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China’s 12th Five-Year Plan emphasizes green technological advances in energy conservation, which provides a feasible quasi-natural experimental node to study the role of green technological innovation in influencing the achievement of carbon neutrality. The difference-in-difference model examines whether China’s electricity consumption efficiency has improved since the 12th Five-Year Plan and reveals the role of green technology innovation in this process. Specifically, this paper takes 216 cities in China from 2003 to 2016 as the study sample, the midpoint between China’s 11th and 12th Five-Year Plans as the quasi-natural starting point, and uses the top 50 cities in terms of the number of listed companies as the quasi-natural experimental group. The results show that China’s electricity consumption efficiency has improved significantly since the 12th Five-Year Plan, supported by different robustness tests. The mechanism analysis finds that green technology innovation positively affects energy efficiency but is not the best option for cities with many listed companies. Cities with many listed companies can achieve energy savings by adjusting their industrial structure. Energy conservation and emission reduction policies should be formulated according to the city’s situation and give full play to green technology progress and industrial transformation and upgrading, which is of great significance to achieving carbon neutrality.
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1 INTRODUCTION
Since the beginning of the 11th Five-Year Plan (FYP)1, China has targeted decreasing energy consumption to make the completion of the target an assessment target for local governments at all levels. The nation wishes to control energy consumption’s momentum through structural adjustment, adoption of advanced energy-saving/low-carbon technologies, and elimination of backward production capacity. During the 11th FYP, China set a “reduction of energy consumption per unit of GDP by about 20%” as an essential binding target. However, although the goal was reached, China still faces international pressure for its carbon emission. During the COP15 Copenhagen hold in 2009, developing countries, including China, were required to take responsibility for global carbon emissions.
In order to implement domestic carbon reform while responding to international calls for China to take on more responsibility, the 12th FYP period, starting from 2011, became the most important period for the development of the environment in China. Since industrialization and urbanization were further accelerated, and energy demand increased rigidly, resource and environmental constraints became prominent. Therefore, during the 12th FYP, the implementation of energy-saving and carbon emission reduction targets in China was further strengthened under more green technology innovations and industry structure modifications. Total control measures were implemented, resulting in remarkable energy-saving and carbon emission reduction results. As statistical data shows, China’s energy conservation and emission reduction targets for the 12th FYP period are to reduce energy consumption per unit of GDP by 16%, control total energy consumption at around 4 billion standard coal equivalents, and increase the proportion of non-fossil energy consumption to 11.4%.
The proposal of energy saving, emission reduction targets, and dual carbon targets is a solid initiative to address climate change in China and brings opportunities and challenges to the development of the electricity consumption field. As a critical industry for energy saving and carbon reduction, electricity and electricity efficiency have received widespread attention (Figures 1, 2, 3). In this regard, three requirements set out in the 12th FYP for energy efficiency are related to increasing industrial electricity consumption. Specifically, first, the 12th FYP proposes to implement targets and responsibilities. The 12th FYP took regional economic development, industrial structure, and energy-saving potential into full consideration, determined the energy-saving targets according to each region’s condition, and improved the evaluation and assessment methods. Second, the 12th FYP proposes to increase structural adjustment efforts. The 12th FYP encourages the development of service and high-tech industries, actively developing energy-saving, environmental protection, new energy, and other strategic new industries to adjust energy consumption structure and increase the proportion of non-fossil energy. Finally, the 12th FYP proposes to promote technological progress, especially green technology progress in energy conservation. The proposal includes accelerating the implementation of key energy-saving renovation projects, energy-saving technology industrialization demonstration projects, energy-saving products for the people projects, and contract energy management promotion projects.
[image: Figure 1]FIGURE 1 | Policy comparison between the 11th and the 12th FYP2.
[image: Figure 2]FIGURE 2 | Major source sectors of carbon emissions3.
[image: Figure 3]FIGURE 3 | Amount of carbon dioxide emissions of different sectors4.
Given China’s very different carbon reduction performance at the end of the 11th Five-Year Plan and the end of the 12th Five-Year Plan, the timeframe at the end of 11th FYP and the start of 12th FYP provides a possible quasi-natural experimental cut-off point for discussing the carbon reduction effects of green technological innovation in the energy sector, particularly in the power sector. Hence, this paper investigates whether the efficiency of electricity consumption in China has improved since the 12th FYP. The paper also examines how key factors such as technology innovation helped to improve such a process and hopes to clarify whether technology innovation, especially green technology innovation, could help the economy achieve carbon neutrality development.
Using the city-level data in China from 2003 to 2016, this paper examines whether China’s electricity consumption efficiency has improved since the 12th Five-Year Plan by a difference-in-difference model. The results show that the electricity consumption efficiency has improved significantly, and the influential mechanism is explored as well. The main contributions of this paper can be summarized in the following aspects. First, this paper looks at the policy implications of a critical development period in China. The 12th FYP period is the most important period for environmental protection and an important stage in China’s development from middle-income to middle-developed. This paper gives a reference evaluation of the response by Chinese cities to the policy during the 12th FYP period. Second, the impact and mechanism on electricity efficiency by energy conservation and emission reduction policies are explored. Instead of carbon emissions and electricity consumption, this paper pays more attention to electricity efficiency. On the one hand, improving energy efficiency is more meaningful than simply reducing energy consumption. On the other hand, studies on reducing carbon emissions cannot distinguish between reductions in energy consumption and improvements in emissions treatment technologies. Therefore, this paper innovatively selects energy efficiency (i.e., GDP per electricity consumption) as the research object. Third, in the natural experiment of this paper, cities with more listed companies are treated as the treatment group that is affected more by stringent policies, which allows the paper to explore policy impacts at the macro level and inform micro-level research on firms policies.
The paper is structured as follows. Literature Review Section reviews the previous literature. Data and Methodology Section describes the data and sets up the model, while Results Section reports the results. Conclusion and Policy Implications Section concludes and comes up with policy suggestions.
2 LITERATURE REVIEW
As an important topic in the context of carbon peaking and carbon neutrality, the policy’s impact on electricity efficiency and its effective mechanism has attracted the attention of many scholars. The related research can be divided into two main categories: electricity efficiency and environmental policy. The literature on electricity efficiency mainly discusses the measurement approach and influential factors of electricity efficiency. Furthermore, the studies concerned with environmental policy’s impact are explored in green innovation, residential electricity consumption, building energy efficiency, and electricity efficiency at the utility or firm level.
2.1 Electricity Efficiency
Electricity efficiency has received growing attention as a key component of sustainable development to tackle energy security and poverty while addressing climate change concerns (Voigt et al., 2014). According to Lin and Zhu (2020), the measurement approach of electricity efficiency in current research can be divided into three main categories. First, single factor indexes are widely used to represent energy efficiency, such as the energy intensity, calculated by dividing the total energy consumption by real GDP (Liddle, 2010; Lin and Zhu, 2017; Voigt et al., 2014). Second, a nonparametric Data Envelopment Analysis (DEA) method is adopted to estimate energy efficiency. DEA, a nonparametric method, applies linear programming to determine the efficiency of firms without assuming a functional form of the production function. Third, the Stochastic Frontier Analysis (SFA) model is popular in recent years. SFA is a parametric method that applies statistical analysis to examine efficiency while controlling environmental factors (Li et al., 2019). This paper adopts the single factor indexes and defines electricity efficiency as the ratio of electricity use and gross output by following Voigt et al. (2014).
In addition to the measurement approach, influential factors have also attracted the attention of many scholars. Existing studies show that a great variety of factors can affect electricity efficiency, including technology, industrial structure, economic development level, population density, fiscal decentralization level, and urbanization level (Wu, 2012; Zhang et al., 2017; An et al., 2020; Lin and Zhu, 2020; Sun et al., 2021a; Sun et al., 2021b). Among them, industrial structure and technological progress are two key factors that are effective in reducing electricity consumption (Yu, 2012; Jiang et al., 2014; Jiang et al., 2015). Voigt et al. (2014) analyze regional and global energy intensity trends by using mean Divisia index decomposition, and the results show that increases in energy efficiency can be due to the use of more efficient production technologies and newer vintages of capital equipment or to changes in the structural composition of the economy (a shift towards less energy-intensive sectors).
Most scholars investigate the influence of green technological innovation on electricity consumption, and conclusions are not consistent. On the one hand, some scholars believe that technological progress could directly improve energy efficiency by improving the performance of production tools, developing new electricity-saving products, and reducing the electricity loss in the process of power transmission (Ho et al., 1999; Zhang, 2003; Li et al., 2013; An et al., 2020). On the other hand, some scholars thought that technological innovation might not increase energy efficiency directly. Using business data from China (2008–2014), Yin et al. (2018) find that the level of technical innovation has an inverted U-shaped effect on the electricity consumption of industrial enterprises. Lin and Zhao (2016) also proved a nonlinear relationship between technological progress and energy consumption. Specifically, they find that initial technological innovation would promote the reduction of energy consumption, and there would be a rebound effect when it crossed a certain threshold. Some scholars studied the interaction between technological innovation and industrial structure when they impact electricity efficiency. Rostow (1991) gave the analysis from a theoretical point of view and believed that technological innovation might also indirectly affect energy consumption by upgrading industrial structures. Voigt et al. (2014) also shed light on the interplay between structural and technological effects. Empirical results in the pieces of literature above demonstrated that green technology innovation should be considered an important, influential factor for electricity consumption and electricity efficiency.
Similarly, there is also a substantial body of literature on whether the industrial structure can curb electricity efficiency. With the theoretical framework of Newell et al. (1999), the structural adjustment from heavy to light industry is considered to reduce the energy consumption intensity and thus improve energy efficiency at a constant output level. As for the empirical works, van Megen et al. (2019) showed that changes in structure-corrected energy intensity were the main reasons for changes in electricity consumption in Switzerland, while Al-Bajjali and Shamayleh (2018) found that the structure of the economy in Jordan was significantly and positively related to electricity consumption. Similar results have also been found in Ahmed and Zeshan (2014) and Narayanan and Sahu (2014) for cases in Pakistan and India, respectively. In the case of China, Zhang et al. (2019) revealed that industrial sectors played a significant role in decoupling in China. Lin and Zhu (2020) also provide empirical results on improving the electrification level in line with the electricity substitution policy proposed by China in recent years. Although most of the literature above believes that an increase in the share of the tertiary sector can lead to an increase in energy efficiency, another view is that this effect holds only to a certain extent (Li and Lin, 2014). Therefore, it is necessary to explore further whether the industrial structure can contribute to electricity efficiency.
On the one hand, most of the literature focuses on the impact of technological innovation and industrial structure on energy consumption. Only a small portion is on electricity as an energy source and even less on electricity efficiency (rather than electricity consumption). On the other hand, there is no consensus in the past literature on whether the impact of technological innovation and industrial structure on electricity efficiency is positive or negative. Therefore, in the light of the previous literature, this paper further explores the mechanism by which policy affects electricity efficiency based on the study of policy impact, i.e., whether policy affects electricity efficiency by influencing technological innovation or industrial structure.
2.2 Environmental Policy
The policy impact on energy efficiency is an issue that has long been discussed. Scholars have discussed this issue from different aspects.
First, the empirical literature investigating the role of policies in eco-innovation activities is extensive. Using a dataset covering 23 OECD countries over the period 1990–2010, Costantini et al. (2017) provide an empirical investigation of the positive role of the policy mix in inducing innovation in energy efficiency technologies. Also, Nesta et al. (2014) explore the effect of environmental policies on innovation by using information regarding renewable energy policies, competition, and green patents for OECD countries since the late 1970s.
Second, several empirical studies have analyzed the effectiveness of policies in the residential sector or the electricity efficiency of buildings (Buck and Young, 2007; Filippini and Hunt, 2012; Filippini et al., 2014; Ramos et al., 2016; Marin and Palma, 2017). By reviewing 192 publications from January 2015 to June 2020, Sanchez-Escobar et al. (2021) conclude the contribution of bottom-up energy models to support policy design of electricity end-use efficiency for residential buildings and the residential sector. In the case of China, Lin and Zhu (2021) measure the energy efficiency and direct rebound effect of residential electricity consumption from the energy efficiency-related policies based on data from CHFS over the period 2010 to 2018.
Third, the policy impacts were also discussed from the aspect of firms or electricity utilities. Using a unique firm-level dataset from 2010 to 2014, Li et al. (2019) examine the electricity utilities’ production efficiency under the sustainable development policy reform. Also, Ying Lee et al. (2019) investigate the economic impact of an energy penalty policy on electricity-intensive firms in Ghana. By using a regression discontinuity design (RDD) to the panel data from 1994 to 2012, the results indicate that small- and medium-voltage firms are economically vulnerable to the penalty policy in the long run. In the case of China, Bi et al. (2014) examine whether environmental regulation affects the energy efficiency of China’s thermal power generation, and the results show prominent geographical characteristics. Policy impacts at the firm-level or plant-level are also investigated in other influential works (Barabutu and Lee, 2018; Ma and Zhao, 2015; Sueyoshi and Goto, 2011; Zhang et al., 2014).
In summary, previous studies have mainly explored the effects of environmental policies on green innovation, residential electricity consumption, building energy efficiency, and electricity efficiency at the utility or firm level. However, residential electricity consumption accounts for a small part (13.04% in 2015) of China’s total electricity consumption (Lin and Zhu, 2021). Most of the electricity consumption is consumed during the production process of industrial sectors. Thus it is undoubtedly vital to analyze the industrial electricity consumption efficiency. At the same time, past studies have tended to select policies that can be easily quantified (e.g., subsidiarity), leaving a relative lack of research related to the effects of policies that cannot be easily quantified. Therefore, there is a lack of research on the impact of policy implementation on electricity efficiency in the industrial sector, especially concerns about the policy environment during the 12th FYP period. This paper is willing to investigate whether electricity consumption in China has improved since the promulgation of the Outline of the 12th FYP.
3 DATA AND METHODOLOGY
3.1 Model
Since industrial energy consumption (e.g., industrial electricity consumption) and pollutants are mainly generated industrial by companies, not households or individuals, environmental policy is ultimately a policy for those companies in cities instead of cities per se. When environmental policy constraints or incentives impact cities, the authorities often start by regulating those listed companies. Such implication is because listed companies tend to have more significant disclosure obligations and greater corporate social responsibility, thus are affected by stricter supervision and leading the way for other companies. That is to say, the city with more listed companies is supposed to have better policy results. Therefore, this paper assumes that, after implementing the 12th FYP in 2010, the cities with more listed companies improved their electricity efficiency.
Furthermore, this paper provides further insight into the policy’s impact on electricity efficiency. Since the level of electricity consumption varies significantly among different industries, an industry structure change from energy-intensive to energy-saving optimization will affect the consumption of electric power resources (Shi et al., 2022). Meanwhile, power-saving technology innovation is one of the main factors restraining electricity consumption growth. Therefore, this paper assumes that the 12th FYP policy affects electricity efficiency by two factors: industrial structure and technological innovation. More specifically, whether these two moderating factors have a positive or negative effect on the impact of the policy is unknown.
A natural experiment was conducted in this paper using the Difference-in-difference (DID) model to test the hypothesis above. DID models were used to measure the impact of intervention through the difference between group and time. A DID model combines these two kinds of differences, excludes the influence of factors other than the intervention factors on the results to a certain extent, and effectively solves the problem posed by the incomplete randomization of natural experiments (Liu et al., 2021). Therefore, DID models have been widely used to evaluate policy effects. Therefore, a DID model was used to more effectively reflect the effect of the 12th FYP on the GDP capacity per unit of electricity consumption of a city.
The model set was as follows:
[image: image]
In Eq. 1, the explained variable Yit is used to measure the level of capacity per unit of electricity consumption of a city. This variable is expressed as the ratio of GDP divided by industrial electricity consumption (GDP_ELE).
Treatedi is a dummy variable for the treatment group (Treatedi = 1 if city i is among the top 50 cities in terms of the number of listed companies; Treatedi = 0, if-else) and is used to describe the difference between the treatment group and the control group. Postt is a time dummy variable [Postt = 1 when t is after the 12th FYP (2010); Postt = 0, when t is before the 12th FYP] and used to describe the difference between the two phases before after the experiment. Treatedi * Postt is an interaction term used to measure the policy effect of the experimental group. The coefficient β1 is of primary interest, and the estimated sign of β1 is supposed to be positive. εit is a random perturbation term. Figures 4, 5 plot the average GDP and electricity consumption, respectively.
[image: Figure 4]FIGURE 4 | Average electricity consumption of treatment and control groups.
[image: Figure 5]FIGURE 5 | Average GDP of treatment and control groups.
This paper also includes a series of indicators that affect electricity efficiency as control variables, Xt, as shown in Table 1. Specifically, according to Cheng et al. (2021), a high degree of fiscal decentralization is necessary for improving the environment. The fiscal decentralization level (FD) is obtained by calculating the proportion of the fiscal revenue of a city in total GDP. Also, socio-demographic factors such as population density (POPU_DEN) and urbanization level (MOD) have an impact on the GDP and thus make a difference in electricity efficiency (Wang et al., 2018). Meanwhile, following Liu et al. (2021), industrial structure (IS) and Economies of scale level (SCALE) are treated as control variables for the industrial condition.
TABLE 1 | Definitions of control variables.
[image: Table 1]Furthermore, referring to Guo et al. (2018), the degree of government R&D funding and R&D staff also make a difference in energy efficiency. Thus, the Scientific and technological level (SCI) and research and development level (R&D) are controlled. Also, following Lin and Zhu (2020), socio-demographic factors like population density (POPU_DEN) and urbanization level (MOD) are controlled as well. At last, technological innovation is also pointed out to increase productivity and reduce the amount of electricity used per unit of GDP output (Cheng et al., 2021). Therefore, this paper uses the number of green patents (PATENT) to denote environmental and technological innovation.
3.2 Data
This paper adopts the city-level panel data from 2003 to 2016 to estimate whether the efficiency of electricity consumption in China has improved since the 12th FYP. The city-level socio-economic and socio-demographic data are collected from China City Statistical Yearbook. The data on Carbon dioxide emission is collected from the Carbon Emission Accounts & Datasets (CEADs). The data on the Total Green Patent get are collected from the Chinese Research Data Service Platform (CNDRS).
The descriptive statistical results of the main variables for the 216 cities studied in this paper are shown in Table 2. The level of capacity per unit of electricity consumption of a city (GDP_ELE) has a mean of 20.6178, which means that an average of 20.6 yuan of GDP will be generated for every Kilowatt-hour (kWh) of electricity consumption. Moreover, the value of GDP_ELE ranges from 1.1489 to 545.5433, indicating the significant disparities in electricity efficiency across Chinese cities.
TABLE 2 | Descriptive statistics.
[image: Table 2]The grouping statistics are shown in Table 3. The treatment group consists of cities with more listed companies, and the control group consists of other cities with fewer listed companies. Among all the variables, only the descriptive statistics for carbon dioxide emission (CO2) and the number of green patents (PATENT) show a wide gap between the two groups. The treatment group emitted almost 250% more CO2 than the control group, while they had nearly 14 times as many green patents as the control group. The average GDP_ELE in the treatment group is 23.6465, higher than 19.7856 in the control group, indicating that the electricity efficiency of those cities with more listed companies is slightly higher. Otherwise, the descriptive statistics of the variables except CO2 and PATENT do not differ a lot between the two groups.
TABLE 3 | Grouping statistics of the main variables.
[image: Table 3]4 RESULTS
4.1 Baseline Regression
In order to investigate whether the implementation of the 12th FYP imposes a significant impact on the capacity per unit of electricity consumption of a city, a fixed-effect panel regression approach is adopted based on the empirical model (1). Corresponding estimates and statistics are shown in Table 4. The control variables are gradually added from columns (1) to (5). The coefficients of did are all significantly positive at the level of 1%, which indicates that the implementation of the 12th FYP has a significant positive impact on the capacity per unit of electricity consumption of a city.
TABLE 4 | Results of the baseline regression.
[image: Table 4]In column (5), the coefficient of did is 3.65, indicating that after implementing the 12th FYP, there is an increase in GDP per unit of electricity consumption of a city in the treatment group. The significant improvement in electricity efficiency since the 12th FYP is due to two main factors. On the one hand, the 12th FYP policy has increased the pressure on local governments to control energy consumption, especially to control electricity consumption. The 12th FYP period is the most important period for the development of the environment, so the implementation of energy-saving and emission reduction targets and stricter control standards were further strengthened in the Outline of the 12th FYP. It can be said that China’s requirements for energy efficiency in the 12th FYP period are a step up from the 11th FYP.
On the other hand, listed companies have a more remarkable ability and greater incentive to promote energy efficiency, making for better policy outcomes in cities with more listed companies. To achieve short-term results, local government officials have imposed stricter regulatory measures on those listed companies, resulting in the first motivation to improve the energy efficiency of those companies. Meanwhile, since the listed companies are supposed to disclosure more information, including their contribution to the energy-saving and environmental protection, than the other companies, stakeholders’ interest in this information and the positive benefits from these positive comments lead the listed companies to be more motivated to save energy and reduce emissions. Additionally, the ultimate purpose of the 12th FYP is not only to set constraints on electricity consumption but also to encourage economic growth (GDP). The improvement in electricity efficiency is what the 12th FYP drives. Listed companies usually have more advanced technology and develop new technologies, which gives them a more vital corporate social responsibility. As a result, listed companies are more effective in improving energy efficiency due to policy facilitation, meaning that they usually have a more remarkable ability to save on the cost of energy consumption while maintaining output.
Apart from that, the level of Fiscal decentralization has a negative impact on the explained variable, while the level of industrial structure has a positive impact on the explained variable. The former may be because the free-rider behavior among jurisdictions deteriorates the environmental quality due to an increasing degree of FD, which is consistent with the conclusion of Sigman (2014). The industrial structure (the proportion of secondary industry and tertiary industry) has a significant positive impact on capacity, which may be due to the higher proportion of secondary industry could generate more GDP than the other two industries.
4.2 Robustness Test
4.2.1 Parallel Trend Test
The underlying identification assumption for DID models is that the pre-treatment trends in the explained variable for the treatment and control groups are parallel. We test this assumption by including a set of leads and lag(s) of the policy implementation. The model was set as follows.
[image: image]
In Eq. 2, the explained variable Dit is a time dummy that takes 1 when t = 2010 + j, and βj is the corresponding coefficient. The other variables take the same meaning as in Eq. 1.
The estimated coefficients and their corresponding 95% confidence intervals are plotted in Figure 6, showing the parallel trend test results for the DID model. The results show that the coefficients were not significant until 2010 (the policy year). There was no significant difference between the treatment and control groups before the policy implementation; after 2010, most estimated coefficients were significant. Therefore, the results indicate that the overall capacity per unit of electricity consumption in the treatment and control groups had similar trends before 2010; thus, the parallel trend assumption in this DID model setting is accepted.
[image: Figure 6]FIGURE 6 | Parallel trend test.
4.2.2 Placebo Test
Referring to La Ferrara et al. (2012) and Li et al. (2016), a placebo test was also used in this study. This paper constructs a time-city randomized experiment by randomly selecting the experimental group of cities and generating the policy time; thus, a two-level randomized experiment was constructed accordingly.
Next, we run regressions according to the baseline model in Eq. 1, and the reliability of the findings was judged based on the probability of obtaining the estimated coefficients of the baseline regression from the spurious experiment. To further enhance the validity of the placebo test, the above procedure was repeated 500 times, and finally, the distribution of the estimated coefficients of did plot in Figure 7.
[image: Figure 7]FIGURE 7 | Placebo test.
If the distribution of the estimated coefficients under the randomization treatment is around 0, sufficiently important influences have not been omitted from the model set. In other words, the effects in the baseline analysis are indeed the result of the policy occurrence of interest in this paper. As shown in Figure 7, the spurious estimated coefficients of did in this placebo test are concentrated around 0 [roughly follows a normal distribution of N(−0.03, 2.962)], indicating that there is no significant omission of variables in the model setting and that the core findings remain robust.
4.2.3 Replace Explanatory Variables
The explained variable in the baseline regression means the capacity per unit of electricity consumption and the savings in electricity consumption. Since a city’s carbon emissions are closely linked to its energy consumption, this paper introduces the GDP generation per unit of carbon dioxide emission as a replacement explanatory variable to test the robustness of the results. Table 5 reports the estimates and statistics results of this replacement explanatory variable, and the control variables are gradually added from columns (1) to (5).
TABLE 5 | Results of GDP per unit carbon dioxide emission as the explanatory variable.
[image: Table 5]The coefficients of did are all significantly positive at the level of 1%, which indicates that the implementation of the 12th FYP has a significant positive impact on the capacity per unit of carbon emission of a city. In column (5), the coefficient of did in the regression of all control variables is 14.99, indicating that after implementing the 12th FYP, there is an increase in a city’s GDP per unit carbon emission.
In addition, a range of control variables is significant at the level of 1% under this regression. Control variables, including the fiscal decentralization level, scientific and technological level, urbanization level, and economies of scale level, have a negative impact on the explained variable. In contrast, the level of research and development, population density, and industrial structure positively impact the explained variable.
4.2.4 Exclude Extreme Values
This paper regressed the data after excluding the 1 and 5% extreme observations from the sample according to the dependent variable for considering the possible impact of extreme values. The regression results are shown in Table 6. Columns (1) and (2) show the results of 1% extreme observations exclusion, while columns (3) and (4) show the results of 5% extreme observations exclusion.
TABLE 6 | Results of excluding the 1 and 5% extreme observations.
[image: Table 6]The coefficients of did are all significantly positive at the level of 1% as well after excluding 1% extreme observations, the coefficient of interest increases, while it decreases a little after excluding 5% extreme observations. They indicate that the influence of the extreme observations is negligible and that the estimation results of the baseline regression are robust.
4.2.5 Exclude Observations
According to the Statistical Yearbook of Urban Construction (2019), published by the Ministry of Housing and Urban-Rural Development at the end of 2020, six megacities in China, including Shanghai, Beijing, Chongqing, Guangzhou, Shenzhen, and Tianjin. Since the GDP and electricity of those megacities are always much more massive than the others, those observations may impact the final coefficients as well. Therefore, we also run a regression without those six megacities to estimate the results’ robustness. Table 7 reports the corresponding results. The regression coefficient did remain positive and significant; thus, this robustness test also passed.
TABLE 7 | Results of excluding six megacities.
[image: Table 7]4.3 Mechanisms Analysis
A mediation effect model is applied to understand how the 12th FYP policy affects electricity efficiency. As assumed before, the 12th FYP policy affects electricity efficiency through industrial structure and technological innovation.
In terms of industry structure, Shi et al. (2022) point out in their study that, on the one hand, when the continuous industrialization process has promoted the consolidation and enhancement of China’s industrial industry, which is the main source of electricity consumption, a significant increase exist in electricity consumption. Thus the impact of industrial structure on electricity consumption is positive; on the other hand, when China emphasizes industrial structure optimization and adjustment (i.e., shifting the industrial structure domination from high energy-consuming industries to green industries), the impact of the change in industrial structure on electricity consumption is inhibited. Therefore, when we discuss the efficiency of electricity consumption (i.e., GDP per unit of electricity consumption), it becomes even more ambiguous whether the moderating effect of industrial structure is positive or negative.
Scholars generally believe that technological innovation, especially green technology, promotes energy efficiency. Wei et al. (2007) used the Malmquist exponential decomposition method to study the energy efficiency of the steel industry from 1994 to 2003, and the results showed that the key to improving energy efficiency lies in technology innovation. However, when Tan et al. (2019) analyzes the impact of technology innovation under different energy categories, they find that technology innovation contributes mainly to coal technology and comprehensive energy-saving technology, while the technological contribution in the electricity sector is not significant. At the same time, the research also proposes that because of the high cost of technology innovation, it is unsure that companies will develop new technologies to improve energy efficiency when other routes exist. Hence, it is ambiguous whether the moderating effect of technology innovation, especially green technology innovation, is positive or negative.
These hypotheses are tested through the model as follows.
[image: image]
Mit is the mediation factor, representing industrial structure (IS) and green technological innovation (PATENT). In particular, the industrial structure is the proportion of secondary industries in total GDP, and technological innovation is measured by the sum of the authorized quantity of all green patents (including invention patent, utility model patent, and design patent).
In this model, β2 is the coefficient of the interaction term of didit (i.e., Treatedi×Postt) and Mit, which is the coefficient of interest. If β2 >0, the corresponding mediation factor is estimated to promote the effect of the implementation of the 12th FYP on electricity efficiency, while it is estimated to alleviate the effect of that if it is negative.
Table 8 demonstrates the estimation results of the mediation effect model. Column (1) provides the estimates of industrial structure as the mediation factor without control variables, while column (2) provides that with control variables. The coefficient of the interaction term, IS×did, is estimated to be negative at the significance level of 1%, which means that cities with a higher proportion of secondary industries. The promotion effect of the implementation of the 12th FYP on the capacity per unit of electricity consumption is weakening. That is to say, listed companies in the secondary industry tend to have lower productivity per unit of electricity used, while those listed in the tertiary industry are relatively more efficient and economical in electricity consumption. Under the influence of the 12th FYP, cities with more listed companies (treatment group) can change the industrial structure by promoting the development of listed companies in the tertiary industry, thus achieving electricity consumption savings.
TABLE 8 | Results of the mediation effect model.
[image: Table 8]From another aspect, columns (3) and (4) in Table 8 provide the estimates of technological innovation as the mediation factor. Here, the coefficient of PATENT is significantly positive at the 1% level; thus, the effectiveness of technological innovation is verified generally. However, the ineffectiveness of technological innovation is verified in those treatment cities since the coefficient of the interaction term, PATENT×did, is estimated to be significantly negative. That is to say, technological innovation has dragged down their electricity efficiency rather than boosting the capacity per unit of electricity used in the treatment group of cities. It can be inferred that technological innovation is not the best option for energy savings in cities with more listed companies.
Further more, the results did not show a significant change after introducing IS and PATENT in the model simultaneously, as shown in columns (5) and (6).
5 CONCLUSION AND POLICY IMPLICATIONS
This paper assesses the effect of implementing the 12th FYP on China’s electricity efficiency by DID model, based on the city-level data of China from 2003 to 2016. In particular, 2010 is treated as the policy year. The top 50 cities in terms of the number of listed companies are treated as the treatment group. As a result, the improvement of electricity in the treatment group after the policy year is verified, and different robustness tests support the results. Moreover, the mediation effect model shows the mechanism of this impact, that cities with more listed companies can change the industrial structure by promoting the development of listed companies in the tertiary industry, thus achieving electricity consumption savings. At the same time, technological innovation is not the best option for energy savings in cities with more listed companies.
Several policy recommendations could be made based on the research’s empirical results. First, additional energy-saving and emission reduction policies and evaluation standards according to the specific conditions of different cities should be considered. As research results show, cities with higher economic activities will affect more effectively by carbon reduction policies for their electricity efficiency. Also, these cities should take more responsibility for carbon reduction. Hence, higher economic-related cities should be more concerned with policies when future carbon reduction is made.
Second, the improvement of industrial structure is proved to have been more widely applied in the cities with more listed companies, thus how to efficiently transform industries and encourage the development of the tertiary sector while reducing the energy consumption and carbon emissions of the secondary sector, is the next step that deserves attention.
Third, new policy support should consider that green technology innovation is ineffective in improving electricity efficiency. Technological innovation should be the fundamental means of driving electricity efficiency. Therefore, the government should consider more direct technological innovation support policies to promote the practical application of green technological innovation in the energy systems of China’s economically active cities in order to ensure the continued optimization of electricity efficiency in these cities and to contribute to the achievement of green and sustainable economic development.
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1FYP is a national governmental program of planned, coordinated, and cumulative economic and social development over a period of 5 years. In China, 11th FYP refer to the period of 2006–2010.
2Data Source: The Central People’s Government of the People’s Republic of China (URL: http://www.gov.cn/zwgk/2011-09/07/content_1941731.htm).
3Data Source: Climate Change and Sustainable Development Research Institute of Tsinghua University (URL: http://iccsd.tsinghua.edu.cn/).
4Data source: Carbon Brief, IRENA, Climate Change and Sustainable Development Research Institute of Tsinghua University (URL: http://iccsd.tsinghua.edu.cn/).
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Liaoning
Shandong
Zhefiang
Guangdong
Guizhou
Jiangxi
Gansu
Sharxi
Hebei
Tibet
Fujian
Anhui

Number of Listed Companies

375
322
322
154
134
14
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9
88
86
69
63
61
59
55
55
52
52
a7
45
42
4
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40
39
35
34
32
32
31
30
30
29
28
26
2
25
25
24
23
23
23
21
20
20
20
18
17
17
16
16
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