was used to test the model variables, and the results are shown in Table 3.



As can be seen from Table 3, the coefficients of government intervention under different numbers of control variables were −0.0590, −0.0619, −0.0593, −0.0600 and −0.0603. Since the p-values were all less than 0.05, the null hypothesis of no correlation between regional energy efficiency and government intervention is rejected, and the correlation coefficients were all negative. This indicates that government intervention has a significant impact on regional energy efficiency, and this impact is negative; that is, government intervention inhibits the development of regional energy efficiency, which supports Hypothesis H2. The reason for this is that the government is under a “tournament for growth”. The unreasonable examinational system and promotion system prompted the local government and local officials to focus on short-term economic growth, thus short-sighted policy, fiscal expenditure and preferential policies to attract foreign capital, improve traditional energy-intensive industries, such as in its direction, causing “the bottom competition” trap, inhibiting the development of regional energy efficiency.



In addition, under the condition of a different number of control variables, the high-tech industry agglomeration was 0.0465, 0.0459, 0.0443, 0.0452 and 0.0453, and the p-values were all less than 0.01, strongly rejecting the null hypothesis, and the correlation coefficients were all positive. High-tech industry agglomeration has a significant promoting effect on regional energy efficiency. Hypothesis H1 is supported. This is because the agglomeration of high-tech industries will bring knowledge, population and other dividends; increase the input of specialized intermediate goods; reduce learning costs; promote the improvement of regional innovation efficiency and degree of technological innovation; and enhance the effect of “escape competition”. At the same time, the Chinese government attaches great importance to and supports green development. In addition, more latecomers and fiercer competition further force capital to carry out technological innovation so as to explore more environmentally friendly production modes, which also promotes the development of regional energy efficiency.



In addition, in order to further investigate the joint action mechanism of high-tech industry agglomeration and government intervention on regional energy efficiency, this paper added the multiplicative interaction term between high-tech industry agglomeration and government intervention as a new core explanatory variable in the model to estimate the parameters again. The results are shown in Table 4.



As can be seen from Table 4, the coefficients of the new core explanatory variables were −0.0322, −0.0325, −0.0313, −0.0313 and −0.0324 and the p-value passed the significance hypothesis test at the 5% level. It can be seen that the joint main effect of high-tech industry agglomeration and government intervention is significantly negative. This indicates that government intervention has a distorting effect on the positive externality of high-tech industry agglomeration, which supports Hypothesis H3. The reason for this is that many governments, in order to pursue short-term economic benefits and promotion targets, adopt short-term economic behaviors, which increases the Schumpeter effect of industrial agglomeration and amplifies its negative effect. As a result, high-tech industry agglomeration will inhibit the growth of regional energy efficiency as a whole.




5.2. Analysis of the Spatial Econometric Model


5.2.1. Spatial Applicability Test


Stata 17.0 was used to calculate the global Moran’s I index and its significance for the energy efficiency of 30 provinces, municipalities and autonomous regions (except Tibet) in China from 2007 to 2019 based on the 0–1 spatial weight matrix considering geographical factors. The results are shown in Figure 5. In addition, Moran scatter plots of regional energy intensity (EI) in 2007 and 2019 were also drawn, and the results are shown in Figure 6.



Figure 5 shows that under the 0–1 spatial weight matrix, the global Moran’s I index of regional energy efficiency, government intervention and high-tech industry agglomeration were all positive and higher than four, and the p-value was less than 1%, which passes the significance test, indicating that during 2007–2019, the regional energy efficiency, government intervention and high-tech industry agglomeration all reject the null hypothesis of no spatial autocorrelation significantly; that is, they all have significant positive spatial autocorrelation.



Visible from the Figure 6, most of the years are located in the first quadrant and the third quadrant, which means that in most of the years, the provincial energy efficiency were high–high gathered (HH) in either a high or low–low concentration (LL), once again showing that a “high–high gathered and low–low gathered” spatial correlation among the regional energy efficiency, government intervention and the high-tech industry agglomeration exists. All of the above proves that it is reasonable to set up the spatial econometric model under the 0–1 spatial weight matrix.




5.2.2. Identification, Selection and Test of the Spatial Econometric Model


This paper constructed a spatial econometric model of high-tech industry agglomeration, government intervention and regional energy efficiency based on the 0–1 adjacency spatial weight matrix. The LM test, Hausman test, LR test, LR test and Wald test were used to identify which type of spatial econometric model was best. The results are shown in Table 5.



As can be seen from Table 5, first, the p-value of the data passed the LM test at 1% significance, indicating that it was appropriate to choose both the SEM model and SAR model, so the SDM model combining them was selected. Second, in the Hausman test, the data passed the significance test at 1%, so the null hypothesis was significantly accepted, indicating that the fixed effect model was better when the SDM model was selected. Third, in the Wald test, the p-value was 0.01, which also passed the significance test, again verifying that the SDM model should be selected in this paper. Fourth, in LR test, the p-value was 0, which proves that the null hypothesis was significantly rejected, consistent with the previous test results, and the SDM cannot be degraded into the SAR model or SEM model, which again proves the correctness and accuracy of selecting the SDM model.




5.2.3. Spatial Durbin Model Regression Analysis


Based on the above analysis, this paper adopted the spatial Durbin model (SDM) with dual fixed effects to conduct an econometric analysis of the relationship among high-tech industry agglomeration, government intervention and regional energy efficiency. The results are shown in Table 6.



As can be seen from Table 6, the spatial autoregressive coefficients were 0.394, 0.393, 0.396, 0.393 and 0.392. The p-value passed the significance test at the 1% level, and the coefficients were all positive, indicating that the energy efficiency of the explained variable region had a significant positive spatial spillover effect on itself. That is, the energy efficiency improvement of one province in China can significantly improve the energy efficiency level of neighboring provinces. This is because the improvement in the energy efficiency is mainly thanks to the improvement in the technical level of the region due to the rapid development of the internet and transportation network. Communication between provinces will increasingly be cross-regional cooperation among enterprises, etc., and all of these enhanced diffusion effects, namely, promoting knowledge spillover, talent spillover, etc., to enhance the technology level of the neighboring provinces, improves the energy efficiency in neighboring areas.



In addition, under the condition of a different number of control variables, the main effect coefficients of the degree of government intervention were −0.0510, −0.0526, −0.0545, −0.0582 and −0.0594, which passed the significance test at the 1% or 5% level, and the values were negative. Although the main effect coefficient of high-tech industry agglomeration did not pass the significance test at the 10% level in the regression of group (3), with a value of 0.0273, the regression of group (1), group (2), group (4) and group (5) all passed the significance test at 10%. The values were 0.0279, 0.0294, 0.0305 and 0.0302, respectively, and the values were all positive. In conclusion, government intervention can significantly inhibit regional energy efficiency, while high-tech industry agglomeration can significantly promote regional energy efficiency, which verifies the above results. This is because the government is obsessed with winning competition through short-term excellent performance, and it is very short-sighted when formulating policies. For example, it favors traditional high-energy industries with fiscal expenditure, thus promoting the rapid development of local economy and, indeed, improving energy efficiency and promoting green development in the short term. However, in the long run, this policy may trigger a “race to the bottom”, aggravate the negative externalities of enterprises on the environment and have a negative effect on energy efficiency. Therefore, in the long run, government intervention has a restraining effect on energy efficiency.



The coefficients of W × lnGI under a different number of control variables were 0.0328, 0.0328, 0.0397, 0.0241 and 0.0284, which failed to pass the significance test at the 10% level. Therefore, the null hypothesis is accepted, indicating that there is no significant spatial spillover effect of government intervention. That is, government intervention in one province will not have a spatial transmission effect on the energy intensity of neighboring provinces, which is contrary to the hypothesis of this paper. This is because, first, the policies of one province apply only to the region; second, provincial and municipal governments are in a parallel relationship and take orders from the central government, so they formulate local policies according to the central government’s policies. Moreover, the promotion mechanism and performance appraisal model of local governments are similar, so the policies of most provinces are similar. Third, market segmentation and local protectionism caused by government intervention in China make it difficult for local governments’ policies and economic activities to influence other policies outside their own jurisdictions. Therefore, the intervention policies of neighboring provinces naturally do not have spillover effects on the energy efficiency of neighboring provinces.



However, W × lnHIC passed the significance test at the 10% level, and the values were 0.0584, 0.0658, 0.0660, 0.0718 and 0.0819. Therefore, the null hypothesis is rejected, indicating that high-tech industry agglomeration has a significant spatial transmission effect; that is, the degree of high-tech industry agglomeration in a province will spillover through the spatial effect, increasing the energy intensity of neighboring provinces. Visibly, as the market and market structure are roughly similar, high-tech industry agglomeration does cause a “competition to avoid” effect, enhancing the innovation ability of enterprises. In addition, developed transportation and the internet strengthen the links among different enterprises, such as sending personnel to learn from each other and cooperating to develop novel products; these all enhance the knowledge spillover, thus improving the level of science and technology of the neighboring province, which in turn reduces the energy efficiency of neighboring provinces.




5.2.4. Deconstruction Analysis of the Spillover Effect of the Spatial Durbin Model


Furthermore, in order to avoid the endogeneity problem, this paper referred to the practice of Elhorst (2010) [57] and used Stata 17.0 to deconstruct the spatial spillover effect into direct effect, indirect effect and total effect. In addition, in order to analyze the differences between southern and northern China in a more detailed way, this paper again deconstructed the direct effect, indirect effect and total effect of the spatial spillover effect in different regions. Table 7 shows the spatial effect decomposition results based on the 0–1 spatial weight matrix under the SDM model.



As can be seen from Table 7, the coefficient of the direct effect of government intervention was significantly negative, with a value of −0.0587, whereas the coefficient of the indirect effect and total effect failed to pass the significance test, with a value of 0.00776 and −0.0510, respectively, which confirms the above results of the econometric analysis, indicating that government intervention has a significant negative impact on local energy intensity. However, there is no significant spatial spillover effect, which will not have a spatial transmission effect on the energy intensity of other neighboring provinces. In addition, on the whole, the impact of government intervention on the national energy efficiency is not significant enough. It can be seen that the “race to the bottom” caused by the government’s short-sightedness due to the unreasonable promotion mechanism and other factors will have a significant negative impact on the energy efficiency of the region. However, due to the similarity and incoherence of the policies, the negative impact of a provincial government intervention has no significant spatial spillover effect.



The coefficient of high-tech industry agglomeration of the direct effect, indirect effect and total effect all passed the 5% level of the significance test, and the values were 0.0380, 0.133 and 0.171, showing that high-tech industry agglomeration not only significantly promotes energy efficiency in the province, but also has a strong spatial spillover effect on the energy efficiency of adjacent provinces. At the national level, the agglomeration of high and new industries has a significant positive impact on enhancing the regional energy efficiency. This conclusion again confirms the above analysis and also indicates that high-tech industry agglomeration will promote regional technological progress and innovation through the mechanism of the evasive competition effect. With the rapid development of transportation and the internet in China in recent years, the awareness of win–win cooperation among enterprises has gradually increased. Therefore, technological progress and innovation in one province will spill over to other provinces, thus promoting the improvement of the energy efficiency in neighboring provinces.




5.2.5. Expanding the Analysis


Given China’s vast territory and different levels of development in different regions, there may also be spatial heterogeneity in the government intervention and high-tech industry accumulation. Therefore, the spatial effects of the core explanatory variables are discussed in this paper by dividing the regions of China into the southern region and the northern regions. Table 8 shows the decomposition results of the spatial effects based on the 0–1 spatial weight matrix in the southern and northern regions under the SDM model.



As can be seen from Table 8, for government intervention, only the indirect effect passed the significance test at the 10% level in the northern region, with a coefficient of 0.162, whereas in the southern region, the direct effect passed the significance test at the 10% level, with a value of −0.0639. This shows that in the north of China, government intervention in one province has no significant inhibitory effect on the local energy efficiency but has a significant inhibitory effect on the energy efficiency of neighboring provinces. However, in the southern region, the conclusion is the opposite. The government intervention in one province has a significant inhibitory effect on the local energy efficiency, but there is no significant spatial spillover effect, and it has no significant negative effect on the energy efficiency of neighboring provinces. A possible explanation is that the central government is located in the northern region, which also leads the governments of neighboring provinces to pay attention to environmental protection and long-term sustainable development. Therefore, some governments will attract high-quality technologies from other provinces through policies, resulting in a siphon effect, which reduces the energy efficiency of other provinces. In the south, on the contrary, it is far away from the central government, so the government pays more attention to data; thus, more policies will directly inhibit the energy efficiency of the region.



In addition, for high-tech industry agglomeration, whether in the south or north, the direct effect, indirect effect and total effect all passed the 10% level of the significance test. It can be seen that the effects high-tech industry agglomeration have on regional energy efficiency does not have obvious spatial heterogeneity, whether in the north or the south. The improvement of the level of high-tech industry agglomeration in a province can have a significant positive effect on the improvement of the energy efficiency in the province and neighboring provinces. The above has demonstrated the promoting effect of high-tech industry agglomeration on energy efficiency many times, so it will not be repeated. However, it can be found from the data that the indirect effects in the north and the south were similar; this is because in the northern and southern parts of China, factors such as the traffic facilities and internet popularization level are relatively close and, thus, so are the overflow of knowledge and the population is similar; that is, a province at the technical level of the overflow are similar, both in the south and north, and the spatial spillover effect of the high-tech industry agglomeration is obvious.






6. Test for Robustness


6.1. Modification of the Spatial Weight Matrix


The spatial weight matrix in this paper was a 0–1 matrix based on the adjacency of geographic regions. Among them, China’s Hainan Province is an island province that does not geographically border any provinces or cities. Therefore, in the spatial weight matrix of this paper, the corresponding matrix elements of Hainan Province and any province were all 0, but this deviates from the economic significance of the spatial weight matrix. Therefore, in view of the small geographical distance between Hainan Province and Guangdong Province and the close economic connection between the two provinces, this paper considered Hainan Province and Guangdong Province as adjacent provinces when setting the spatial weight matrix. After obtaining the new spatial weight matrix, this paper re-estimated the parameters, and the results are shown in Table 9, which show that the research in this paper is robust.




6.2. Elimination of the Annual Data That may Cause Interference


The annual period studied in this paper was 2007–2019. The Chinese central government set ecological civilization construction as one of the national goals in October 2007. Since then, ecological civilization construction has generally become one of the goals of local government policies. In addition, China’s National People’s Congress in 2018 sharply revised the “law on the prevention and control of atmospheric pollution” and then began to increase the intensity of the prevention of coal and other energy pollution and promoted national key areas for the control of air pollution in buildings, rebuildings and expansions of coal, reducing the amount of coal or replacing the project, to advocate for a new green energy. Therefore, 2007 was a period of adjustment for China’s energy and ecological policies, and in 2019 and afterwards, they are likely to cause significant changes in China’s energy efficiency situation. Therefore, in this paper, the data from 2007 and 2019 were removed from the sample, and the parameter estimation was re-performed (the results are shown in Table 10). The results are basically consistent with the previous, which again verifies the robustness of this study.




6.3. Panel Threshold Model Analysis


6.3.1. Threshold Effect Test and Threshold Value Determination


It was proved above that high-tech industry agglomeration significantly promotes regional energy efficiency and has an obvious spatial spillover effect. Government intervention significantly inhibits regional energy efficiency, but the spatial spillover effect is not obvious. Considering various endogeneity problems, this paper set the threshold model to further study the influence mechanism of high-tech industry agglomeration on regional energy efficiency under the condition of government intervention. In this paper, using Stata 17.0, a bootstrap sampling test was used 300 times, and the seed value was set as 101. The results show that the p-value of a single threshold effect was −0.9241, so it is considered that the test passed at the significance level of 1%, whereas the double threshold effect and triple threshold effect failed the test. This result indicates that the panel threshold model in this paper should set a single threshold, and the specific test results are shown in Table 11.




6.3.2. Threshold Authenticity Test


Then, the threshold value was estimated in this paper, and the result is shown in Table 12, which is the confidence interval between the threshold value calculated by LR and the 95% confidence level. The result shows that the estimated threshold value was −1.0263, and the 95% confidence interval was between −1.1018 and −1.0074.




6.3.3. Analysis of the Threshold Regression Results


From the results of the threshold effect test, it can be seen that high-tech industry agglomeration passed the single threshold test and had a threshold effect, which verifies the hypothesis above. It is proved that the impact of high-tech industry agglomeration on regional energy efficiency has nonlinear characteristics, and government intervention has a distorting effect on the above mechanism. The estimation results of the threshold model are shown in Table 13.



As can be seen from Table 13, when the government intervention degree is lower than the threshold value of 4.5400, high-tech industry agglomeration has a significant positive impact on regional energy efficiency. It can be seen that high-tech industry agglomeration can still promote energy efficiency as long as the government intervention is controlled within an appropriate range.



When the government intervention degree exceeds the threshold value of 4.5400, the parameter estimate value of high-tech technology industry agglomeration on regional energy efficiency is −0.0118, which fails to pass the significance test, indicating that at this time, high-tech industry agglomeration has no significant impact on regional energy efficiency. From the above analysis, in joining the threshold variable after the discussion of government intervention, high-tech industry agglomeration has no significant impact on regional energy efficiency; apparently, government intervention has a distorting effect on the mechanism, and this is because government intervention causes “bottom” competition, expanding hi-tech industrial agglomeration, bringing negative externalities. Moreover, the government’s financial resources will also be inclined toward energy-consuming enterprises with high short-term benefits and resource-wasting enterprises, thus crowding out the share of high-tech industries. In order to obtain more government resources, high-tech industries will also be forced to give up long-cycle economic R&D activities, resulting in the fading of the positive impact of high-tech industry agglomeration.






7. Conclusions of the Empirical Analysis


Based on the in-depth discussion of the impact of high-tech industrial agglomeration and government intervention on regional energy efficiency and the mechanism of the three, this paper used the panel data of 30 provinces in China from 2007 to 2019 and combined with Stata 17.0 software conducted an empirical study. The results show the following.



First, high-tech industry agglomeration has a significant positive impact on regional energy efficiency. From the analysis of the spatial Durbin model (SDM), it can be seen that high-tech industry agglomeration is conducive to the emergence of “escape competition”, which, combined with fierce competition and other factors, promotes the regional innovation level and promotes the improvement of regional energy efficiency.



Secondly, government intervention has a significant inhibitory effect on regional energy efficiency. Differently from previous studies on the impact of a single behavior such as a government policy on energy efficiency, this paper analyzed from the macro level, explored the impact of the overall degree of government intervention on energy efficiency and refuted studies that only relied on a single behavior to believe that government intervention will promote energy efficiency. From the analysis of the spatial Durbin model (SDM), it can be seen that government intervention will increase the R&D investment of enterprises, thus reducing the regional innovation level. In addition, the “race to the bottom” will intensify the appearance of negative externalities and, finally, inhibit the improvement of energy efficiency.



Thirdly, government intervention has a distorting effect on the impact of high-tech industry agglomeration on energy efficiency. Existing studies rarely discuss the relationship between government intervention and high-tech industry agglomeration. In this paper, government intervention was taken as the regulating variable of high-tech industry agglomeration on energy efficiency. From the analysis of the panel threshold model, it can be seen that high-tech industry agglomeration itself has a significant positive impact on energy efficiency, but when the threshold variable government intervention is introduced and the government intervention is greater than a certain degree, the positive impact of high-tech industry agglomeration on energy efficiency will fade and its positive effect will be distorted.



Fourth, both high-tech industrial agglomeration and energy efficiency have spatial spillover effects. From the spatial measurement results, thanks to the developed transportation and other factors, the spillover of knowledge and population is more convenient. Therefore, the improvement of the high-tech industry agglomeration level and energy efficiency in one province can radiate to neighboring provinces and drive the improvement of the energy efficiency in other provinces.



Fifthly, the impact of high-tech industry agglomeration on energy efficiency has significant spatial heterogeneity. Different from previous studies on spatial heterogeneity in the central, western and eastern regions, this paper divided China into southern and northern regions, further enriching the research in this field. From the analysis and effect deconstruction of the spatial Durbin model (SDM), it can be seen that although both the northern and southern regions had significant positive effects on the impact of high-tech industry agglomeration on energy efficiency, from the perspective of the total effect, the high-tech industry agglomeration in the northern region had a more significant impact on energy efficiency.




8. Policy Suggestions


In order to achieve the goal of improving energy efficiency and effectively solving the contradiction between economic development and environmental protection, the research conclusions are put into practice. Based on the above conclusions, this paper puts forward the following policy suggestions.



8.1. Improve the System and Focus on "Voting with Your Feet"


It is suggested to improve the performance appraisal system and promotion system, adding “resident voting” as one of the assessments. In China, local governments hold office for a short period of time and are appointed by the central government, which is also responsible for assessment and promotion. Their power comes from the central government, and they are mainly responsible to the central government. This is the key reason why the government is more willing to take short-term economic actions and pour resources into traditional high-energy industries with short cycles, which can make the short-term regional economy grow. According to the above study, for the government, such government intervention can inhibit regional energy efficiency improvement by inducing a “race to the bottom”. Therefore, by increasing the “residents’ vote”, the above issues could be solved. Residents “vote with their feet” and prefer areas with a fine ecological and environmental quality, which requires the local to conduct industry upgrading and green development. To achieve this goal, the government has to pay more attention to the long-term development so that improved performance appraisal systems would greatly reduce the likelihood of a “race to the bottom” being triggered to improve the problem.




8.2. Optimize Expenditure and Improve Bias


It is suggested to improve the structure of government spending and correct local governments’ bias toward energy-intensive industries with short cycles and quick results in terms of fiscal spending and resource allocation. According to this study, for enterprises, government intervention will inhibit the improvement of regional energy efficiency by increasing investment in R&D. At present, China’s local government fiscal expenditure and resource allocation are obviously tilting to the short-cycle, quick-gain energy-intensive industries, which not only makes traditional energy-intensive industries occupy the dominant position in the market with the aid of path dependence for a long time, but because of the lack of innovation power, green innovation enterprises’ market share is also squeezed, as well as the an increased corporate investment in the development of green and innovative technologies. The enterprises, in order to survive, are forced to reduce R&D of green innovation technology. Therefore, the optimization of the fiscal expenditure structure and the provision of the minimum amount of expenditure and resource allocation for green innovative enterprises can not only ensure the survival of enterprises with funds and encourage green innovative enterprises to actively research and develop, but also bring a sense of crisis to the traditional energy-intensive industries and force related enterprises to reform and upgrade.




8.3. Support Green Enterprises and Give Subsidies


Special subsidies should be given to green development enterprises and major awards should be given to those that have made achievements to promote industrial agglomeration. Financial subsidies can improve regional industrial agglomeration, which can improve regional innovation ability through the effect mechanism of “evasive competition” and, finally, improve energy efficiency. In addition, considering the spatial spillover effects of government intervention, the move can also siphon enterprises in surrounding areas, attracting high-quality enterprises from the surrounding areas to this province. This would bring pressure to other provincial governments from the side and force them to take economic actions such as subsidies to optimize fiscal expenditure, leading to more newcomers for the industry. At the same time, creating a major award for successful enterprises can not only stimulate the green innovation vitality of an enterprise, but could also select a “leader” in this area, leading other enterprises to put more power into exploration and innovation under fierce competition, thus improving the regional innovation ability in terms of science and energy efficiency.




8.4. Increase the Flow of Factors of Production and Enhance Cooperation


The two-way flow of factors among provinces should be promoted and active cooperation among enterprises should be encouraged. From the above research, energy efficiency, industrial agglomeration and government intervention have a spatial spillover effect; therefore, the provincial science and technology level or energy efficiency would drive the regional science and technology level or the improvement of energy efficiency, and the spillover effect via a developed transportation network, the internet and government support among elements such as implementation. Therefore, the government, by encouraging enterprises to cooperate and by removing barriers to the flow of populations and other factors, can allow for greater spatial spillover of the energy efficiency, thereby avoiding the “Matthew effect” and enabling regions with high energy efficiency to drive regions with low energy efficiency to achieve common development.





9. Marginal Contribution and Insufficient Research


The marginal contribution of this paper is mainly in three aspects: first, it matches the relevant data of 30 provinces, municipalities directly under the central government and autonomous regions (except Tibet) in mainland China from 2007 to 2019, and the panel data span 13 years and are accurate at the provincial level; second, it redefines the measurement standard of government intervention, where in this process the expansion and contraction of fiscal policy are included in the investigation of government intervention; third, high-tech industrial technology agglomeration, government intervention and regional energy efficiency were included in the unified model for the first time to analyze and test, and the mutual relationship and action mechanism among them were discussed.



In addition, due to the limitations of the data and the complexity of the operation, this paper still has the following shortcomings: first, the data were not accurate at the city level; second, the hypothesis of this paper was mainly based on previous research and theory, without using mathematical tools such as big data analysis; third, the econometric analysis in this paper was mainly based on the spatial econometric model, without using the neural network model and other more convincing models. Although this paper demonstrates in detail the scientific nature of model selection, a neural network model is more convincing in comparison. As a nonlinear fitting model without presetting functions, it can better fit the relationship between explanatory variables and explained variables, reduce the errors between predicted values and observed values and improve the accuracy of the model. Therefore, after this, the authors can further collect data at the city level and use mathematical tools such as big data analysis and neural network models to conduct in-depth research on the subject. After further exploration, this project can provide more scientific and accurate suggestions for China to improve regional energy efficiency and also help China to solve the contradiction between economic development and environmental protection as soon as possible.
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Figure 1. Average level of provincial energy efficiency in China from 2007 to 2019. 
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Figure 2. Average level of provincial government intervention in China from 2007 to 2019. 
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Figure 3. Average level of provincial industrial agglomeration in China from 2007 to 2019. 
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Figure 4. Spatial and temporal distribution of the core variables in 2007 and 2019. 
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Figure 5. Global Moran index and significance of the carbon emission efficiency in China’s provinces. 
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Figure 6. Moran scatter plots of the annual energy intensity of China’s provinces in 2007 and 2019. 
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Table 1. Carbon emission efficiency measurement system of 30 provinces in mainland China.
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Index Name

	
Proxy Variable

	
Unit of Measure






	
Inputs

	
Capital

	
Capital Stock (K)

	
CNY One Hundred Million




	
Labor

	
Employment in Tertiary Industries (L)

	
Ten Thousand People




	
Energy

	
Energy Consumption (E)

	
Ten Thousand Tons Standard Coal




	
Output Elements

	
Real Output

	
Real GDP (GDP)

	
CNY One Hundred Million




	
Undesired Output

	
Carbon Emissions

	
Carbon Emission (CE)

	
Ten Thousand Tons
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Table 2. Descriptive statistics of the variables.
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Variable

	
Meaning

	
Mean

	
Variance

	
Min.

	
Max.






	
EE

	
Energy Efficiency

	
0.452

	
0.255

	
0.01

	
1.199




	
GI

	
Degree of Government Intervention

	
1.303

	
0.989

	
0.052

	
5.745




	
HIC

	
Location Entropy of the Number of Employees in High-Tech Industry

	
0.773

	
0.913

	
0.055

	
3.752




	
Forest

	
Forest Coverage (%)

	
38.386

	
17.892

	
2.9

	
66




	
FT

	
Transparency of Finances

	
33.793

	
18.495

	
1.12

	
109.7




	
FD

	
Financial Development Index

	
2.985

	
1.135

	
1.288

	
8.131




	
ISD

	
Deviation Degree of Industrial Structure

	
2.224

	
2.054

	
0.500

	
1.217




	
Sample

	
N = 390




	
Period

	
2007–2019











[image: Table] 





Table 3. Parameter estimation results of Model 1.
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(1)

	
(2)

	
(3)

	
(4)

	
(5)




	

	
EE

	
EE

	
EE

	
EE

	
EE






	
lnGI

	
−0.0590 **

	
−0.0619 **

	
−0.0593 **

	
−0.0600 **

	
−0.0603 **




	

	
(−2.43)

	
(−2.53)

	
(−2.41)

	
(−2.44)

	
(−2.43)




	
lnHIC

	
0.0465 ***

	
0.0459 ***

	
0.0443 ***

	
0.0452 ***

	
0.0453 ***




	

	
(2.83)

	
(2.79)

	
(2.68)

	
(2.73)

	
(2.73)




	
lnFT

	

	
−0.0100

	
−0.00955

	
−0.0108

	
−0.0107




	

	

	
(−1.08)

	
(−1.03)

	
(−1.15)

	
(−1.12)




	
lnForest

	

	

	
−0.0424

	
−0.0382

	
−0.0385




	

	

	

	
(−1.03)

	
(−0.93)

	
(−0.93)




	
lnFD

	

	

	

	
0.0480

	
0.0496




	

	

	

	

	
(0.91)

	
(0.91)




	
lnISD

	

	

	

	

	
0.00152




	

	

	

	

	

	
(0.12)




	
_cons

	
0.988 ***

	
1.011 ***

	
1.162 ***

	
1.066 ***

	
1.064 ***




	

	
(17.86)

	
(17.01)

	
(7.37)

	
(5.62)

	
(5.56)




	
N

	
390

	
390

	
390

	
390

	
390




	
R2

	
0.920

	
0.920

	
0.921

	
0.921

	
0.921








The t statistics are in parentheses. ** p < 0.05; *** p < 0.01.
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Table 4. Parameter estimation results of Model 2.
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(1)

	
(2)

	
(3)

	
(4)

	
(5)




	

	
EE

	
EE

	
EE

	
EE

	
EE






	
lnGI

	
−0.0476 *

	
−0.0505 **

	
−0.0498 **

	
−0.0498 **

	
−0.0507 **




	

	
(−1.94)

	
(−2.05)

	
(−2.02)

	
(−2.01)

	
(−2.03)




	
lnHIC

	
0.0401 **

	
0.0395 **

	
0.0390 **

	
0.0390 **

	
0.0388 **




	

	
(2.43)

	
(2.40)

	
(2.36)

	
(2.34)

	
(2.32)




	
lnGI*lnHIC

	
−0.0322 ***

	
−0.0325 ***

	
−0.0313 **

	
−0.0313 **

	
−0.0324 **




	

	
(−2.70)

	
(−2.73)

	
(−2.56)

	
(−2.39)

	
(−2.43)




	
lnFT

	

	
−0.0106

	
−0.0104

	
−0.0104

	
−0.00982




	

	

	
(−1.15)

	
(−1.12)

	
(−1.11)

	
(−1.04)




	
lnForest

	

	

	
−0.0188

	
−0.0188

	
−0.0192




	

	

	

	
(−0.45)

	
(−0.45)

	
(−0.46)




	
lnFD

	

	

	

	
0.000175

	
0.00539




	

	

	

	

	
(0.00)

	
(0.09)




	
lnISD

	

	

	

	

	
0.00652




	

	

	

	

	

	
(0.50)




	
_cons

	
0.986 ***

	
1.011 ***

	
1.077 ***

	
1.077 ***

	
1.066 ***




	

	
(17.99)

	
(17.16)

	
(6.74)

	
(5.72)

	
(5.61)




	
N

	
390

	
390

	
390

	
390

	
390




	
R2

	
0.922

	
0.922

	
0.922

	
0.922

	
0.922








The t statistics are in parentheses. * p < 0.10; ** p < 0.05; *** p < 0.01.
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Table 5. Identification and test of the spatial econometric model.
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	Statistic
	Numerical
	p-Value
	Statistic





	LM test no spatial lag
	22.884 ***
	0.000
	LM test no spatial lag



	Robust LM test no spatial lag
	6.266 **
	0.012
	Robust LM test no spatial lag



	LM test no spatial error
	166.624 ***
	0.000
	LM test no spatial error



	Robust LM test no spatial error
	150.006 ***
	0.000
	Robust LM test no spatial error



	Hausman test
	43.38 ***
	0.0000
	Hausman test







The t statistics are in parentheses. ** p < 0.05; *** p < 0.01.
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Table 6. Parameter estimation results of the spatial Durbin model.
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(1)

	
(2)

	
(3)

	
(4)

	
(5)




	

	
EE

	
EE

	
EE

	
EE

	
EE






	
lnGI

	
−0.0510 **

	
−0.0526 **

	
−0.0545 **

	
−0.0582 ***

	
−0.0594 ***




	

	
(−2.31)

	
(−2.39)

	
(−2.45)

	
(−2.63)

	
(−2.67)




	
lnHIC

	
0.0279 *

	
0.0294 *

	
0.0273

	
0.0305 *

	
0.0302 *




	

	
(1.67)

	
(1.73)

	
(1.61)

	
(1.80)

	
(1.71)




	
lnFT

	

	
−0.0144

	
−0.0126

	
−0.0133

	
−0.0130




	

	

	
(−1.62)

	
(−1.42)

	
(−1.48)

	
(−1.44)




	
lnForest

	

	

	
−0.0587

	
−0.0428

	
−0.0443




	

	

	

	
(−1.40)

	
(−1.01)

	
(−1.05)




	
lnFD

	

	

	

	
−0.0114

	
0.00101




	

	

	

	

	
(−0.22)

	
(0.02)




	
lnISD

	

	

	

	

	
0.0119




	

	

	

	

	

	
(1.00)




	
W × lnGI

	
0.0328

	
0.0328

	
0.0397

	
0.0241

	
0.0284




	

	
(0.76)

	
(0.76)

	
(0.91)

	
(0.55)

	
(0.65)




	
W × lnHIC

	
0.0584 *

	
0.0658 **

	
0.0660 **

	
0.0718 **

	
0.0819 **




	

	
(1.87)

	
(2.09)

	
(2.10)

	
(2.29)

	
(2.50)




	
W × lnFT

	

	
−0.0147

	
−0.0170

	
−0.0303

	
−0.0328




	

	

	
(−0.74)

	
(−0.85)

	
(−1.47)

	
(−1.57)




	
W × lnForest

	

	

	
0.122

	
0.0896

	
0.0920




	

	

	

	
(1.22)

	
(0.89)

	
(0.91)




	
W × lnFD

	

	

	

	
0.167 **

	
0.171 **




	

	

	

	

	
(2.30)

	
(2.26)




	
W × lnISD

	

	

	

	

	
0.00337




	

	

	

	

	

	
(0.16)




	
Time fixed effect

	
yes

	
yes

	
yes

	
yes

	
yes




	
Region fixed effect

	
yes

	
yes

	
yes

	
yes

	
yes




	
Spatial

	

	

	

	

	




	
rho

	
0.394 ***

	
0.393 ***

	
0.396 ***

	
0.393 ***

	
0.392 ***




	

	
(5.91)

	
(5.89)

	
(5.95)

	
(5.89)

	
(5.85)




	
N

	
390

	
390

	
390

	
390

	
390




	
R2

	
0.433

	
0.438

	
0.314

	
0.313

	
0.317








The t statistics are in parentheses. * p < 0.10; ** p < 0.05; *** p < 0.01.
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Table 7. Decomposition results of the spillover effect of the spatial Durbin model.
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Direct Effect

	
Indirect Effect

	
Total Effect






	
lnGI

	
−0.0587 ***

	
0.00776

	
−0.0510




	

	
(−2.63)

	
(0.12)

	
(−0.72)




	
lnHIC

	
0.0380 **

	
0.133 ***

	
0.171 ***




	

	
(2.50)

	
(3.06)

	
(3.67)




	
lnFT

	
−0.0162

	
−0.0554 *

	
−0.0717 *




	

	
(−1.46)

	
(−1.70)

	
(−1.76)




	
lnForest

	
−0.0342

	
0.104

	
0.0697




	

	
(−0.77)

	
(0.74)

	
(0.49)




	
lnFD

	
0.00886

	
0.261 **

	
0.270 **




	

	
(0.15)

	
(2.24)

	
(2.13)




	
lnISD

	
0.0126

	
0.0105

	
0.0231




	

	
(1.04)

	
(0.30)

	
(0.56)




	
N

	
390




	
R2

	
0.317








The t statistics are in parentheses. * p < 0.10; ** p < 0.05; *** p < 0.01.
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Table 8. Regional parameter estimation results of the spatial Durbin model.
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North

	
South




	

	
Direct Effect

	
Indirect Effect

	
Total Effect

	
Direct Effect

	
Indirect Effect

	
Total Effect






	
lnGI

	
−0.0180

	
0.162 *

	
0.144

	
−0.0639 *

	
−0.00281

	
−0.0667




	

	
(−0.59)

	
(1.82)

	
(1.34)

	
(−1.66)

	
(−0.03)

	
(−0.64)




	
lnHIC

	
0.0430 **

	
0.159 ***

	
0.202 ***

	
0.0580 **

	
0.100 *

	
0.158 **




	

	
(2.35)

	
(3.02)

	
(3.22)

	
(2.07)

	
(1.73)

	
(2.49)




	
lnFT

	
−0.00924

	
−0.00890

	
−0.0181

	
−0.0199

	
−0.0690 *

	
−0.0889 *




	

	
(−0.54)

	
(−0.17)

	
(−0.28)

	
(−1.32)

	
(−1.88)

	
(−1.89)




	
lnForest

	
0.0154

	
−0.338 *

	
−0.322 *

	
−0.0499

	
0.228

	
0.178




	

	
(0.21)

	
(−1.83)

	
(−1.76)

	
(−0.83)

	
(1.49)

	
(1.17)




	
lnFD

	
0.0386

	
0.0648

	
0.103

	
−0.0355

	
0.313

	
0.278




	

	
(0.57)

	
(0.33)

	
(0.46)

	
(−0.25)

	
(1.30)

	
(0.85)




	
lnISD

	
0.0173

	
0.0150

	
0.0323

	
0.00316

	
0.00206

	
0.00522




	

	
(0.94)

	
(0.24)

	
(0.42)

	
(0.18)

	
(0.06)

	
(0.12)




	
Time fixed effect

	
yes

	
yes

	
yes

	
yes

	
yes

	
yes




	
Region fixed effect

	
yes

	
yes

	
yes

	
yes

	
yes

	
yes




	
Spatial

	

	




	
rho

	
0.445 ***

	
0.189 *




	

	
(5.57)

	
(1.85)




	
N

	
195

	
195




	
R2

	
0.039

	
0.140








The t statistics are in parentheses. * p < 0.10; ** p < 0.05; *** p < 0.01.
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Table 9. Robustness test I: Modified spatial weight matrix.






Table 9. Robustness test I: Modified spatial weight matrix.





	
Variable

	
Estimator of Parameters

	
t Statistic






	
lnGI

	
−0.0524 **

	
−2.36




	
lnHIC

	
0.0367 **

	
2.08




	
lnFT

	
−0.0146 *

	
−1.71




	
lnForest

	
−0.0367

	
−0.87




	
lnFD

	
0.0141

	
0.26




	
lnISD

	
0.0130

	
1.08




	
W × lnGI

	
0.0231

	
0.53




	
W × lnHIC

	
0.0901 ***

	
2.62




	
W × lnFT

	
−0.0517 ***

	
−2.79




	
W × lnForest

	
0.0329

	
0.31




	
W × lnFD

	
0.150 *

	
1.76




	
W × lnISD

	
0.0135

	
0.65




	
Time fixed effect

	
yes

	
yes




	
Region fixed effect

	
yes

	
yes




	
Spatial

	

	




	
rho

	
0.329 ***

	
4.95




	
N

	
390




	
R2

	
0.459








The t statistics are in parentheses. * p < 0.10; ** p < 0.05; *** p < 0.01.
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Table 10. Robustness test II: excluding annual data that may cause disturbances.






Table 10. Robustness test II: excluding annual data that may cause disturbances.





	
Variable

	
Estimator of Parameters

	
t Statistic






	
lnGI

	
−0.0754 ***

	
−2.81




	
lnHIC

	
0.0563 **

	
2.44




	
lnFT

	
−0.0176

	
−1.25




	
lnForest

	
−0.0851

	
−1.53




	
lnFD

	
−0.0694

	
−1.03




	
lnISD

	
0.0124

	
0.90




	
W × lnGI

	
0.0525

	
0.93




	
W × lnHIC

	
0.135 ***

	
3.01




	
W × lnFT

	
−0.0189

	
−0.60




	
W × lnForest

	
0.00525

	
0.04




	
W × lnFD

	
0.175 *

	
1.85




	
W × lnISD

	
0.0252

	
1.08




	
Time fixed effect

	
yes

	
yes




	
Region fixed effect

	
yes

	
yes




	
Spatial

	

	




	
rho

	
0.367 ***

	
4.99




	
N

	
330




	
R2

	
0.370








The t statistics are in parentheses. * p < 0.10; ** p < 0.05; *** p < 0.01.
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Table 11. Threshold effect self-sampling test.






Table 11. Threshold effect self-sampling test.





	Threshold Variable
	Threshold of the Order
	Threshold Value
	p-Value
	95% Confidence Interval
	BS Number
	Seed Value





	lnGI
	A single threshold

Double threshold

Triple threshold
	−0.9241 ***

−0.9631

−0.9956
	0.0000

1.0000

0.1400
	[−1.2441–0.9167]

[−1.2048–0.9623]

[−1.2441–0.9631]
	300

300

300
	101

101

101







The t statistics are in parentheses. *** p < 0.01.
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Table 12. Threshold effect self-sampling test.






Table 12. Threshold effect self-sampling test.





	Threshold Variable
	Threshold of the Order
	Threshold Value
	p-Value
	95% Confidence Interval
	BS Number
	Seed Value





	lnGI
	A single threshold
	−1.0263
	0.0000
	[−1.1018–1.0074]
	300
	101







The t statistics are in parentheses.
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Table 13. Analysis of the threshold effect regression results.






Table 13. Analysis of the threshold effect regression results.





	
Variable

	
Estimator of Parameters

	
t Statistic






	
lnFT

	
−0.0477 ***

	
−4.31




	
lnForest

	
0.00420

	
0.16




	
lnFD

	
−0.0656 *

	
−1.70




	
lnISD

	
0.0245 *

	
1.95




	
lnHIC(lnGI < 4.5400)

	
0.235 ***

	
5.32




	
lnHIC(lnGI > 4.5400)

	
−0.0118

	
−0.80




	
_cons

	
0.615 ***

	
8.70




	
N

	
390




	
R2

	
0.184








The t statistics are in parentheses. * p < 0.10; *** p < 0.01.
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