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Abstract

:

As one of the environmental governance tools used to achieve green and low-carbon development in China, the ability of carbon emission trading schemes (CETS) to promote the green transition of enterprises is key to assessing the effectiveness of their implementation. Therefore, this paper used the panel data of China A-share listed heavy-polluting enterprises from 2010 to 2019, adopted the super-SBM model and GML index to measure the green total factor productivity (GTFP) of enterprises as an indicator of green transition, and further employed a staggered difference-in-difference model (DID) based on propensity score matching (PSM) to investigate the impact and mechanism of CETS on the green transition of enterprises. The results revealed that CETS significantly improved the green development efficiency of heavy-polluting enterprises and promoted green transition. In addition, the promotion was more pronounced among enterprises with weak cost transfer abilities, low levels of financing constraints, and high-quality internal control systems as well as in areas with high environmental enforcement intensity. More importantly, the mechanism analysis showed that heavy-polluting enterprises mainly chose to increase green technological innovation, especially substantive green technological innovation, and accelerated productive capital renewal to achieve their green transition targets. This study provides empirical evidence for improving the construction of the national carbon emission trading market and promoting the green transition and low-carbon development of heavy-polluting enterprises.
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1. Introduction


As the issue of global warming becomes increasingly prominent, vigorously promoting carbon emission reduction has become a daunting task for the international community. China, the top emitter of greenhouse gases [1], proposed in 2015 the target of achieving carbon peaking around 2030 and reducing carbon emissions per unit of GDP by 60–65% compared with 2005 [2]. Subsequently, General Secretary Xi Jinping announced at the 75th session of the United Nations General Assembly that China would strive to achieve carbon neutrality by 2060 [3]. In recent years, the Chinese government has been committed to exploring effective governance solutions to achieve CO2 emission reduction. Among them, carbon emission trading schemes (hereinafter referred to as CETS) are a major institutional innovation to control and reduce carbon emissions and promote green and low-carbon development by using market mechanisms. Since 2013, eight provinces and cities have started CETS one after another. Shenzhen initiated trading in June 2013; Shanghai and Beijing followed in November 2013; Guangdong and Tianjin launched trading in December 2013; and Chongqing and Hubei started in April and June 2014, respectively. Then, Fujian joined them in December 2016. The national carbon emission trading market began online trading on 16 July 2021. As of 31 December, 2162 key emission units in the power generation industry were included in the national carbon emission trading market, with a cumulative turnover of 179 million tons of carbon emission allowances and a cumulative turnover of CNY 7.661 billion, while the pilot carbon emission trading market had a cumulative turnover of 483 million tons of carbon emission allowances and a cumulative turnover of CNY 8.622 billion [4].



Meanwhile, in the context of the “double carbon” goal and green development, the green transition of enterprises is drawing more and more attention at the practical level both at home and abroad [5,6,7]. In March 2021, the 14th Five-Year Plan (2021–2025) for National Economic and Social Development of the People’s Republic of China proposed the concept of green transition several times based on the goal of “double carbon” and explicitly stated that China should vigorously develop green technological innovation and promote the green transformation of key industries and important fields. However, the high resource consumption and high pollution emissions caused by China’s traditional industrial enterprise growth model have become a huge obstacle to green transition, especially for enterprises in heavy-pollution industries [8]. How to promote the green transition of heavy-polluting enterprises has become an important issue worthy of in-depth study at present.



Throughout the available studies, a portion of the literature focuses on media monitoring, green M&A, tax incentives, and financial subsidies to study the green transition of enterprises [8,9,10,11], while another portion of the literature is based on the new institutional economics theory, exploring the impact of environmental regulation on the green transition of enterprises, including environmental technology standards [12], environmental taxes [13], mandatory CSR disclosure policies [14] and green credit policy [7,15]. However, there is a lack of in-depth exploration on the policy perspective of CETS. China’s CETS is mainly designed to place restrictions on the carbon emissions of enterprises in heavy-polluting industries. For one thing, the establishment of CETS theoretically imposes carbon emission caps on regulated enterprises, forcing them to reduce carbon emissions and improve their environmental performance [16]. For another thing, it provides effective economic incentives to induce the carbon reduction behavior of enterprises, encourages enterprises to save energy, reduce emissions, and utilize low-carbon energy when making production, operation, and investment decisions, and promotes the green transformation of enterprises [17]. In practice, however, the effect of CETS depends on a range of factors, including the stringency and rationality of the policy itself and the coping strategies of micro-enterprises. It remains to be verified whether CETS will promote the development of production patterns from highly polluting to low-carbon, thus backward forcing the green transition of enterprises. In addition, the analysis of its mechanism has important theoretical and practical significance for the country to develop a green economy and promote high-quality economic development. The purpose of this paper was as follows: (1) To determine whether CETS can exert a green transition effect on heavy-polluting enterprises. (2) In particular, if the answer is yes, analyze the mechanism of CETS to exert a green transition effect on heavy-polluting enterprises. (3) Further, to determine whether there is significant asymmetry in this positive green transition effect on heterogeneous enterprises. To solve the above problem, this paper considered CETS as a “quasi-natural experiment,” used the data of A-share listed heavy-polluting enterprises from 2010–2019, and applied a staggered DID model based on propensity score matching (PSM-DID) to investigate the impact of CETS on the green transition of heavy-polluting enterprises.



This study contributes to the existing literature as follows: (1) Regarding the research topic, this paper is one of the few studies in China that provides empirical evidence for the impact of CETS on the green transition of heavy-polluting enterprises from a micro perspective. Existing research has mainly studied the impact of CETS on regional green development and industrial green transition at the macro level, but there is a lack of empirical evidence at the micro level. In fact, micro-enterprise level research can more scientifically reveal the real impact of CETS on the green transition of the economy. (2) Regarding the research methodology, this paper regarded CETS as a quasi-natural experiment. To overcome the possible impact of sample selectivity on the empirical analysis, the propensity score matching (PSM) method was used to find a suitable “control group” for the “treatment group,” and after matching, a staggered difference-in-difference (DID) analysis was conducted to obtain more reliable estimation results as far as possible. In practice, the launch of CETS is a gradual process. Most of the existing studies simply take 2013 or 2014 as the policy point, which is both unrealistic and vulnerable to confounding factors. (3) Regarding the research perspective, in addition to analyzing the green technological innovation mechanism emphasized by Porter’s hypothesis [18], this paper also tested the capital renewal mechanism, namely, CETS urges enterprises to speed up the elimination of old equipment with high energy consumption and high pollution emissions in production processes and replace it with new production equipment that is more green and environmentally friendly, thus improving production technology and energy utilization efficiency and realizing green transformation. Green technological innovation and productive capital renewal are two common approaches to green transition for heavy-polluting enterprises. The existing research usually treats them as two independent perspectives and only studies one, ignoring the complementary relationship between them. However, in reality, the difference between the actual productivity and technology levels of enterprises means that they are both feasible choices for the green transition of heavy-polluting enterprises.



The remainder of this paper is organized as follows. Section 2 is a literature review. Section 3 introduces theoretical mechanism and hypotheses. Section 4 presents the method and data of this paper. Section 5 presents the empirical results. Section 6 provides the further discussion, including the results and discussion of the mechanism and heterogeneity analyses. This research concludes with a conclusion and policy recommendations in Section 7.




2. Literature Review


2.1. Environmental Regulations and Green Transition of Enterprises


The relationship between environmental regulations and the green transition of enterprises has been discussed to some extent in the existing literature, mainly emerging the following views: First, the “regulatory disincentive” theory argues that the implementation of strict environmental regulation policies will increase the cost of coping with the regulation [19], thus having a “crowding-out effect” on the enterprises’ productive resources and investment in technology R&D [20,21] and potentially hindering the overall green transition of enterprises through the potential loss of output and profit [22]. Second, the “regulatory incentive” theory suggests that flexible environmental regulations will backward force enterprises to pay more attention to pollution reduction and clean production by constraining their polluting behavior, thus pushing them to make green technological innovation and transformation [7,12,14,15]. Different from the above two views, some other scholars believe that the relationship between environmental regulations and the green transition of enterprises is nonlinear [23,24]. For example, He and Qi [23] used the industrial pollution source key survey enterprise database and empirically found that, overall, the impact of environmental regulation intensity on the green total factor productivity of enterprises showed an inverted “U” development trend.




2.2. Research Related to Carbon Emission Trading Schemes


The CETS literature has explored many topics. One topic is to evaluate the efficiency of the construction of CETS, such as the effectiveness of carbon prices [25,26], the controllability of transaction costs [27], and the rationality of quota allocation [28,29]. Another topic is to assess the effect of CETS on the economy, society, and the environment, such as the passive impact of CETS on carbon emissions and carbon intensity [30,31] and the effect of CETS on green economic development [32,33], industry green transition [34,35], the stock market [36], productivity [37,38], and so on. However, owing to data limitations, most of the above studies focus on the macro level.



At present, a relatively small body of literature has focused on the micro (enterprises) impacts of CETS, mainly examining the impact of the policy on enterprises’ technological innovation [39,40,41], productivity [42,43], employment [44], and economic performance [45,46,47]. The impact of CETS on the green transition of enterprises has not yet sufficiently been explored. The existing literature mainly includes studies on the micro policy effects of CETS from the perspective of enterprise transition. For instance, from an enterprise behavior perspective, Dai et al. [48] used a difference-in-difference model (DID) to examine whether carbon emission trading schemes can boost the transition of manufacturing enterprises and realize the Porter effect. Using the micro data of listed companies from Chinese stock “A” markets, Tang et al. [49] found that carbon emission trading schemes are significantly beneficial to the improvement of total factor productivity of enterprises. A part of the literature, studies also include the impact of CETS on the green development behavior of enterprises from the perspective of the green technology innovation of enterprises. For example, focusing on listed companies in 31 provinces (municipalities or autonomous regions) from 1990 to 2018, Chen et al. [50] found the CETS has significantly decreased the proportion of green patents by approximately 9.26%. Luo et al. [51] examined the impact of CETS on the behavior of enterprises, such as low-carbon management, carbon asset transactions, and energy saving and emission reduction technology, and found that CETS has a positive impact on the three types of enterprise behavior. In short, few studies have explored the micro impact of CETS from the comprehensive perspective of green transition.




2.3. Research related to the Evaluation of Green Transition


There are various evaluation methods for green transition, most of which are mainly single- or multi-factor evaluation indicators. The former mainly reflects the relationship between energy consumption and economic output, which commonly includes energy intensity, energy efficiency improvement, and pollution emission reduction. For example, Zhai and An [52] used single-factor evaluation indicators to measure green transition performance. The latter used green total factor productivity (GTFP) [53,54]. The measurement methods of GTFP mainly include parametric and non-parametric methods. The parametric analysis method is represented by stochastic frontier analysis (SFA) [55]. However, SFA models need to set up a specific form of production function and make strict assumptions [56]. The non-parametric method is represented by data envelopment analysis (DEA), which does not need to strictly assume the production function’s specific form and can simulate the productivity of multiple decision-making units using the method of linear programming [57]. DEA models for measuring GTFP mainly include slack-based measure (SBM) [58], super-SBM [59], directional distance function (DDF) [60], slack-based measure directional distance function (SBM-DDF) [61], evidence-based measure (EBM) [62], etc. Because the DEA method is analyzed from a static perspective, it is unable to analyze the dynamic efficiency changes of GTFP over time. Therefore, some scholars use the Malmquist-Luenberger index (ML) based on the DEA model to evaluate the dynamic change of GTFP [63]. However, the Malmquist-Luenberger index (ML) calculation process suffers from the potential linear programming infeasibility problem. Oh [64] further proposed the global Malmquist-Luenberger index (GML) to overcome these drawbacks. At present, scholars mostly combine the DEA model with the ML or GML indexes to measure GTFP [65].



In summary, the existing literature on environmental regulations affecting the green transformation of enterprises provides critical ideas and a theoretical basis for further research in this paper. Nevertheless, these studies often have made different conclusions due to different research objects, sample periods, and other factors. In studies evaluating the effects of carbon emission trading policies, scholars have provided more discussion from the perspectives of carbon emission, economic development, productivity, and technological innovation. However, in a comprehensive view, there is still some room for improvement in the existing studies. For instance, the overall volume of research on carbon emission trading policies at the micro level is scant and primarily focuses on enterprise technological innovation, productivity, and business performance and has not yet sufficiently paid attention to the impact of policies on the green transformation of enterprises. In fact, this effect is crucial to the achievement of China’s “dual carbon” strategy goal, the overall green transformation of the economy and society, and sustainable development. Therefore, a systematic assessment of the effect of carbon emission trading policies on enterprises’ green transformation constitutes the starting point of this study.





3. Theoretical Mechanism and Hypotheses


3.1. CETS and Green Transition of Heavy-Polluting Enterprises


The green transition of an enterprise essentially requires a complete green revolution of its production. This process needs significant reinvestment and technological R&D in management concepts, institutional frameworks, production processes, and product design. The high level of investment and uncertainty of returns leads to a lack of sufficient incentives for managers to conduct the transition.



Nevertheless, after the implementation of CETS, the incentive for the green transition of a heavy-polluting enterprise may be higher under the external pressure of stakeholders, the internal cost pressure of the enterprise, and incentive factors. Regarding the external pressure, organizational legitimacy theory suggests that the behavior of an enterprise should conform to the judgmental assumptions of social rules and basic values; otherwise, it will be difficult for the enterprise to survive [66]. Green and low-carbon development is the “principal melody” of today’s economic and social development, as well as the realistic demand of external stakeholders for heavy-polluting enterprises. In practice, external stakeholders, such as suppliers, customers, creditors, and the public, assess the rationality and legality of the enterprises’ environmental actions and then carefully decide whether to continue to invest and provide them raw materials or loans [67]. Thus, under the restrictions of CETS, heavy-polluting enterprises will actively engage in green transition to gain the recognition and resources of all stakeholders. Regarding the internal cost pressure, CETS, as an external shock, will directly increase the cost of an enterprise’s pollution discharge. This cost increase will prompt managers to seriously reflect on the shortcomings of the enterprise’s green development [68], effectively compensate for the inherent deficiencies of their enterprise governance mechanisms [69], incorporate carbon emission into their production decision elements, conduct proactive environmental management strategies, and thus carry out green production. Regarding the incentive factors, heavy-polluting enterprises not only alleviate the environmental cost pressure through green transition but also provide products and services to the market that are more in line with green requirements than their competitors, thus improving their corporate reputation image, enhancing their long-term value, and gaining a sustainable green competitive advantage [70]. Given this, CETS will promote heavy-polluting enterprises to actively carry out green transition. Synthesizing the above analysis, Hypothesis 1 was proposed.



Hypothesis 1.

The conduct of the CETS will promote the green transition of heavy-polluting enterprises.






3.2. Analysis of the Impact Mechanism of CETS to Promote the Green Transition of Heavy-Polluting Enterprises


Creative destruction theory holds that the innovation compensation obtained through technological innovation is one of the most critical factors by which enterprises gain new competitive advantages and make a smooth transition [71]. However, due to the risk characteristics of technological innovation, such as high capital input, long profit cycle, and income uncertainty, the key to whether an enterprise conducts technological innovation activities depends on the degree of incentives it obtains [72].



Under the institutional arrangement of CETS, the uncertainty of enterprise technological innovation decreases [73] while the potential benefits increase, especially green technological innovation with energy conservation and emission reduction effects. This is mainly reflected in the following aspects: First, green production technological innovation can promote the efficient recycling of resources, reduce pollution emissions, and establish cost-saving advantages [74]. Second, green technological innovation is the fundamental way to reduce carbon emissions [75]. When an enterprise reduces its carbon emissions through green technology innovation and its actual carbon emissions are less than the carbon quota issued by the government, the remaining quota can obtain emission reduction benefits through carbon market transactions, which means that the emission reduction or even zero emissions achieved through green technological innovation can become an “asset” for enterprise development. Third, using green production technologies, enterprises can create new consumer demand, capture market share, and improve business performance. Thus, after the implementation of CETS, the enhanced potential benefits of green technological innovation will motivate enterprises to strengthen green technology R&D and promote green transition. Many scholars have provided evidence that CETS promotes green technological innovation in enterprises [41,42].



In fact, in addition to green technological innovation, another essential path for technological progress and productivity improvement of industrial enterprises is productive capital renewal, i.e., by renewing production equipment and thus absorbing advanced production technologies [76], which should likewise be a feasible option for the green transition of enterprises under CETS [77], especially for those with low productivity and a weak technological base [78]. Kerr and Newell [79] analyzed the data of American oil refineries from 1971 to 1995 and found that environmental regulatory policies affected the environmental performance of enterprises more by increasing the adoption of existing clean technologies than by encouraging technology R&D. Zhang and Lv [80] and Wan et al. [12] discovered similar evidence based on the cleaner production standards policy and environmental technology standards policy, respectively. Under CETS, enterprises will carry out more green technological innovation activities, but at the same time, it is very likely that they will directly rely on production equipment renewal, namely, speeding up the elimination of old production equipment with high energy consumption and high carbon emissions and replacing it with new production equipment that is more low-carbon and green, thus improving production technology, enhancing energy efficiency, optimizing energy consumption structure, increasing productivity, and thus achieving green transition. Accordingly, Hypothesis 2 was proposed:



Hypothesis 2.

CETS can promote the green transition of heavy-polluting enterprises through two paths: green technological innovation and productive capital renewal.





According to the above theoretical analysis, under carbon emission trading schemes and driven by multiple factors, such as external pressure from stakeholders, internal cost pressure, and internal incentives, enterprises incorporate green and sustainable business plans into production decision-making and actively encourage managers to carry out green innovation activities and productive capital renewal activities so as to achieve a “win-win” between environmental protection and enterprise competitiveness improvement, thereby realizing green transition. Figure 1 shows the theoretical mechanism of CETS affecting the green transition of enterprises.




3.3. Heterogeneity Analysis of CETS Promoting the Green Transformation of Heavy-Polluting Enterprises


First, according to the analysis of Hypothesis 1 in Section 3.1, the cost pressure of pollution control is an important reason why CETS forces the green transition of heavy-polluting enterprises. However, it has been shown that under the cost constraint of environmental regulations, enterprises generally have a high incentive to pass on costs [81]. Cost transfer will lower the environmental cost pressure under CETS, which in turn could affect the green transition of enterprises. The intensity of cost transfer depends to a large extent on the cost transfer ability of the enterprise. Thus, the cost transfer ability is critical in enterprise decisions about passing on the cost or conducting green transition. For example, when an enterprise has a relatively strong cost transfer ability, as evidenced by higher bargaining power with customers or greater competitiveness in the product market, it can transfer the regulatory cost to downstream customers or consumers at a lower cost, thus relieving the pressure of environmental compliance and decreasing the impetus for green transition. In contrast, when the cost transfer ability of an enterprise is relatively weak, the significant potential loss of passing on the environmental costs makes it challenging for the enterprise to do so efficiently. At this time, the incentive for an enterprise to fundamentally circumvent regulatory costs through green transition increases under the effect of higher regulatory costs. Accordingly, Hypothesis 3a was proposed.



Hypothesis 3a.

The promotion effect of CETS on the green transition of heavy-polluting enterprises is relatively greater among enterprises with weak cost transfer abilities.





Second, based on the analysis of Hypothesis 2 in Section 3.2, heavy-polluting enterprises can achieve green transition through two approaches: green technological innovation and productive capital renewal, both of which require a large amount of enterprise funds. External financing, as a vital source of capital for enterprises, can provide a guarantee for the smooth realization of their green transition. However, there are obvious differences in access to external financing for enterprises with different levels of financing constraints and their responses to CETS may be different. When the level of financing constraints in an enterprise is high, the enterprise’s external financing needs for green technology R&D, clean production equipment replacement, etc., cannot be met and the higher transition cost and operational risk will make the enterprise less motivated to promote green transition. Conversely, the cost and risk of green transition can be shared by external financing when an enterprise has a low level of financing constraints, lessening the cash flow pressure faced in the process of green transition. At this moment, a heavy-polluting enterprise will proactively leverage external funds to support its development in a green and low-carbon direction and then fundamentally comply with environmental regulatory requirements. Accordingly, Hypothesis 3b was proposed.



Hypothesis 3b.

The promotion effect of CETS on the green transition of heavy-polluting enterprises is relatively greater among enterprises with low levels of financing constraints.





Third, the smooth achievement of the green transition of enterprises demands a deep adjustment of the development strategy toward green development, and the internal control system is a crucial institutional resource for strategic management. A high-quality internal control system can assist in the strategic orientation of the dominant logic of the enterprise to converge with the national logic. Hence, the promotion effect of CETS on the green transition of heavy-polluting enterprises may vary depending on the quality of the internal control system. For enterprises with high-quality internal control systems, their business strategies are often formulated in a scientific process to avoid making arbitrary decisions [82]. Moreover, when confronted with the constraints of CETS, enterprise managers will make decisions on green transition based on the height of the enterprises’ future development, control the risks in the green transition process, and supervise the implementation of green transition strategies in order to respond to the “double carbon” goal and green development concept. Regarding enterprises with poor-quality internal control systems, the decisions made by managers are most likely to be the result of short-sighted behavior in response to CETS rather than prudent consideration, making it difficult to effectively convey the message of green transition. Therefore, Hypothesis 3c was proposed.



Hypothesis 3c.

The promotion effect of CETS on the green transition of heavy-polluting enterprises is relatively greater among enterprises with high-quality internal control systems.





Fourth, stringent environmental legislations and environmental law enforcement are needed for the effective implementation of CETS. This is mainly because the target objects of CETS are mostly enterprises in heavy-pollution industries such as power generation, petrochemicals, and chemicals, which have been the pillar enterprises of local economic development for a long period and have significant negotiating power in the emission game with local environmental protection departments. To maintain high economic growth, local officials may allow polluters to secretly discharge pollution, thus affecting the effectiveness of CETS. Generally speaking, the higher the regional environmental enforcement intensity, the more rule implementation, related standards, and corresponding regulatory systems are compatible with the operation of CETS. At this time, the cost of non-compliance is high, and the pressure effect brought by CETS will be more prominent, with a stronger promotion effect on the green transition of heavy-polluting enterprises. Thus, Hypothesis 3d was proposed:



Hypothesis 3d.

The promotion effect of carbon emission trading policies on the green transition of heavy-polluting enterprises is relatively greater among enterprises in regions with high environmental enforcement intensity.







4. Methodology


4.1. Data Source and Processing


Based on the “List of Listed Companies in Environmental Protection Verification Industry Classification Management” established by the Ministry of Environmental Protection in 2008, this paper selected companies belonging to heavy-polluting industries among A-share listed companies in Shanghai and Shenzhen and used 2010–2019 as the study interval. To ensure the quality of the sample data, the following pre-processing was conducted: (1) Exclude the sample of enterprises listed after 2010 and the sample of ST, ST*, and delisted enterprises during the period 2010–2019. (2) Exclude the sample of enterprises with missing information on key indicators. (3) Use balanced panel data for regression analysis, where missing values are filled in by multiple interpolations. Moreover, winsorization was performed on 1% and 99% percentile of continuous variables to eliminate outlier interference. After the above data processing, a total of 374 heavy-polluting enterprises were finally screened. The data were drawn from the China Stock Market & Accounting Research Database (CSMAR Database), RESET Database, Chinese Research Data Services Platform (CNRDS), China Statistical Yearbook of Industrial Economy, China Statistical Yearbook of Cities, China Statistical Yearbook of Prices, and regional statistical bulletins.




4.2. Research Model


The study aimed to test whether CETS can promote the green transition of heavy-polluting enterprises, and the effective method in the literature for evaluating the effect of policy implementation was the difference-in-difference model (DID). The DID model divides the research object into the treatment group (the area where the policy is implemented) and the control group (the area where the policy is not implemented), and uses double differences between the cross-section and time series generated by exogenous public policy to judge the policy effect [83]. The model’s main advantages are that it not only effectively eliminates the interference of other factors on dependent variables, but estimation bias caused by missing variables can be fixed in the model [84]. The DID model has been widely used for the evaluation of policies in recent years [85]. Considering that CETS is launched in batches, this paper employed a staggered difference-in-difference model (DID) and divided the entire sample data into two groups. One group included enterprises located in CETS pilot regions (denoted as the treatment group) and the other group included enterprises never located in the CETS pilot regions (denoted as the control group). A critical prerequisite for employing the DID model is that the treatment and control groups must satisfy the parallel trend assumption [86], i.e., there is no systematic difference in the trends of the examined variables between the treatment and control groups prior to the implementation of the policy. In practice, however, the heterogeneity among enterprises was so great that the assumption was extremely difficult to satisfy. The propensity score matching (PSM) method developed by Rosenbaum and Rubin [87] was used to address the above problem.



The PSM model matches the treatment and control groups according to the propensity score of the multidimensional matching index, which makes the enterprises in the treatment groups match those in the control groups as much as possible before the policy was implemented. Thus solving the problem caused by the fact that the treatment and control groups in the DID model did not fully possess the common trend hypothesis before being affected by the policy. The PSM model cannot avoid the endogenous problem caused by the omission of variables, which can be solved by the DID model, thereby obtaining the “policy treatment effect.” Therefore, this paper selected the method of combining PSM and DID to estimate the green transformation effect of CETS more accurately.



4.2.1. Propensity Score Matching (PSM)


The core idea of propensity score matching (PSM) is that, according to the conditional independence assumption, the probability of enterprises entering pilot projects must be similar in the treatment and control groups and be comparable. Therefore, for the enterprises in the treatment group, it is necessary to find the enterprises belonging to the control group in order to make the observable characteristic variables of the two groups match as much as possible. The specific operations are as follows: First, select the characteristic variables affecting the enterprises entering carbon emission trading pilot projects, and construct a logit model to calculate the propensity score (P score) for each enterprise with the following formula:


    P   i     X   = P     D   i   = 1   X =   X   i      



(1)




where     X   i     is the characteristic variable affecting the entry of enterprises into the carbon emission trading pilot projects, and     D   i     is the treatment group dummy variable. Second, based on the propensity score (P score), select the specific matching principle. Then, for each enterprise in the treatment group, find enterprises closest to their P score from the control group as the new control group.




4.2.2. A Staggered Difference-in-Difference Model


After adopting the PSM method to match the control and treatment groups in order to make the data selection more random and meet the parallel trend assumption, this paper employed a staggered difference-in-difference model to estimate the effects of CETS. The corresponding constructed model is shown as follows:


    G T   i t   =   β   0   +   β   1     C a r b o n _ p o l i c y   i t   + γ   X   i   +   α   i   +   α   t   +   ε   i t    



(2)







In Equation (2), the explanatory variable     G T   i t     refers to the level of the green transition of the heavy-polluting enterprise i at year t.     α   i     and     α   t     are the enterprise’s fixed effects and year fixed effects, respectively.     X   i     is a set of control variables.     ε   i t     is a stochastic error term. The variable of interest is     C a r b o n _ p o l i c y   i t    , a dummy variable that is equal to one in the years after the district in which the heavy-polluting enterprise i is located launched CETS, and zero otherwise. The coefficient,     β   1    , therefore indicates the effect of CETS on the green transition of the heavy-polluting enterprise. A positive and significant     β   1     means that CETS exerted a positive effect on the green transition of the heavy-polluting enterprise, while a negative and significant     β   1     means that CETS inhibited the green transition of the enterprise.



To verify the influencing mechanism of CETS on the green transition of heavy-polluting enterprises, the following model was set:


    Y   i t   =   β   0   +   β   1     C a r b o n _ p o l i c y   i t   + γ   X   i   +   α   i   +   α   t   +   ε   i t    



(3)







The explanatory variable     Y   i t     in Equation (3) is a mechanism variable, and the meanings of the other variables are the same as in Equation (2). Based on the analysis of the theoretical mechanisms in the previous section, this paper intended to test the following two influencing mechanisms: green technological innovation and productive capital renewal.





4.3. Variable and Definition


4.3.1. Green Transition of Enterprises (GT)


The green transition of enterprises requires a change in production methods to achieve the coordinated development of economic and ecological benefits, a significant manifestation of which is the improvement of green total factor productivity (GTFP) [88]. Therefore, this paper used GTFP to measure the green transition of enterprises. Data envelopment analysis (DEA) is a common efficiency evaluation method that is widely used in measuring GTFP because of its many advantages, such as not needing to set any weights or needing to set the specific form of the production function in advance. However, the traditional DEA model could not eliminate the relaxation problem caused by the component; thus, biases could exist in the efficiency evaluation. The slack-based measure (SBM) model tries to solve the defects of the traditional DEA model by introducing relaxed input and output variables directly into the production function [89], but the multiple effective units in the calculation process prevents further comparing and ranking the performance of these effective units. Given this, the super-SBM model developed by Tone solves the sorting and difference comparison problems among effective units [90]. The super-SBM model can only measure GTFP in a single period, while economic development is a long-term dynamic process. It is unrealistic to analyze GTFP changes at a single point in time for a specific DMU. To solve the time continuity problem, some scholars use the Malmquist-Leuenberger index (ML) based on the SBM model to evaluate the dynamic changes in GTFP [63]. The SBM model and ML index have been widely used to measure GTFP. However, the Malmquist-Luenberger index (ML) calculation process suffers from the potential linear programming infeasibility problem. Oh [64] further proposed the global Malmquist-Luenberger index (GML) to overcome these drawbacks. Therefore, this paper used the super-SBM and GML index methods to calculate the GTFP of enterprises. Moreover, the measured GML index can only reflect the growth rate of GTFP but not the GTFP itself. Therefore, this study assumed that the GTFP in 2010 was equal to one. The factor is multiplied by the GML index in each period to derive the GTFP of a given enterprise from 2010 to 2019. The introduction of the super-SBM model and global Malmquist-Luenberger index (GML) are shown in Appendix A. The calculation of GTFP mainly considers the following input and output indicators: (1) Labor, capital, and energy inputs. Capital inputs are calculated using the perpetual inventory method with the following formula:     K   t   =   K   t − 1   ( 1 −   δ   t   ) +     I   t       P   t      , where     K   t     and     K   t − 1     denote the capital stock in periods t and t − 1, respectively;     δ   t     is the depreciation rate, which is taken as 5% [91];     I   t     is the investment in fixed assets in period t; and     P   t     is the investment price index in period t in the province where the firm is located (with 2010 as the base period). Labor input is denoted by the number of employees in the enterprise. Energy input is expressed by the industrial electricity consumption of the enterprise. Since these data were missing, this paper referred to the method described by Wu et al. [92] using the data of the city where the enterprises are located. (2) Expected output is represented by the total industrial output value of the enterprise and deflated by the Producer Price Index for Industrial Products with two-digit industry codes. (3) Unexpected output is denoted by the SO2 emissions, wastewater emissions, and dust emissions from the enterprise. Due to the unavailability of enterprise-level pollution data, referring to existing literature [92], this paper used the municipal-level pollution data to measure the pollution emissions of enterprises.




4.3.2. Carbon Emission Trading Schemes (CETS)


The carbon emission trading schemes were set as a dummy variable (Carbon_policy) in the model, which was equal to one in the years after the district in which heavy-polluting enterprises are located carried out carbon emission trading schemes, and zero otherwise.




4.3.3. Mechanism Variables


	(1)

	
Green technological innovation. Referring to the definition and classification of green technological innovation by existing scholars [93], the number of green patent applications was applied to measure green technological innovation (Patent_gre), which was the sum of the number of green invention patent applications and green utility model patent applications. In addition, the numbers of green invention patent applications and green utility model patent applications were used to measure the substantial green technological innovation (Green_inv) and strategic green technological innovation (Green_uti) in this paper, respectively.




	(2)

	
Productive capital renewal. Drawing on the existing literature [12,80], this paper selected the fixed asset investment (Inv), depreciation (Depre), and depreciation rate (Depre_rate) to measure and reflect the productive capital renewal of enterprises.








4.3.4. Control Variables


Referring to the existing literature on the green transition of enterprises, this paper set control variables at the enterprise and city levels: (1) Enterprise-level control variables included the enterprise’s size (size), asset-liability ratio (lev), return on total assets (roa), independent director ratio (indep), board size (board), revenue growth rate (growth), book to market ratio (bm), age of listing (listage), Tobin’s Q (tobinq), and operating cash flow (cashflow). (2) City-level control variables included regional GDP (lngdp) and industrial structure (industry). The definition and descriptive statistics of the main variables in this paper are shown in Table 1 and Table 2, respectively.






5. Empirical Results


5.1. Propensity Score Matching


Carbon emission trading policy pilot projects were conducted in batches in 2013, 2014, and 2016. Thus, drawing on practices such as those of Blundell and Dias [94], this paper adopted a year-by-year matching method to match the multi-period treatment group with the control group. To avoid the influence of policy effects on the matching results, this paper set the matching time to the year before the launch of CETS, i.e., 2012, 2013, and 2015, and determined the total control group based on the principle of intersection, namely, the intersection of the control groups matched multiple times was the matched control group sample. This paper used the radius matching method for matching. The following variables were selected to calculate the probability of the heavy-polluting enterprises entering carbon emission trading pilot projects: enterprise size (size), asset-liability ratio (lev), return on total assets (roa), independent director ratio (indep), board size (board), revenue growth rate (growth), book to market ratio (bm), age of listing (listage), Tobin’s Q (tobinq), and operating cash flow (cashflow). Then, we matched each treatment group with the control group by propensity score within a given tolerance (radius).



To ensure the effectiveness of the matching results, a balance hypothesis test was conducted in this paper. Table 3 presents the details of the matching variables before and after the PSM. The main text only shows the matching results in 2013; the matching results in 2014 and 2016 can be seen in Appendix A. Compared with the data before matching, the absolute value of the standardized deviation of all the characteristic variables of the treatment and control groups dropped to 20%, complying with the criterion that “the absolute value of the standard deviation is less than 20% indicating good matching effect” [87]. Moreover, none of the t-values were significant at the 10% level. The above analysis suggested that there was no longer a significant difference between the treatment and control groups on the main characteristic variables after matching, indicating that the matching results were reliable. Finally, 92 heavy-polluting enterprises in the treatment group and 209 heavy-polluting enterprises in the control group were obtained according to the principle of intersection in the year-by-year matching method.




5.2. Benchmark Regression Results


To analyze the impact of CETS on the green transition of heavy-polluting enterprises, this paper employed a two-way fixed effect model to perform a Benchmark regression test on Equation (2). The DID regression results after PSM are shown in Table 4.



Column (1) only tested the influence of the core explanatory variable (Carbon_policy), while columns (2) and (3) sequentially added control variables at the enterprise and city levels on this basis. From the results of columns (1)–(3), it can be seen that the coefficients of Carbon_policy were significantly positive and all passed the 1% significance test. Thus, the coefficient estimates of the benchmark model revealed that the launch of CETS had a significant and positive impact on the green total factor productivity improvement of heavy-polluting enterprises in policy pilot areas relative to heavy-polluting enterprises in non-policy pilot areas, confirming that CETS contributes significantly to the green transition of heavy-polluting enterprises. Hypothesis 1 was verified.



Regarding the control variables, enterprise size (size), return on total assets (roa), and revenue growth rate (growth) were significantly and positively associated with the green transition of heavy-polluting enterprises in columns (2) and (3). These results indicated that the higher the profitability, market share, and larger overall size of the enterprise, the higher the level of green transition of heavy-polluting enterprises. This may be because large enterprises have more resource advantages, greater market share, and more robust profitability than small enterprises, which all benefit the green transition of enterprises. The coefficient of regional GDP was significantly positive in column (3), showing that the higher the level of local economic development, the more successful the green transition of enterprises. This is principally because regions with a high level of economic development can provide financial and technological support for the green transition of enterprises. On the contrary, board size (board) and age of listing (listage) were significantly and negatively related to the green transition of enterprises in columns (2) and (3). These results demonstrated that the level of green transition was lower in enterprises with higher ages and larger board sizes. This may be because older enterprises have relatively cured internal management and do not pay enough attention to green development. In addition, excessive board size has a direct impact on management and decision-making and thus influences the green transition of enterprises.



To ensure the reliability of the benchmark regression results, various robustness tests were conducted in the paper, as shown below.




5.3. Robustness Test


	
Change the matching method of PSM






The above empirical results were obtained using the radius matching method. In the robustness test, this study continued to use the kernel matching method to rematch the treatment and control groups, and then regression analysis on Equation (2) was performed based on the rematched samples. The results are shown in Table 5. Column (1) shows that the coefficient of Carbon_policy was 0.1537, which was significant at the 1% level. As a result, in comparison with the previously obtained results, the coefficient and significance of Carbon_policy did not change substantially. The conclusion that CETS had a significantly positive effect on the green transition of heavy-polluting enterprises still held.



	2.

	
Use one-period lagged control variables







Considering the possible reverse influence between the selected variables and the selected carbon emission trading pilot regions, in order to reduce the potential endogeneity problem, all control variables were lagged by one period and then incorporated into Equation (2) for re-regression. The results are listed in column (2) of Table 5. It can be observed that the coefficient and significance of Carbon_policy were generally consistent with the results of the benchmark regression. However, this estimated coefficient was slightly higher due to the control variables lagging by one period and the degree of control becoming weaker. The robustness of the findings was again verified.



	3.

	
Counterfactual analysis







This paper conducted a counterfactual test by artificially setting a policy time point. Specifically, this was performed by making each batch of policy implementation one period and two periods in advance, respectively, thus constructing two “pseudo-Carbon_policy” variables (Carbon_policy-1, Carbon_policy-2). The Carbon_policy presented in Table 2 was replaced by two “pseudo-Carbon_policy” variables. At this point, if the coefficients of the two “pseudo-Carbon_policy” variables were not significant, this would indicate that the green transition of heavy-polluting enterprises was caused by CETS rather than other factors. Conversely, the conclusion would not be robust. According to columns (1) and (2) in Table 6, the coefficients of the two “pseudo-Carbon_policy” variables were no longer significant. In summary, the benchmark regression results were reliable.



	4.

	
Eliminate interference from other environmental policies







In addition to CETS, other environmental regulation policies were conducted in the same period that may have interfered with the benchmark regression results. Hence, this study gathered environmental policies carried out during the period of CETS implementation and conducted the corresponding sample processing: (1) To exclude the interference of new environmental protection laws implemented since 1 January 2015, only the years 2010–2014 were selected as the study period in this section, and the results are shown in column (1) of Table 7. The coefficient of Carbon_policy in column (1) remained significantly positive, in line with the results in Table 2. (2) In July 2014, the Ministry of Water Resources promulgated the Notice on the Piloting of Water Rights, which designated seven provinces (Guangdong, Inner Mongolia, Jiangxi, Hubei, Henan, Gansu, and Ningxia) as pilot provinces for water rights trading, which may have had similar effects as CETS. Consequently, the sample data of the seven provinces were excluded to re-estimate Equation (2). The results are presented in column (2) of Table 7 and were generally consistent with the benchmark regression results. (3) The low-carbon city pilot policies implemented in batches in 2010, 2012, and 2017 may also have affected the reliability of the regression results, so the effect of this policy needed to be eliminated. Since there were too many low-carbon pilot cities involved, removing this part of the sample would have too much impact on the regression results. Therefore, we generated another three new interaction terms by multiplying the year dummy variables of 2010, 2012, and 2017 and the policy dummy (Treat) and adding them to Equation (2). Heavy-polluting enterprises located in pilot areas of CETS were the treatment group denoted by Treat = 1, while heavy-polluting enterprises located in non-pilot areas were the control group denoted by Treat = 0. As seen from column (3) of Table 7, the results were not substantially changed compared to the benchmark regression results. (4) The CETS pilot areas involved four major cities directly under the jurisdiction of the central government, Beijing, Tianjin, Shanghai, and Chongqing, which are often the pioneer areas for important policies, and the state often applies preferential policies to their education, science and technology, capital, transportation, foreign trade, and foreign investment. Therefore, the four city samples were excluded to further eliminate the interference of several other unconsidered policies in these four cities. Unsurprisingly, the coefficient in column (3) of Table 7 was comparable to the benchmark regression results in Table 4.



	5.

	
Considering the heterogeneous treatment effects of staggered DID







De Chaisemartin and D’Haultfoeuille [95] found that when a staggered DID model was used to evaluate the policy effect, a significant estimation bias may exist because of “heterogeneous treatment effects.” Therefore, De Chaisemartin and D’Haultfoeuille [95] suggested that the “twowayfeweights” command in Stata software should be employed to perform robustness tests for possible “heterogeneity treatment effects” of the model. An obtained heterogeneity treatment robustness indicator closer to one indicates a more robust result for the model heterogeneity test; conversely, a less robust result is indicated. Based on the above method, this paper applied the “twowayfeweights” command to re-test the regression results, and the results showed that the heterogeneity treatment robustness indicator was about 0.7195, suggesting to some extent that the heterogeneity treatment effect did not have a substantial impact on the regression results. This result once again proved the robustness of the benchmark regression results.





6. Further Discussion


6.1. Mechanism Analysis


The above analysis showed that the implementation of CETS effectively promoted the green transition of heavy-polluting enterprises. Then, through what channels do the policies exert influence on the green transition of enterprises? This necessitated an in-depth exploration of the inherent influence mechanisms between the two. As analyzed above, CETS likely promoted the green transition of enterprises by inducing green technological innovation and accelerating productive capital renewal. Accordingly, this paper adopted a two-way fixed effect model to perform a mechanism test on Equation (3).



6.1.1. Green Technological Innovation


Regarding the effect of green technological innovation, columns (1)–(3) of Table 8 report the regression results with the numbers of green patent applications (Pantent_gre), green invention patent applications (Green_inv), and green utility model patent applications (Green_uti) as dependent variables, respectively. As can be seen from column (1), the implementation of CETS did not promote a significant increase in the number of green patent applications. When further distinguishing green patent categories, the coefficient of Carbon_policy was 0.0688 in column (2), which was significant at the 5% level, and was positive but not significant in column (3). Namely, CETS played a significant positive role in promoting substantive green technological innovation in heavy-polluting enterprises, but the induced effect on green technological innovation at the overall level as well as strategic green technological innovation was not significant. The above results demonstrated that substantial green technological innovation was the primary approach for the green transition of heavy-polluting enterprises under CETS. The possible reason is that green invention patents are high-level technological innovation projects with high technical content and long-term effect of energy saving and emission reduction and they are difficult to be developed, whereas green utility model patents have low technical content and less difficulty to be developed., i.e., they are low-level innovation projects catering to government policies. After the implementation of CETS, it is only through CO2 emission reduction that enterprises can obtain economic benefits by selling carbon quotas in the carbon emission trading market. Otherwise, enterprises will bear additional economic costs due to excessive CO2 emissions, which provides an internal incentive and motivation for enterprises to focus on high-quality green invention patents. Only substantial green technological innovation can meet the requirements of environmental regulation and financial performance gain of enterprises. Although green utility model patents may meet the requirements of government environmental supervision, it is difficult for enterprises to obtain more economic benefits in carbon emission trading. Therefore, under the constraint of CETS, heavy-polluting enterprises will focus on high-quality green invention patents (substantive green technological innovation) instead of green utility model patents (strategic green technological innovation).



Consequently, without distinguishing the categories of green technological innovation, the induced effect of CETS on green technological innovation is mainly reflected at the substantive green technological innovation level and more limited at the overall level. By now, the impact mechanism of green technological innovation was verified.




6.1.2. Productive Capital Renewal


Regarding the effect of productive capital renewal, columns (1)–(3) of Table 9 present the regression results with fixed asset investment (Inv), depreciation (Depre), and depreciation rate (Depre_rate) as dependent variables, respectively. As shown in column (1), the increase in fixed asset investment (Inv) in heavy-polluting enterprises was raised by 15.63% after the implementation of CETS. From column (2), it is not difficult to observe that the launch of CETS increased the current-year depreciation (Depre) of enterprises by 4.39%. When the depreciation rate (Depre_rate) was employed as a proxy indicator for capital renewal, the results in column (3) indicated that the depreciation rate of heavy-polluting enterprises accelerated by 0.1890 percentage points after the implementation of CETS. This finding further supported the results of the theoretical analysis that under the constraints of CETS, heavy-polluting enterprises accelerate their capital renewal and invest in the use of more advanced and environmentally friendly new equipment in production processes to achieve green transition. Hypothesis 2 was proven.





6.2. Heterogeneity Analysis


Based on the identification of the average effect of CETS on the green transition of heavy-polluting enterprises, this paper further examined the differences in the effects of CETS on heterogeneous enterprises from two aspects: the internal and external characteristics of the enterprises.



6.2.1. Heterogeneity Effect of Different Cost Transfer Abilities


To test Hypothesis 3a, this paper characterized the cost transfer ability of enterprises from the following two dimensions: (1) The degree of competition in the product market (PMCD) measured by the Herfindahl-Hirschman Index (HHI). When the HHI of the heavy-polluting enterprise is greater than the annual median, the PMCD is equal to one, indicating that the degree of competition in the product market of the industry to which the enterprise belongs is relatively low and that there are relatively few similar substitutes in the market. In this case, enterprises can pass on environmental costs in the form of price mark-up at a small cost, indicating a stronger cost transfer ability. On the contrary, when the PMCD is equal to zero, the cost transfer ability of the enterprise is weaker. (2) The bargaining power of the enterprise over its customers (BP) measured by customer concentration, which is calculated by the ratio of the top five customers (Top_5). If the Top_5 of the enterprise is smaller than the annual median, the BP is equal to one, indicating that the enterprise’s customers are relatively dispersed and the cost transfer ability is strong; otherwise, the BP is equal to zero, meaning that the customers are relatively concentrated and the cost-shifting ability of the enterprise is weak.



On this basis, two new interaction items of the product market competition dummy variable (PMCD) and the policy dummy variable (Carbon_policy) and of the bargaining power dummy variable (BP) and the policy dummy variable (Carbon_policy) were respectively introduced into Equation (2) to examine whether the effects of CETS show significant differences depending on the cost transfer ability. As presented in columns (1) and (2) of Table 10, it can be observed that the estimated coefficients of Carbon_policy*PMCD and Carbon_policy*BP were significantly negative in the case of a significantly positive coefficient for the Carbon_policy. This revealed that the promotion effect of CETS on the green transition of heavy-polluting enterprises was relatively greater among enterprises with weak cost transfer abilities. Hypothesis 3a was verified.




6.2.2. Heterogeneity Effect of Different Levels of Financing Constraints


To test Hypothesis 3b, the WW index constructed by Whited and Wu [96] was used to measure the level of financing constraints (FC) of enterprises. The FC is equal to one when the WW index of a heavy-polluting enterprise is greater than the annual median, indicating that the enterprise faces a higher degree of financing constraints; conversely, the FC is equal to zero. The new interaction item created by multiplying the financing constraints dummy variable (FC) and the policy dummy variable (Carbon_policy) was introduced into Equation (2) to investigate the distinction in the impact of different financing environments on the green transition of enterprises. The results in column (3) of Table 10 show that the regression coefficient of Carbon_policy*FC was negative when the coefficient of Carbon_policy was significantly positive at the 1% level, suggesting that the promotion effect of CETS on the green transition of heavy-polluting enterprises was relatively greater among enterprises with low levels of financing constraints. Hypothesis 3b was confirmed.




6.2.3. Heterogeneity Effect of Different Internal Control Systems


To test Hypothesis 3c, this paper utilized the internal control index constructed by the Dibo database (DIB) to measure the internal control quality (IC) of the enterprises. A value of one was allocated to the IC when the corresponding internal control index of the enterprise was greater than the annual median, indicating a higher quality of the internal control system; in contrast, a value of zero was allocated to the IC. Further, the interaction item of the internal control quality (IC) dummy variable and the policy dummy variable (Carbon_policy) was introduced into Equation (2). Column (4) of Table 10 reports the regression results that the estimation coefficients of Carbon_policy and Carbon_policy*IC were all significantly positive, which demonstrated that when the quality of internal control systems of heavy-polluting enterprises was relatively lower, the positive impact of CETS on the green transition of enterprises was somewhat constrained, thus supporting Hypothesis 3c.




6.2.4. Heterogeneity Effect of Different Environmental Enforcement Intensities


To verify Hypothesis 3d, this paper measured the environmental enforcement intensity in different regions based on the ratio (RATE) of the total value of fees levied on waste discharge to the number of establishments, which were published in the China Environmental Yearbook. The dummy variable of environmental enforcement intensity (EEI) was defined according to the median of RATE in each province in the year 2012 before the implementation of CETS, that is, the dummy variable (EEI) was equal to one when RATE in the province in which the heavy-polluting enterprise was located was greater than the median, denoting that the environmental enforcement intensity was higher; conversely, EEI equal to one meant that the environmental enforcement intensity was weaker. Then, the practice of introducing the interaction item was repeated. The results in column (5) of Table 10 show that the coefficient of Carbon_policy *EEI was 0.3181 and significant at the 5% level. Thus, the stronger the environmental enforcement intensity in the region in which the enterprise was located, the more obvious the force effect of CETS on the green transition of the heavy-polluting enterprise, thereby supporting Hypothesis 3d.






7. Conclusions


Regarding CETS launched in 2013 as a quasi-natural experiment, this paper used the data of A-share listed heavy-polluting enterprises from 2010 to 2019 to empirically analyze the effect of CETS on the green transition of heavy-polluting enterprises by adopting a staggered difference-in-difference model (DID) based on propensity score matching (PSM). This study produced the following main conclusions: First, CETS significantly improves the green development efficiency of heavy-polluting enterprises and promotes the green transition of enterprises. Our findings remained robust throughout robustness tests, including changing the matching method of PSM, using one-period lagged control variables, counterfactual analysis, and so on. Second, the empirical results of the mechanism analysis showed that substantial green technological innovation and productive capital renewal are two effective intrinsic approaches for heavy-polluting enterprises to achieve green transition under the constraints of CETS. Third, there are significant differences in the effect of CETS on heterogeneous enterprises; specifically speaking, the positive impact of CETS on the green transition of heavy-polluting enterprises is more pronounced among enterprises with weaker cost transfer abilities, lower levels of financing constraints, higher quality internal control systems, and enterprises located in regions having stronger environmental enforcement intensity.




8. Recommendations


Based on the research conclusions of this paper, we propose the following policy recommendations to better improve the national carbon emissions trading market and promote the green transition of enterprises.



First, addressing the problem of the green transition of heavy-polluting enterprises in the process of developing a low-carbon circular economy in China, the decisive role of the market mechanism should be given full play. Unlike command-and-control environmental policies, which are based on administrative orders compelling enterprises to reduce pollution and emissions, market-based environmental policies utilize incentive and constraint mechanisms to induce enterprises to incorporate environmental management into their decision-making so that they can minimize their compliance costs and improve their productivity, thus achieving a “win-win” situation for both environmental protection and high-quality development. We provide robust evidence that CETS can considerably help heavy-polluting enterprises to get out of the green development dilemma and boost their green transition. Therefore, to comprehensively promote the development of heavy-polluting enterprises in a green and low-carbon direction, the guiding role of the market trading mechanism should be fully exploited to establish a higher quality price signal system for green and low-carbon development.



Second, financial investment in enterprises’ green and low-carbon technology R&D and productive capital renewal should be increased. This paper found that CETS can promote green transition by inducing green technological innovation and capital renewal in heavy-polluting enterprises. Thus, in view of the fact that CETS may increase enterprises’ environmental compliance costs and crowd out R&D investment, the government should provide certain subsidies and policy preferences to enterprises, especially large enterprises with strong R&D capabilities, so that they can play the role of “leaders” in technological innovation. In addition, for enterprises with weak R&D capacities and great need for capital renewal, the government also needs to increase financial and tax support and set up special funds to support and steer them towards upgrading their production equipment and transforming their production technology.



Third, strengthening environmental enforcement intensity to ensure effective implementation of CETS is warranted. This paper revealed that the promotion effect of CETS on the green transition of heavy-polluting enterprises increased with the strengthening of environmental enforcement intensity, i.e., environmental administrative supervision is an essential guarantee to improve the effectiveness of CETS. Consequently, environmental protection departments should strengthen environmental enforcement intensity and increase penalties for non-compliance and excess emissions by enterprises.



Finally, the financing mechanism for heavy-polluting enterprises should be improved to enhance the green transition effect of CETS. The pilot policies had greater impact on heavy-polluting enterprises with weak levels of financing constraints. Hence, the government should improve the financing mechanism for the green transition of enterprises, including both government-based green subsidies and green tax concessions as well as the market-oriented green credit mechanism, thus providing a two-pronged approach to effectively guarantee the supply of funds for the green transition of enterprises.



Due to the limitations of the research, this paper may have the following deficiencies, which are expected to be improved in further research. Firstly, this study attempted to provide empirical evidence on the impact of CETS on the green transition of enterprises, but measuring the green transition of enterprises is a challenging issue. Due to data availability, we adopted green total factor productivity (GTFP) as a proxy of the green transition of enterprises, which had some potential limitations. Future research will aim to find ways in which to better measure the green transition of enterprises. Secondly, only green technology innovation and productive capital renewal were tested when analyzing the impact mechanism of CETS to promote the green transition of enterprises. There may be other impact mechanisms that need to be explored. Therefore, further research is needed to conduct theoretical analysis and empirical tests on the potential mechanisms in order to generate practical insight. Finally, because CETS itself is still in the process of promotion and expansion, the disclosure of more data will enable us to track and analyze policies in the future and carry out more dimensional expansion research.
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Table A1. PSM balance test (2014).






Table A1. PSM balance test (2014).





	
Variable

	
Unmatched

	
Mean

	
%bias

	
%Reduct

	
t Test




	
Matched

	
Treatment

Group

	
Control

Group

	
|bias|

	
t

	
p > |t|






	
size

	
U

	
22.065

	
22.487

	
−32.8

	
76.8

	
−1.20

	
0.231




	
M

	
22.091

	
22.189

	
−7.6

	
−0.19

	
0.848




	
lev

	
U

	
0.5375

	
0.5107

	
12.1

	
68.7

	
0.46

	
0.078




	
M

	
0.5459

	
0.5375

	
3.8

	
0.09

	
0.645




	
roa

	
U

	
0.0349

	
0.0284

	
12.4

	
25.6

	
0.42

	
0.672




	
M

	
0.0280

	
0.0328

	
−9.2

	
−0.24

	
0.814




	
indep

	
U

	
0.3618

	
0.3676

	
−12.2

	
67.3

	
−0.44

	
0.664




	
M

	
0.3608

	
0.3627

	
−4.0

	
−0.10

	
0.921




	
board

	
U

	
2.2201

	
2.215

	
3.1

	
−16.9

	
0.10

	
0.922




	
M

	
2.2309

	
2.225

	
3.6

	
−0.10

	
0.925




	
growth

	
U

	
0.1728

	
0.0987

	
26.2

	
73.2

	
0.77

	
0.442




	
M

	
0.1620

	
0.1422

	
7.0

	
0.16

	
0.874




	
bm

	
U

	
1.5758

	
1.866

	
−18.2

	
66.2

	
−0.61

	
0.541




	
M

	
1.647

	
1.7451

	
−6.1

	
−0.15

	
0.879




	
listage

	
U

	
2.5318

	
2.3902

	
26.6

	
90.5

	
1.03

	
0.303




	
M

	
2.4923

	
2.4789

	
2.5

	
0.07

	
0.948




	
tobinq

	
U

	
1.7776

	
1.5036

	
36.5

	
48.9

	
1.28

	
0.201




	
M

	
1.7241

	
1.584

	
18.7

	
0.48

	
0.637




	
cashflow

	
U

	
0.0757

	
0.0518

	
33.3

	
53.5

	
1.32

	
0.189




	
M

	
0.0624

	
0.0735

	
−15.5

	
−0.43

	
0.671
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Table A2. PSM balance test (2016).






Table A2. PSM balance test (2016).





	
Variable

	
Unmatched

	
Mean

	
%bias

	
%Reduct

	
t Test




	
Matched

	
Treatment

Group

	
Control

Group

	
|bias|

	
t

	
Matched






	
size

	
U

	
22.549

	
22.609

	
−4.8

	
−80.8

	
−1.20

	
0.231




	
M

	
22.549

	
22.441

	
8.6

	
−0.19

	
0.848




	
lev

	
U

	
0.4843

	
0.4882

	
−2.1

	
96.8

	
−0.07

	
0.948




	
M

	
0.4843

	
0.4844

	
−0.1

	
−0.00

	
0.999




	
roa

	
U

	
0.0050

	
0.0161

	
−17.3

	
26.3

	
−0.63

	
0.528




	
M

	
0.0050

	
−0.0032

	
12.7

	
0.30

	
0.770




	
indep

	
U

	
0.3694

	
0.3674

	
4.4

	
95.3

	
0.16

	
0.872




	
M

	
0.3694

	
0.3693

	
0.2

	
0.01

	
0.996




	
board

	
U

	
2.163

	
2.1876

	
−14.8

	
98.5

	
−0.49

	
0.622




	
M

	
2.163

	
2.1627

	
0.2

	
0.01

	
0.995




	
growth

	
U

	
0.0138

	
−0.0341

	
15.1

	
−2.2

	
0.60

	
0.552




	
M

	
0.0138

	
−0.0351

	
15.4

	
0.38

	
0.706




	
bm

	
U

	
0.7795

	
1.1121

	
−36.7

	
94.8

	
−1.04

	
0.300




	
M

	
0.7795

	
0.7622

	
1.9

	
0.09

	
0.926




	
listage

	
U

	
2.6317

	
2.576

	
14.6

	
72.9

	
0.51

	
0.613




	
M

	
2.6317

	
2.6167

	
4.0

	
0.11

	
0.915




	
tobinq

	
U

	
2.1673

	
2.2857

	
−9.2

	
59.8

	
−0.30

	
0.762




	
M

	
2.1673

	
2.2149

	
−3.7

	
−0.11

	
0.912




	
cashflow

	
U

	
0.0523

	
0.0554

	
−4.3

	
−53.4

	
−0.17

	
0.867




	
M

	
0.0523

	
0.0571

	
−6.7

	
−017

	
0.868









Super-Efficiency SBM Model and Global Malmquist-Luenberger (GML) Productivity Index


This paper used the super-efficiency SBM model with the undesired output because it needed to consider pollution emissions. Suppose there are   n   enterprises in the model, each enterprise is a DMU (DMUj, j = 1,2…n). Each DMU has three types of input–output indices, including   m   types of input   x   (    x   i , j   ∈   R   n m   +    ),     s   1     types of expected output     y   g     (    y   i , j   g   ∈   R     s   1   n   +    ), and     s   2     types of unexpected output     y   b    (    y   i , j   b   ∈   R     s   2   n   +    ). Therefore, the environment technology function is as follows:


    P   x   =     x ,   y   g     , y   b       x ≥   ∑  k = 1   n      λ   k     x   k   ,   y   g   ≤   ∑  k = 1   n      λ   k     y   k   g   ,       y   b   ≤   ∑  k = 1   n      λ   k     y   k   b   ,   λ ≥ 0    



(A1)







In Formula (A1),   λ   is the weight of the sectional input–output data and a nonnegative variable. The returns to scale are variable.



A super-SBM model considering the undesired output is constructed as follows:


  m i n ρ =     1   m     ∑  k = 1   m          x   i    −      x   i k           1     s   1   +   s   2     (     ∑  r = 1     s   1          y   g    −        y   i k   g     +     ∑  r = 1     s   2          y   b    −        y   i k   b     )    










  s . t .     x  −  ≥   ∑  j = 1 , ≠ k   n      x   i j     λ   j     ;  










      y   g    −  ≤   ∑  j = 1 , ≠ k   n      y   j   g     λ   j   ;    



(A2)






    y   b   ≤   ∑  j = 1 , ≠ k   n      y   j   b     λ   j     ;  










    x  −  ≥   x   0   , 0 ≤     y   b    −  ≤   y   k   g   ,     y   b    −  ≥   y   k   b   ;  










    ∑  j = 1 , ≠ k   n      λ   j     = 1  








where   ρ   is the target efficiency value,   λ   is the weight vector, and subscript   k   is the decision unit to be measured. The direction distance function can be obtained by solving the super-SBM index under the production possibility set during the appropriate period as follows:


      D   0   G    −  (   x   t   ,   y   t   ,   b   t   ,   y   t   ,   − b   t   )  



(A3)







According to the directional distance function solved by super-SBM model, the GML index from period to period can be obtained as follows:


    G M L   t   t + 1   =   1 +     D   0   G    −      x   t   ,   y   t   ,   b   t   ,   y   t   ,   − b   t       1 +     D   0   G    −      x   t + 1   ,   y   t + 1   ,   b   t + 1   ,   y   t + 1   ,   − b   t + 1        



(A4)






    G M L   t   t + 1   =   G T E C   t   t + 1   +   G T C   t   t + 1    



(A5)







The GML index measurement can be decomposed into green technology efficiency (GTEC) and green technology progress (GTC) through linear programming. GTEC represents the efficiency changes due to improved production systems, economies of scale, and experience accumulation. In contrast, GTC results from efficiency changes because of improved production technology and process innovation. The GML index reflects the annual growth rate of the enterprise’s GTFP.
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Figure 1. Theoretical mechanism model. 
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Table 1. Variables and definitions.






Table 1. Variables and definitions.





	
Variable Type

	
Variable

	
Variable Symbol

	
Variable Description






	
Dependent variable

	
green transition

	
GT

	
expressed by the green total factor productivity (GTFP)




	
Independent variable

	
carbon emission trading scheme

	
Carbon_policy

	
equals 1 in the years after the district in which heavy-polluting enterprises are located has carried out carbon emission trading policies, and 0 otherwise.




	
Mechanism Variables

	
green technological innovation

	
Patent_gre

	
ln(number of green patent applications + 1)




	
substantial green technological innovation

	
Green_inv

	
ln(number of green invention patent applications + 1)




	
strategic green technological innovation

	
Green_uti

	
ln(number of green utility model patent applications + 1)




	
fixed asset investment

	
Inv

	
ln(cash paid to acquire fixed assets, intangible assets, and other long-term assets)




	
depreciation

	
Depre

	
ln(depreciation)




	
depreciation rate

	
Depre_rate

	
depreciation/fixed asset investment




	
Control variables

	
enterprise size

	
size

	
ln(total assets)




	
asset-liability ratio

	
lev

	
year-end total debt divided by year-end total assets.




	
return on total assets

	
roa

	
net profit/average balance of total assets




	
independent director ratio

	
indep

	
number of independent directors/total number of directors




	
board size

	
board

	
ln(number of board members)




	
revenue growth rate

	
growth

	
(operating income in yeart+1 − operating income in yeart)/(operating income in yeart)




	
book to market ratio

	
bm

	
book value/total market value




	
age of listing

	
listage

	
ln(current year − year of launch + 1)




	
Tobin’s Q

	
tobinq

	
ratio of enterprise market value to asset replacement cost;




	
operating cash flow

	
cashflow

	
net cash flow/total assets




	
the regional GDP

	
lngdp

	
ln(gdp)




	
industrial structure

	
industry

	
percentage of secondary industry
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Table 2. Descriptive statistics.






Table 2. Descriptive statistics.





	Variable
	Obs
	Mean
	SD
	Min
	Max





	GTFP
	3740
	1.3618
	0.8303
	0.2553
	5.0971



	size
	3740
	22.6383
	1.4215
	20.0217
	26.4580



	lev
	3740
	0.4829
	0.2032
	0.0574
	0.9411



	roa
	3740
	0.0379
	0.0598
	−0.1697
	0.2414



	indep
	3740
	0.3691
	0.0507
	0.3077
	0.5714



	board
	3740
	2.2001
	0.1998
	1.6094
	2.7080



	growth
	3740
	0.1434
	0.3410
	−0.4689
	2.1079



	bm
	3740
	1.4408
	1.4054
	0.1408
	7.5598



	tobinq
	3740
	1.7794
	1.0798
	0.8462
	6.8636



	listage
	3740
	2.4739
	0.6007
	0
	3.2581



	cashflow
	3740
	0.0613
	0.0668
	−0.1215
	0.2489



	lngdp
	3740
	17.4960
	1.0845
	15.2166
	19.6049



	industry
	3740
	0.4631
	0.1083
	0.1863
	0.6865



	Patent_gre
	3740
	0.5044
	0.9702
	0
	7.3421



	Green_inv
	3740
	0.3569
	0.8195
	0
	7.2277



	Green_uti
	3740
	0.2966
	0.7194
	0
	5.1240



	Inv
	3740
	12.4347
	1.9024
	4.0304
	19.6172



	Depre
	3740
	19.0487
	1.6614
	14.31
	26.07



	Depre_rata
	3740
	0.0557
	0.0200
	0.0209
	0.1597
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Table 3. PSM balance test (2013).






Table 3. PSM balance test (2013).





	
Variable

	
Unmatched

	
Mean

	
%bias

	
%Reduct

	
t Test




	
Matched

	
Treatment Group

	
Control Group

	
|bias|

	
t

	
p > |t|






	
size

	
U

	
22.806

	
22.38

	
27.6

	
86.1

	
2.30

	
0.022




	
M

	
22.558

	
22.617

	
−3.8

	
−0.23

	
0.816




	
lev

	
U

	
0.4626

	
0.5100

	
−24.1

	
81.2

	
−1.77

	
0.078




	
M

	
0.4702

	
0.4791

	
−4.5

	
−0.25

	
0.801




	
roa

	
U

	
0.0391

	
0.0353

	
7.0

	
46.8

	
0.51

	
0.614




	
M

	
0.0354

	
0.0334

	
3.7

	
0.21

	
0.836




	
indep

	
U

	
0.3760

	
0.3653

	
19.3

	
98.7

	
1.56

	
0.119




	
M

	
0.3703

	
0.3701

	
0.3

	
0.02

	
0.988




	
board

	
U

	
2.2377

	
2.2139

	
11.4

	
69.9

	
0.88

	
0.381




	
M

	
2.2214

	
2.2286

	
−3.4

	
−0.19

	
0.848




	
growth

	
U

	
0.1291

	
0.0796

	
12.6

	
83.3

	
1.03

	
0.305




	
M

	
0.1297

	
0.1214

	
2.1

	
0.11

	
0.914




	
bm

	
U

	
1.5577

	
1.6067

	
−3.5

	
81.3

	
−0.26

	
0.796




	
M

	
1.564

	
1.5548

	
0.6

	
0.04

	
0.970




	
listage

	
U

	
2.145

	
2.2767

	
−20.6

	
83.0

	
−1.66

	
0.097




	
M

	
2.1842

	
2.1617

	
3.5

	
0.19

	
0.847




	
tobinq

	
U

	
1.4565

	
1.582

	
−15.6

	
99.4

	
−1.10

	
0.273




	
M

	
1.4859

	
1.4867

	
−0.1

	
−0.01

	
0.966




	
cashflow

	
U

	
0.0755

	
0.0582

	
26.1

	
70.8

	
1.99

	
0.047




	
M

	
0.24

	
0.0673

	
7.6

	
0.45

	
0.655
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Table 4. Regression results of the effect of CETS on the green transition of heavy-polluting enterprises.
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Variable

	
GT




	
(1)

	
(2)

	
(3)






	
Carbon_policy

	
0.2481 ***

(5.2586)

	
0.2270 ***

(4.8556)

	
0.1415 ***

(3.0961)




	
size

	

	
0.2570 ***

(4.0978)

	
0.2198 ***

(3.5248)




	
lev

	

	
0.0624

(0.4423)

	
0.1131

(0.8355)




	
roa

	

	
0.7191 **

(2.1727)

	
0.7419 **

(2.3466)




	
indep

	

	
0.4936

(1.2207)

	
0.6093

(1.5917)




	
board

	

	
−0.2830 **

(−2.0596)

	
−0.2580 *

(−1.9309)




	
growth

	

	
0.1709 ***

(2.9804)

	
0.1855 ***

(3.3018)




	
bm

	

	
−0.0041

(−0.1842)

	
−0.0053

(−0.2504)




	
listage

	

	
−0.1578 **

(−2.5466)

	
−0.1649 ***

(−2.7228)




	
tobinq

	

	
0.0315

(1.4174)

	
0.0234

(1.1262)




	
cashflow

	

	
−0.0294

(−0.1207)

	
−0.0360

(−0.1505)




	
lngdp

	

	

	
1.2495 ***

(10.4228)




	
industry

	

	

	
0.6550

(1.3395)




	
enterprise fixed effect

	
Yes

	
Yes

	
Yes




	
year fixed effect

	
Yes

	
Yes

	
Yes




	
Observations

	
3010

	
3010

	
3010




	
Adjusted R2

	
0.4929

	
0.5137

	
0.5414








Note: The parentheses are t-values calculated by the robust standard errors. ***, **, and * indicate significance at 1%, 5%, and 10%, respectively.
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Table 5. Change the matching method of PSM and use one-period lagged control variables.
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Variable

	
GT




	
(1)

	
(2)






	
Carbon_policy

	
0.1537 ***

(3.3497)

	
0.1704 ***

(3.2015)




	
control

	
Yes

	
No




	
L. control

	
No

	
Yes




	
enterprise fixed effect

	
Yes

	
Yes




	
year fixed effect

	
Yes

	
Yes




	
Observations

	
3020

	
2709




	
Adjusted R2

	
0.5466

	
0.5690








Note: The parentheses are t-values calculated by the robust standard errors. *** indicates significance at 1%.
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Table 6. Counterfactual analysis.
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Variable

	
GT




	
(1)

	
(2)






	
Carbon_policy-1

	
0.0679

(1.2562)

	




	
Carbon_policy-2

	

	
−0.0147

(−0.2006)




	
control

	
Yes

	
Yes




	
enterprise fixed effect

	
Yes

	
Yes




	
year fixed effect

	
Yes

	
Yes




	
Observations

	
3010

	
3010




	
Adjusted R2

	
0.5400

	
0.5397








Note: The parentheses are t-values calculated by the robust standard errors.
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Table 7. Elimination of interference from other environmental policies.






Table 7. Elimination of interference from other environmental policies.





	
Variable

	
GT




	
(1)

	
(2)

	
(3)

	
(4)






	
Carbon_policy

	
0.0835 *

(1.6669)

	
0.1893 ***

(3.0295)

	
0.1348 **

(2.1355)

	
0.1336 **

(2.24)




	
control

	
Yes

	
Yes

	
Yes

	
Yes




	
enterprise fixed effect

	
Yes

	
Yes

	
Yes

	
Yes




	
year fixed effect

	
Yes

	
Yes

	
Yes

	
Yes




	
Treat*Year2010

	

	

	
−0.0365

(−0.4080)

	




	
Treat*Year2012

	

	

	
0.0909

(0.8201)

	




	
Treat*Year2017

	

	

	
0.1414 **

(1.9938)

	




	
Observations

	
1505

	
2250

	
3010

	
2650




	
Adjusted R2

	
0.4083

	
0.5505

	
0.5418

	
0.5001








Note: The parentheses are t-values calculated by the robust standard errors. ***, **, and * indicate significance at 1%, 5%, and 10%, respectively.
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Table 8. Green technological innovation.
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	Variable
	Pantent_gre

(1)
	Green_inv

(2)
	Green_uti

(3)





	Carbon_policy
	0.0500

(1.1906)
	0.0688 **

(1.9690)
	0.0117

(0.3720)



	control
	Yes
	Yes
	Yes



	enterprise fixed effect
	Yes
	Yes
	Yes



	year fixed effect
	Yes
	Yes
	Yes



	Observations
	3010
	3010
	3010



	Adjusted R2
	0.6283
	0.6221
	0.5343







Note: The parentheses are t-values calculated by the robust standard errors. ** indicates significance at 5%.
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Table 9. Productive capital renewal.
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	Variable
	Inv

(1)
	Depre

(2)
	Depre_rate

(3)





	Carbon_policy
	0.1452 **

(2.5217)
	0.0430 *

(1.7982)
	0.1890 *

(1.8275)



	control
	Yes
	Yes
	Yes



	enterprise fixed effect
	Yes
	Yes
	Yes



	year fixed effect
	Yes
	Yes
	Yes



	Observations
	3010
	3010
	3010



	Adjusted R2
	0.8197
	0.9634
	0.5955







Note: The parentheses are t-values calculated by the robust standard errors. **, and * indicate significance at 5%, and 10%, respectively.
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Table 10. Heterogeneity analysis.






Table 10. Heterogeneity analysis.





	
Variable

	
Cost Transfer Ability

	
Financing

Constraints

(3)

	
Internal

Control

(4)

	
Environmental

Enforcement

(5)




	
(1)

	
(2)






	
Carbon_policy

	
0.1883 ***

(3.3100)

	
0.2564 ***

(3.7723)

	
0.2410 ***

(3.9186)

	
0.0918 *

(1.6948)

	
0.1756 ***

(3.6711)




	
Carbon_policy*PMCD

	
−0.1075 *

(−1.6680)

	

	

	

	




	
Carbon_policy*BP

	

	
−0.1750 **

(−2.2305)

	

	

	




	
Carbon_policy*FC

	

	

	
−0.2428 ***

(−3.0990)

	

	




	
Carbon_policy*IC

	

	

	

	
0.0932 *

(1.7851)

	




	
Carbon_policy*EEI

	

	

	

	

	
0.3181 **

(2.3484)




	
control

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
enterprise fixed effect

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Year fixed effect

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
3010

	
2790

	
2743

	
2792

	
3010




	
Adjusted R2

	
0.5359

	
0.5459

	
0.5537

	
0.5388

	
0.5200








Note: The parentheses are t-values calculated by the robust standard errors. ***, **, and * indicate significance at 1%, 5%, and 10%, respectively.
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