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This paper attempts to explore the dynamic relationship between new energy industry development and energy structure transformation in China. Based on the real option model and stochastic frontier analysis (SFA), the development scale and technical level of the new energy industry are measured at the provincial level. The eastern region is in the lead, but there has been a certain degree of technological efficiency retreat, especially in Liaoning. The new energy industry in the central region has developed rapidly due to the deepening of the industrialization process. With the aid of PVAR model, impulse response function and variance decomposition, the results show that there exists a bidirectional dynamic relationship between the new energy industry and energy structure. In other words, the development of the new energy industry and the energy transition can be mutually predicted. Specifically, technology effect has a positive continuous and dramatic influence on the transformation of energy structure. In turn, the energy transition first elicits a response to size effects, but has a long-term impact on technology effects. This implies that the new energy industry will usher in scale expansion at the early stage of energy transition. It is worth noting that scale expansion will not always accelerate the transition process. At that time, technology played a long-term and central role. Therefore, reasonable expansion of new energy industry scale and efforts to develop new energy technology are important measures to ensure the orderly energy transition.
Keywords: new energy, energy transition, real option, stochastic frontier analysis, PVAR model
1 INTRODUCTION
Excessive use of fossil fuels has taken a huge toll on the environment. The increasing in coal consumption reversed the long-standing trend of gradual decarbonization of the world’s energy supply. Currently, fossil fuels still dominate the global energy system, accounting for more than 80% of total energy supply (Tian et al., 2022). The combustion of fossil fuels emits carbon dioxide, sulfur dioxide, etc. Carbon dioxide can persist in the atmosphere for a long time, forming a greenhouse effect. Emissions of GHG further contribute to global warming and lead to long-term changes in the climate system. Sulfur dioxide is a short-term pollutant but contributes to the formation of atmospheric aerosols. Aerosols mask the effects of global warming, but aerosol particles are highly toxic when inhaled and cause millions of premature deaths per year (Shindell and Smith, 2019). Sudden change of environment has a universal and irreversible impact on human beings and ecosystems, thus seriously threatening the future economic development. Climate change has become the common concern of all mankind. It requires rapid and far-reaching changes in the energy system (Fang et al., 2020a).
New energy has the advantages of pollution-free, large reserves and renewable. Due to these good performances, most countries are making efforts to develop new energy technologies. It is estimated with high confidence by IPCC that renewables are projected to supply 70%–85% of electricity in 2050 (IPCC, 2018). As advances in technology leads to a sharp drop in prices and grid-connected system ensures stable energy supply (Vishnupriyan and Manoharan, 2017), new energy industries such as wind power and photovoltaic have become a reliable solution for many countries to cope with the constraints of climate change and meet the needs of economic growth. In order to achieve the carbon neutrality by 2050 proposed in the European Green Agreement, the EU vigorously carry out energy transformation and reduce the carbon intensity of power generation. New energy undertakes the main task of decarbonization (Gerbaulet et al., 2019). During the period of China’s 13th Five-Year Plan, the development of green energy system played an important role in the reduction of carbon emission intensity. Carbon emission intensity in 2019 was 48.1% lower than that in 2005. The 2060 carbon neutral vision puts forward higher requirements for the adjustment and deep transformation of energy structure. The United States adjusts the existing power plants through the “Best Emissions Reduction System” in the form of legislation. Reduction of carbon dioxide emissions caused by power generation has become the main motivation to increase the use of wind energy and other renewable energy (Cardell and Anderson, 2015).
New energy sources are considered a promise in the global energy transition, especially in the post-pandemic era (Tian et al., 2022). First, fossil fuel prices are becoming unpredictable due to geopolitical conflicts, non-renewables, and declining demand. New energy is becoming the new favorite of investors. The energy transformation has made new energy more attractive to sustainable investment and financing (such as green finance and ESG investment). In the long run, the new energy industry faces double advantages of rising prices and quantities. The benefits are more certain and the return on investment is more stable, which in turn accelerates the energy transition. Secondly, the improvement of people’s environmental awareness and the development of intelligent technology are also new opportunities for the development of new energy. New energy vehicles are entering thousands of households, improving air pollution and accelerating the substitution of new energy for fossil energy in terminal energy consumption (Xing et al., 2021).
Existing studies have shown that the energy structure of global terminal consumption is developing towards low carbon pattern (Li et al., 2021). Promoting the substitution of low carbon energy for high carbon energy and new energy for fossil energy is the main way to realize the green and low carbon transformation of energy (Dogan and Seker, 2016). At present, China’s energy structure is not in the optimal state, and almost all provinces have the problem of low energy allocation efficiency (Sun et al., 2018). Despite the huge potential of new energy industry, it is still difficult to replace fossil energy with new energy (Gao et al., 2014; Fang et al., 2020b). This paper takes China as an example to study the dynamic relationship between the development of new energy industry and the transformation of energy structure. Although the proportion of coal consumption has been declining year by year, this is mainly due to the substitution of oil and natural gas for coal. The contribution of new energy to the transformation of energy structure is not obvious. As the urban cities continue to expand, growth in energy consumption is inevitable (Wang et al., 2019). China’s crude oil production is maintained at about 200 million tons nowadays, with little potential for production increase, high dependence on foreign sources, and restricted by ocean transportation capacity. Natural gas also has risks of geopolitical factors, which will directly affect China’s energy and even economic security.
The marginal contributions of this paper are as follows: Existing studies often equate the development of new energy industry with the transformation of energy structure as a pathway choice for low carbon emission reduction or sustainable development. This paper clarifies the relationship between the two, and further subdivides the development of the new energy industry into two dimensions: size and technology. On the one hand, the new generation power supply system requires a high proportion of new energy to replace fossil energy. On the other hand, different from the traditional energy industry, the new energy industry has the attributes of both resources and manufacturing. The development of new energy industry depends on the continuous breakthrough of energy technology. Thus, three variables (size effect, technology effect and energy structure) are studied in the one framework. And due to various kinds of energy and industries involved, existing studies are limited by data and measurement methods. With the help of the real option model and the stochastic Frontier model, this paper measures the growth prospects and technological inefficiencies of the new energy industry. Lastly, compared with the traditional time series analysis, this paper establishes a coevolutionary equation system that treats all variables as endogenous variables through the PVAR model, and controls the time and individual effect. Orthogonalized impulse response is used to identify the influence of an exogenous shock on the endogenous variables of the system, which makes the empirical results more reliable.
The rest of this paper is structured as follows. Section 2 reviews the research status of energy structure transformation and the development of new energy industry. Section 3 describes the variable design and introduces the empirical model. The empirical results are shown and analyzed in Section 4. Section 5 summarizes the conclusions and puts forward relevant implications.
2 LITERATURE REVIEW
2.1 Energy structure transformation
Studies of energy consumption structure firstly focus on its environmental benefits. In order to cope with the urgent situation of climate change and promote the coordination between economic and social development and resource utilization, low-carbon transformation of energy structure is an important countermeasure to reduce carbon dioxide emissions on the premise of ensuring energy supply (Sun et al., 2018). Cardell and Anderson (2015) found that an increase in the supply of wind power generation by 10%–20% can reduce carbon emissions in the U.S. power supply industry by 15%–36% through Monte-Carlo simulation. Dogan and Seker (2016) and Zoundi (2017) both confirmed a bidirectional causality between renewable energy and carbon emissions. The utilization of new energy is conducive to reducing carbon dioxide emissions (Liu et al., 2021). It is expected uneconomic to invest in any additional fossil energy in the future. Coal and natural gas will be gradually phased out in the 2040s (Gerbaulet et al., 2019).
Others focus on the factors of energy structure transformation, such as consumer preference, energy price, resource endowment, economic growth, energy consumption and carbon emission constraints (Ren et al., 2022a). According to demand theory, energy price and resource endowment have a significant impact on energy consumption demand (Xue et al., 2021; Yang et al., 2021). Then what has to be considered in the process of energy transition is the high cost of new energy popularization (Marques and Fuinhas, 2012), which requires policymakers to keep a balance between the absorbing cost of energy transition and economic growth. Based on the classic Environmental Kuznets Curve in environmental economics, many scholars further study the inverted U-shaped relationship between the energy structure transformation and economic growth. However, the conclusions still reach no agreement, mainly divided into three groups. Some believe that the transformation of energy structure has not improved economic growth, or even has a negative impact (Marques and Fuinhas, 2012). Some hold that new energy is an important way to realize sustainable development and promote economic growth (Shahbaz et al., 2020; Shi et al., 2022). Others confirms a U-shaped relationship between energy structure transformation and economic growth (Han et al., 2022). In addition, energy consumption and carbon emission constraints are also important factors that many scholars take into account when studying the optimization of energy consumption structure (Wei et al., 2020).
It can be found that, the conclusion that the energy structure transformation can suppress carbon dioxide emissions is basically consistent. While the relationship between energy transition and economic growth is still uncertain. On the one hand, energy industry is the basic and pillar industry of the national economy. The reform of energy system will cause a profound impact on the industrial and consumption system. On the other hand, when energy consumption demand and renewable energy subsidies are too high, promoting renewable energy consumption could cause a tremendous economic cost. The relationship between energy structure transformation and economic growth is mainly reflected in the benefit of new energy industry. For the objective of absorbing the cost of transition and playing the role of new energy as an economic engine, it is necessary to further investigate a reasonable path to develop the new energy industry.
2.2 Development of new energy industry
As a strategic emerging industry, new energy involves many industries and has a wide influence. It is becoming a competitive economic growth point among countries in the world. Bhattacharya et al. (2016) conducted an empirical study on 38 largest renewable-energy-use countries. The results showed that new energy consumption had a positive impact on economic growth in 23 of them and a negative impact in 9. Shahbaz et al. (2020) tested this relationship again with updated data for the same 38 countries, and found that the number of countries with negative influence decreased significantly. Other scholars also found that the consumption of new energy has a significantly positive effect on economic growth in different countries and regions (Apergis and Payne, 2010; Paramati et al., 2018), indicating that the economic benefits brought by the new energy industry are gradually highlighted. In addition, some studies show that there is a feedback relationship between economic growth and new energy consumption (Ohler and Fetters, 2014). Namely, economic factors are also the reasons for promoting the development of the new energy industry. The increase of financial development and per capita income contribute to the increase of the consumption of renewable energy, and their influence on renewable energy is greater than that of non-renewable energy (Sadorsky, 2009; Zhao et al., 2020). However, some also found no relationship between economic development and new energy consumption or negative relationship (Menegaki, 2011; Ocal and Aslan, 2013).
New energy industry has dual constraints of economic growth and environmental protection. Its development path also shows differences from other industries. The decision to use new energy is made by the agent of the consumers, not by themselves. Thus a large-scale phenomenon of market failure exists in the new energy industry (Brown, 2001), which needs to be directed by government intervention (Guo et al., 2020). Many countries have heavily subsidized its commercialization and marketization. Most studies have proved that subsidies can correct market failures and promote environmental quality. However, no consensus has been reached in the effectiveness evaluation of subsidies (Grimaud and Rouge, 2008; Shen and Luo, 2015). Improper support for emerging industries will encourage enterprises to work for subsidies, or even fall into the situation where they are increasing revenue while losing money.
The effect of increasing returns to scale and the consequence of self-reinforcing mechanism will lead to the technology being locked in an inefficient or even suboptimal path (David, 1985). Technology path dependence will further limit the options of future innovation and diversification. As a knowledge and technology intensive industry, the green technology innovation is a driving force for sustainable development (Zhang et al., 2020). Technologies in wind, solar and hydropower will contribute more and more environmental and economic benefits (Gaete-Morales et al., 2018). The innovation of emerging technologies such as power storage technology will also play a supplementary role in reducing the cost of the entire set of new energy system (Züttel et al., 2022). Enterprises’ R&D activities to improve production efficiency and product quality are capable of changing energy use patterns, suppressing carbon emissions, and significantly reducing the cost of carbon emissions (Li and Lin, 2016). It is also worth noting that technological progress is uncertain and that investments in new technologies are to a certain extent irreversible (van Soest and Bulte, 2001). Correspondingly, uncertain policy environment and market environment will not only affect the energy market (Wang et al., 2022; Wen et al., 2022), but also affect technological innovation (Ren et al., 2022b, 2023). Policies that stimulate R&D to enhance the adoption of new technologies can backfire if the technology fails to meet expectations (Yang and Tang, 2019). In addition, the renewable energy policy also has the side effect of inducing technological risks, which irreversibly reduces the enthusiasm of firms to adopt new technologies, and makes the existing technologies lose their competitiveness earlier (Ye et al., 2022).
To sum up, as a knowledge-intensive industry, it is an urgent requirement for the new energy industry to break away from technology path dependence and achieve major technological breakthroughs. Therefore, appropriate methods should be considered to evaluate its size and technology. In addition, the existing literature lacks a comprehensive consideration of economic and environmental benefits. This paper explores the internal mechanism and dynamic relationship in more detail, hoping to provide reference for the formation of new energy industry development policy.
3 METHODOLOGY
In order to deeply depict the role of the size and technology effect of new energy industry in the process of low-carbon energy structure transformation, this paper firstly constructs the scale evaluation index of the new energy industry from the micro level through the real option model. Stochastic frontier analysis (SFA) is used to estimate the technical efficiency of the new energy industry. Through the PVAR model, impulse response function and variance decomposition, the dynamic relationship between the development of new energy industry and energy consumption structure is analyzed.
3.1 Variables
Size effect of new energy industry (SIZE). In order to maximize the benefits, new energy industry is required to be supported by a certain scale economy in the early stage of development. A large fixed investment ratio is significant. Thus the construction cycle and cost recovery period is long. New energy enterprises have high requirements for manpower and material resources, which leads to high requirements for amounts of capital and stable cash flow. Therefore, the scale of an enterprise is essential. However, if merely using indexes such as corporate assets or stock value to indicate the scale of industrial development, it has not taken into account the volatility and risk of the growth, nor can it reflect the social benefits and prospect value of the new energy. This paper attempts to use the real option model to evaluate the value of new energy enterprises.
According to the Black-Scholes option pricing theory (Black and Scholes, 1973), the real option model extends the connotation of options, regards the owner’s equity as an option based on the market value of enterprise assets, and accounts for the market information and prospect value. The real option model is a dynamic value evaluation model and can evaluate the project value in the uncertain market. It has been widely used in the evaluation of renewable energy investment projects and the overall benefit analysis of renewable energy development planning (Lee and Shih, 2010). Existing studies have applied it to the decision-making of nuclear power investment, geothermal project and photovoltaic smart grids (Fan et al., 2019; Castellini et al., 2021). Applying the option pricing formula derived from the Black-Scholes differential equation to the real option model, the following expression is constructed.
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Here, [image: image] is the equity value of the company, corresponding to the option price. [image: image] is the market value of the liabilities, corresponding to the option strike price. [image: image] is the risk-free rate. τ is the debt maturity, corresponding to the maturity time. And [image: image] is the volatility of the equity value. Assuming that the value of the company’s assets obeying lognormal distribution, the market value [image: image] of the enterprise’s assets and its volatility [image: image] can be obtained by solving the equations. SIZE can be obtained by summarizing the market value [image: image] of the enterprise at the provincial level and then taking the logarithm.
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Technology effect of new energy industry (TECH). As a knowledge and technology intensive industry, the technical efficiency determines the sustainable development ability, which is an indispensable index to evaluate the new energy industry. The technology effect measured in this paper is a kind of generalized technology efficiency. That is, it includes all the forces that change the production function caused by specific technological improvement and innovation, and attributes the remaining part of output that cannot be explained by the input of production factors to technological progress. So traditional technology innovation indexes based on the single indicator, such as the spending on R&D, the number of patent application are no longer applicable. What’s more, these single indexes still belong to a kind of intermediate output variables. The efficiency measurement of input-output can not only reflect the commercialization results of knowledge input, but also reflect the economic value of other R&D effects such as the improvement of technological process and product quality through the final products and services. In this paper, the stochastic Frontier function is used to estimate the technical efficiency of the new energy industry. The SFA method relaxes the assumption of constant substitution elasticity. Setting the model in the form of transcendental logarithmic production function can check the validity of the function form, thus ensuring a better goodness of fit. Scholars generally believe that SFA method based on production function can better reflect the authenticity of efficiency (Kang et al., 2022; Zeng et al., 2023). This method takes into account greatly the impact of random environmental disturbances and management inefficiency factors on the new energy industry. Specifically, the stochastic Frontier production function of this paper is constructed as follows.
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Here, subscript [image: image] and [image: image] stand for region and time respectively. Input variables [image: image] and [image: image] are replaced by assets and the number of labor of industrial enterprises above designated size. Output variable [image: image] is the industrial product sales value of industrial enterprises above designated size. Taking into account the periodicity of input and output, all input variables lag on average by one period. [image: image] is a compound random error term. [image: image] refers to the noise error caused by uncontrollable factors, which submits to the normal distribution. [image: image] takes a non-negative value, which represents a technical inefficiency term. It is assumed to submit to the half-normal distribution and is independent of [image: image].
Therefore, technology effect of the new energy industry embodied in the stochastic Frontier production function model is defined as the ratio between the actual output and the maximum output represented by the Frontier (i.e., the output when technical efficiency loss is 0) at the given factor input level. Formally, TECH is specified as:
[image: image]
Energy consumption structure (EC). Looking back at the history of energy, mankind has gone through two transition processes. The first transition was from firewood to coal in the early 19th century, and the second was from coal to oil and gas in the 1960s (Verbong and Geels, 2007). Each transition is characterized by decarbonization, that is, the carbon element in alternative energy is reduced and the hydrogen element is increased. The process of energy transformation is the process of low-carbon energy development (Zhao and You, 2020). Therefore, a proxy indicator of the ratio of coal consumption to total energy consumption is used to measure the energy structure EC (Fang et al., 2022).
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3.2 Empirical model
The dynamic relationship between multiple variables is often difficult to be explained by strict economic theory. Although there are structural methods such as simultaneous equation models, the endogenous variables appear at both the left end and the right end of the equation, making parameter estimation extremely complicated. In order to verify the relationship among variables, we adopt panel vector autoregressive (PVAR) model for research. PVAR model was proposed by Holtz-Eakin et al. (1988). Like the ordinary VAR model, its advantage lies in that it treats all variables as endogenous variables, thus avoiding the problems of endogeneity and model setting errors. In addition, PVAR model overcomes the defect that the ordinary VAR model cannot estimate the data with short time series and small sample size. Holtz-Eakin et al. (1988) points out that when [image: image], the parameters of PVAR model can be estimated. When [image: image], the estimation result of PVAR model is robust, where T is the length of the time series and L is the lag order. Since the period of the new energy industry investigated is short and the sample size is small, it is appropriate to use PVAR model for estimation. According to Ouyang and Li (2018), the following PVAR model is specified.
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Here, [image: image] represents the number of cross-sections in provinces, [image: image] represents the year, and [image: image] represents the lag order. [image: image] is a (3 × 1) vector with three variables including SIZE, TECH, and EC. [image: image] is a (3 × 3) parameter matrix to be estimated. [image: image] represents individual effect. [image: image] represents the time effect. [image: image] is an unobservable innovation or surprise vector, representing unexplainable random disturbances with a weakly stationary stochastic process. It meets [image: image], where Σ stands for a positive definite matrix and [image: image].
Since the individual effect [image: image] is related to the lagged term of [image: image] contained in the right end of the equations, that is, explanatory variables, explanatory variables and individual effects are not independent of each other, the OLS estimation of [image: image] is biased and inconsistent. Then a system of Generalized Method of Moment (GMM) is used instead of OLS estimation. GMM defines the criterion function as a function related to the instrumental variable and the disturbance term, and minimizes the criterion function to obtain parameter estimates. Arellano and Bover (1995) proposed to use forward orthogonal deviation (FOD) to construct a transformation matrix to find the effective instrument variable estimator of the dynamic panel model. This paper first adopt the mean-difference method to eliminate the time effect [image: image] on the cross section, then use the Helmert transform (FOD method) to remove the individual effect [image: image], and finally use GMM to estimate the parameters of the PVAR model.
4 EMPIRICAL ANALYSIS
In 2019, China has ranked first in the world in terms of both the newly installed capacity and cumulative installed capacity of global wind power. However, the wind power industry is still in the stage of grabbing subsidies. Enterprises are working fast in order to get subsidies, falling into the situation of increasing revenue while losing money. In terms of technology, China’s wind power industry still relies heavily on imports of high-end components. For example, the carbon fiber materials used in the manufacture of wind power blades did not achieve domestic breakthroughs until 2019 and leaves a demand gap of more than ten thousand tons. Likewise, the fan spindle bearing is also limited by high-precision machine tools, induction heating equipment and other high-end manufacturing technology, which cannot realize the domestic substitution for imported. It can be seen that the development of the new energy industry should consider not only the scale expansion, but also the technical progress.
4.1 Data: Sources and description
According to the criteria for new energy industries in the Strategic Emerging Industries Classification (2018)1, this paper lists companies whose main business involves nuclear power, wind energy, solar energy, biomass energy and other new energy industries, as well as smart grids, as new energy companies by analyzing the information disclosed in the company’s annual report. The sample interval is from 2007 to 2017. After excluding the companies marked by abnormal transactions such as ST, *ST, and PT and the absence of data during the sample interval, the number of new energy enterprises finally increased from 26 in 2006 to 81 in 2016. Size effect was summarized at the provincial level.
Due to the wide variety of new energy sources, the required input-output indica-tors related industry data cannot be directly obtained, which hinders the calculation of Technology effect. Fortunately, the new energy industry basically belongs to the three industries of general equipment manufacturing, electrical machinery and equipment manufacturing, and electric power and heat production and supply industries. This paper uses the total assets and the number of workers of industrial enterprises above designated size in these three industries as input variables, and the industrial product sales value as output variables. Finally estimate the technology effect of new energy industry, and form the panel data of 19 provinces2.
According to the calculated new energy industry evaluation indicators, Figure 1 show the development of new energy industry in China’s provinces in 2006, 2011, and 2016 respectively. The horizontal axis represents the technological effect, and the vertical axis represents the scale effect. The larger the value, the better. In other words, the farther the point on the map is from the origin of the coordinate, the better the development of the new energy industry. It can be seen that the points of most provinces concentrated in the lower-left portion of the coordinate axes in 2006 (Figure 1A). At that time, China’s Renewable Energy Law has just been promulgated. The status of new energy, its impact on China’s economy in the future, and China’s sustainable development strategy were not determined until then in the form of laws. The development of new energy is still in its infancy, with limited funds, high costs, and weak technologies that are not sufficient for wide application.
[image: Figure 1]FIGURE 1 | Development of new energy industry in China in (A) 2006; (B) 2011; (C) 2016.
After that, the National Development and Reform Commission and relevant departments issued several synchronized policies for the development of new energy. The task of new energy development is pointed out clearly. The proportion of renewable energy use is increasing gradually. As is shown in Figure 1B and Figure 1C, except for Liaoning, the development of new energy industry in other regions tends to be far away from the coordinate origin from 2011 to 2016. The size effect of Guangdong Province has always been the first, but the technical effect is relatively backward. The technology effect of Anhui and Tianjin remains at the forefront. The development of Shandong Province in the two dimensions is relatively balanced, and gradually surpasses Shanghai and Hebei.
China has achieved a large-scale layout of new energy industries in wind energy, photovoltaic, hydropower, nuclear energy, etc. The distribution of these resources in China has significant regional characteristics. It can be seen from the results of Figure 1B,C that the scale of Xinjiang’s new energy industry is far ahead in the western region. As early as the 1950s, China began to explore wind power generation and built the first 10,000 kW wind farm in Xinjiang. In addition to inland areas (mainly northern Inner Mongolia and Xinjiang), China’s wind energy resources are mainly concentrated in the eastern coastal areas. This is because the wind system composed of monsoon, land sea breeze and tropical cyclone brings rich wind energy resources to the coastal areas.
On the contrary, China’s hydropower resources are mainly located in the southwest inland areas, accounting for about 75% of total. However, hydropower development involves large-scale migration, ecological protection, construction costs and other issues. On the whole, the development of new energy industry still has potential to be tapped. Figure 1A shows that although the new energy industry in Chongqing and Sichuan has developed early, the overall scale and technology still need to be improved.
Furthermore, China has rich solar energy resources. The photovoltaic industry has reached the international leading level. As a battery module manufacturing base, the Yangtze River Delta has gathered a large number of new energy manufacturing enterprises. Jiangsu has gathered a large number of new energy enterprises, and its obvious late development advantage can be seen from Figure 1. In general, the eastern region relies on its own capital accumulation and technological strength to achieve steady industrial development, while the western region develops relatively slowly. The central region is also outstanding with its advantages in raw material supply and advanced equipment manufacturing.
The financial data source of this paper is Resset Database, the input-output index data is obtained from China Industry Statistical Yearbook, and the energy structure data comes from China Energy Statistical Yearbook. Linear interpolation method is used to supplement some missing data, and descriptive statistics of variables are shown in Table 1.
TABLE 1 | Descriptive statistics of variables.
[image: Table 1]4.2 PVAR estimation results
In order to avoid spurious regressions caused by unstable data, this paper first perform a panel unit root test on the three variables. ADF-Fisher and PP-Fisher tests are adopted to test each individual in the panel. According to Choi (2001), four methods (in-verse chi-square transformation, inverse normal transformation, inverse logic trans-formation and modified inverse chi square transformation) are proposed to synthesize p values into Fisher statistics. The results are shown in Table 2. The original series may have unit roots. After calculating the growth rate of each variable, the new series (gEC, gSIZE, gTECH) are obtained, all of which are stationary.
TABLE 2 | Panel unit root test results.
[image: Table 2]Before performing GMM estimation on the PVAR model, it is necessary to deter-mine the lag order of the variable. Information criterion is adopted to select the lag order according to the minimum statistics of MBIC, MAIC and MQIC. The results are shown in Table 3. The lag 1 period is selected as the best lag order of the PVAR model. Table 3 also shows the over-identification test based on the J statistic. The results show that the first-order lag PVAR model J test cannot reject the null hypothesis that all instrumental variables are exogenous, indicating that the over-identification constraint is effective.
TABLE 3 | Determination of the lag period.
[image: Table 3]Parameters are estimated on the basis of selecting the optimal lag order. The GMM estimation results of the PVAR model are shown in Table 4. The first-order lag of gEC is significantly negatively related to gTECH, indicating that the improvement of the energy structure (the proportion of coal consumption declines) is helpful to promote the development of the new energy industry, and it is mainly reflected in the technology effect. At the same time, there is a significant negative correlation between first-order-lagged gTECH and gEC. The technological effect of the development of new energy industry can also in turn promote the low-carbon transformation of energy consumption structure. As for the size and technology effect, the first-order lag gSIZE and gTECH are negatively correlated, which indicates that size effect may have a negative impact on technological progress and industrial innovation. The first-order lag gTECH and gSIZE show a positive correlation, which means that technology effects may drag down the size effect. However, the relationship between the two is not significant, and further research and verification are needed.
TABLE 4 | Regression results of PVAR model.
[image: Table 4]4.3 Impulse response analysis
The impulse response function can be used to analyze the dynamic response of the system after an impact is exerted on one variable, so as to test the long and short term relationship between the variables. The orthogonalized impulse response function based on the Cholesky decomposition depends on the order of the variables. The basic principle is that the variables in the Cholesky matrix are ordered from relatively exogenous to endogenous. Combined with the panel VAR estimation results, it is deemed that there is a bidirectional dynamic relationship between the development of new energy industry and the low-carbon transformation of energy structure. This relationship is mainly reflected in the technology effect, and size effect is relatively faint. Further-more, Granger causality test is performed on gSIZE, gTECH, and gEC to determine the order of variables, as shown in Table 5.
TABLE 5 | Granger causality test results.
[image: Table 5]Granger causality test shows that gEC and gTECH are bidirectional causality, gSIZE and gEC are joint granger-causes of gTECH, while gSIZE and gTECH jointly granger cause gEC. Therefore, this paper conducts impulse response analysis in the order of Energy Structure, Size Effect, Technology Effect and Technology Effect, Size Effect and Energy Structure respectively. As shown in Figures 2, 3, there is no substantial difference between the two kinds of results. The estimation results of the PVAR model are robust.
[image: Figure 2]FIGURE 2 | Orthogonalized impulse response (ordered by gEC gSIZE gTECH).
[image: Figure 3]FIGURE 3 | Orthogonalized impulse response (ordered by gTECH gSIZE gEC).
By exerting a standard deviation shock on the endogenous variable, the orthogonal impulse response function graphs are obtained by using Monte-Carlo simulation 500 times. The upper and lower limits of 95% confidence intervals are given. Figure 2 contains (3 × 3) subgraphs. The three subgraphs in the first row treat gTECH as the impulse variable, respectively depicting the dynamic response of gTECH on gTECH, gEC, and gSIZE. The results show that gSIZE has a positive response to gTECH, while gEC has a negative response to gTECH. It can be seen from the second subgraph that technology effect has a positive impact on size effect, and tends to be stable after the second period. The third subgraph shows that technological progress has led to the low-carbon transformation of energy structure, and has a relatively sustained impact, which tends to be stable after the fifth period. It means that technological progress has a more lasting impact on the energy structure in terms of the development scale of the industry itself.
Correspondingly, the three subgraphs of second row treat gSIZE as impulse variable. The response of gTECH to gSIZE is negative in the first period, and then changes from negative to positive after the second period, illustrating that size effect firstly drags down the technology effect. Namely, the new energy industry initially focuses on the development of the scale effect, which may squeeze the resources required for industrial technological progress. However, the response of gEC to gSIZE is negative all along, indicating the development of industrial scale can always improve the energy structure.
The three subgraphs of the third row take gEC as the impulse variable. The response results of gTECH and gSIZE are negative. It reflects that energy low-carbon transformation leads to the development of technology and size effects. In comparison between the two, the improvement of energy structure continues to stimulate the technology effect until the fifth period, while the response of size effect is more fierce and rapid, but soon levels off.
The result of changing the order of gTECH and gEC is shown in Figure 3, and the conclusion has not changed significantly. It is worth noting that the mutual promotion between size effect and technology effect is very small, but both of them have a positive impact on the low-carbon transformation of the energy structure. It suggests that it is reasonable to divide the evaluation index of industrial development into two factors: size and technology. In addition, technology progress has a more significant effect on the improvement of energy structure, and at the same time energy transition has a more obvious stimulus on the technology effect, which confirms the bidirectional Granger causality between gTECH and gEC.
In general, there is no significant dynamic relationship between the scale and technology effect within the new energy industry, which may be caused by resource competition. Whether it is the market risk faced by expanding the scale or the innovation risk faced by accelerating R&D, enterprises need to rationally allocate the limited resources at the initial stage of development. This reveals that the supporting advantages within the new energy industry chain need to be further discovered. In addition, gSIZE and gTECH have different degrees of response to the energy structure. The new energy industry will benefit from the energy substitution. With the enhancement of carbon constraints and the rise of fossil energy prices, the demand for new energy shows a long-term growth trend. This will bring double benefits to the new energy, which will lead to the expansion of the scale. However, China’s new energy metals are limited, and the profits available in the raw materials sector are small. Relying on a complete industrial system and strengthening innovation in the new energy manufacturing sector is the focus of the future development.
4.4 Variance decomposition
The method of variance decomposition is further adopted to describe the interaction between size effect, technology effect and energy structure through the relative variance contribution rate. That is, the ratio of the movement of the variable caused by the impact of itself and other variables. Likewise, the variance decomposition also de-pends on the order of the variables. To ensure the robustness of results, variance de-composition is carried out still in the order of Energy Structure, Size Effect, Technology Effect and Technology Effect, Size Effect and Energy Structure respectively. As shown in Table 6, there is no substantial difference between the results under the two different orders.
TABLE 6 | Variance decomposition.
[image: Table 6]Table 6 shows no significant difference between the prediction results of the 10th period and the 5th period, indicating that the system has stabilized after the 5th period. The variance decomposition of gEC shows that in addition to the impact from itself, the remaining variance contribution mainly comes from gTECH, and the contribution of gSIZE is relatively small. gSIZE has a response of more than 90% to its previous value, which confirmed the existence of positive self-feedback behavior. The variance de-composition of gTECH shows that the prediction variance from gEC is much larger than that from gSIZE. Therefore, there is a two-way promotion between technology effect and energy structure. During the structure of a clean, low-carbon, safe and efficient modern energy system, energy technology innovation must play a decisive role in the energy revolution and must be placed at the core of energy development. At the same time, among the three variables, the impact reaction of technology effect on itself is the least. It can be predicted that in the long run, technology effect will become a new growth point in the development of the industry. New energy industry, especially the wind power industry, should break the current situation of working fast just for subsidies as soon as possible.
5 CONCLUSION AND IMPLICATIONS
Through real option model and stochastic frontier analysis, the development of new energy industry in China is evaluated from both scale and technology in this paper. The results show that the new energy industry in the central region is developing rap-idly, which is better than that in the eastern and western regions. The eastern region has a significant lead in the scale and technology of new energy, but the northeastern region, such as Liaoning Province, shows a backward state in terms of technical efficiency. With the advancement of China’s industrialization process, the secondary industry has gradually deepened in the central region. Industrial development, accompanied by the upgrading of driving forces and rising strength, has accelerated the transition to cleaner energy. Although the western region has abundant new energy resources, the industrial structure still tends to be industrial and agricultural. The weak industrial base leads to the lack of internal driving force of the new energy industry, and the development is relatively flat.
This paper further studies the dynamic relationship between the new industry and energy structure transformation through the PVAR model, impulse response function and variance decomposition. It is found that there exists a bidirectional dynamic relationship between the development of new energy industry and the low-carbon trans-formation of energy structure. The relationship is mainly reflected in the technology effect, while weak in the size effect. The estimation results of PVAR model are sup-ported by Granger causality test. Furthermore, through impulse response function and variance decomposition, it is found that technology effect has a continuous and dramatic positive impact on the improvement of energy structure, while the size effect is relatively short-lived. In turn, energy structure transformation has an impact on the development of new energy industry, as it stimulates the size effect more drastically and rapidly, but has a long-term impact on the technological effect. It reveals the core role of energy technology progress in the construction of clean and low-carbon energy system. At present, developing countries like China are playing an increasingly important role in the international economy. Their economy is in a transitional stage from rough to intensive, from factor-driven to innovation-driven. Energy is an essential material foundation of society. The production and consumption of energy, technological innovation and system reform all need the active guidance of the government, so that the quality and efficiency of an energy system can be steadily improved.
Our research provides some important policy implications. First of all, optimize the layout of the energy industry, so as to achieve multi-regional and multi-energy coordinated development. The results from Figure 1 show that there is a mismatch in industrial development and resource distribution by region in China. In the future strategic layout, the eastern coastal areas will mainly undertake the tasks of new energy industry R&D and high-end manufacturing. The central region undertakes the tasks of core material development and energy transmission. The western region relies on rich natural resources to develop new energy power generation projects. Secondly, the development of new energy industry is not achieved overnight. The results in Figure 2 and Figure 3 show that the impact of the scale expansion of new energy on energy transition is short-term rather than long-term. Therefore, there should be a global development plan to optimize resource allocation and capacity utilization. Finally, it is necessary to consolidate technological advantages and take the initiative in the energy industry chain. It is supposed to expand the technology boundary, and develop the technology effect to become a new growth point in the process of industrial development.
We have to admit that our research still has some other limitations, which provides opportunities for future research. Due to data availability and model requirements, this paper only considers listed new energy enterprises as samples. In fact, as an emerging industry, some unlisted new energy enterprises are also an important part of the industrial development. However, the evaluation of their market value is a difficult problem, which is also needed to be solved in the application of real option model to scale measurement in the future. In addition, in order to enrich the applicability and generalizability of our conclusions, future research should be further extended to other regions or time spans to verify the findings.
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Note: Using the first to the third lag of untransformed variables as instruments. Standard
errors in parentheses; **p < 0.05, ***p < 0.01.





OPS/images/fenrg-10-1082368-t005.jpg
Equation Excluded chi2 dt Prob > chi2

SIZE gTECH 0.104 1 0.747
gEC 0010 1 0920

ALL 0.112 2 0.946

gTECH SIZE 0044 1 0834
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Note: Panel VAR-Granger causality Wald test (Ho: Excluded variable does not Granger-
cause Equation variable. Ha: Excluded variable Granger-causes Equation variable).
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