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Greening and digital transformation have become the new driving forces of China’s economic development. The environmental protection tax (EPT) represents a significant economic measure for environmental protection in China, with the primary objective of safeguarding the environment. Using a 2012–2021 sample of Shanghai and Shenzhen A-share listed companies and the difference-in-differences (DID) method, we empirically investigate the effect of the implementation of China’s EPT on green total factor productivity (GTFP) of heavily polluting enterprises. The results show a significant increase in firms’ GTFP after the implementation of the tax. A mechanism test reveals that firms’ digital transformation has a masking effect, which inhibits the growth of firms’ GTFP. Further analyses investigate the variations in effects based on ownership type, firm size, and market concentration. The positive effect is more pronounced for state-owned enterprises, large enterprises, and those operating in highly concentrated markets. This paper provides theoretical support and empirical evidence for the digital transformation and green development of heavily polluting enterprises, the rational optimization of EPT policies, and the promotion of sustainable economic development.
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1 INTRODUCTION
“Low-carbon global” is in vogue, and attaining sustainable development is the shared goal of all countries on the planet. Governments all throughout the world create pertinent laws and policies to encourage the concurrent growth of the economy and the environment. Rich resources and inexpensive labor have fueled China’s industrialization since the country’s reform and opening up, propelling the economy of the nation to new heights. But due to resource exploitation and excessive emissions brought on by rapid growth, environmental pollution has not only upset the balance of economic development but has also put people’s physical and mental health in threat, raising new concerns among the public (Khan et al., 2021; Li et al., 2022; Yang et al., 2023). At the same time, with the development of China’s economy entering the growth speed shift period, the painful period of structural adjustment and the previous stimulus policy digest period superimposed on each other (Three Periods Overlapped), the tightening of resource constraints and the disappearance of demographic dividend have reduced the economic growth rate (Esen et al., 2021). The growth mode of the extensive economy, which in the past relied solely on large-scale input factors to obtain output, is no longer applicable to China’s current development status under the new normal. Accordingly, a shift from the extensive economy to an intensive economy is urgent to transform China’s economy from high-speed to high-quality development (Silva et al., 2021).
Total factor productivity (TFP) is a key indicator of production efficiency when it comes to the idea of high-quality development, and increasing it is a valuable strategy for fostering high-quality economic development (Albrizio et al., 2017; Sun, 2022). The concept of green development is consistent with GTFP, which is a crucial indicator to evaluate the viability of high-quality sustainable economic development. Considering environmental factors, GTFP integrates energy consumption and environmental pollution into the measurement framework. The comprehensive enhancement of GTFP has emerged as a crucial strategy for encouraging the harmonious development of environment and economy in China (Cai and Ye, 2020; Yang et al., 2023).
China investigates the EPT policy as a means of resolving the conflict between ecological environment and economic development and of fostering high-quality economic development. The environmental economics literature classifies environmental regulations into four categories: market incentives, public engagement, command-and-control, and voluntary organizations (Ramanathan et al., 2017). In the early stage of environmental governance, the Chinese government mainly implemented command-and-control environmental laws and regulations and assumed full responsibility for environmental protection (Karplus et al., 2021). After nearly 40 years of practice, China officially implemented the “Environmental Protection Tax Law of the People’s Republic of China” on 1 January 2018. Environmental taxation is a flexible and typical kind of market incentive environmental regulation. Based primarily on operational and product prices, it is an economic strategy to shift the costs of pollution from society to the private pockets of enterprises (Chiroleu-Assouline and Fodha, 2014; Dong and Zheng, 2022). Compared with the traditional sewage fee system, EPT is collected by the tax department according to law, and the emission reduction incentive mechanism of “more emission, less emission, less collection, no emission, no collection” is constructed (Lin et al., 2023). This model makes the collection of EPT more mandatory and normative, helps to increase the intensity of collection and management, increase the rigidity of law enforcement, and thus force and encourage enterprises to achieve green transformation. According to Porter’s hypothesis, environmental regulation will affect activities such as enterprise resource integration and technological innovation, and then affect total factor productivity (TFP) of enterprises. As the key object of EPT, heavy polluters’ R&D investment, technological innovation and resource allocation will all be affected by EPT. Therefore, whether EPT can stimulate heavy polluting enterprises to improve GTFP and achieve the goal of “economic dividend” of EPT is an important basis for evaluating its policy effect.
As the world strives to transition to a low-carbon economy, digital transformation has become a force for change, providing new opportunities for heavy polluters in a changing regulatory environment. Through digital transformation, businesses can improve resource efficiency, enhance process optimization, and develop innovative green solutions (Gelenbe and Caseau, 2015). The convergence of digital transformation and sustainability offers a unique opportunity for heavily polluting industries to improve business productivity while achieving environmental goals. So in the context of the implementation of the environmental protection tax system, how do heavy polluting enterprises that are undergoing digital transformation react? What is the impact on GTFP? These are urgent issues that need to be addressed.
In order to explore the above issues, this study adopts the panel data of A-share listed enterprises from 2012 to 2021, and uses the DID model to evaluate the impact of EPT on the GTFP of heavily polluting enterprises and the mediating role of digital transformation. In addition, we also explore the impact of EPT law on the heterogeneity of heavy polluting enterprises with different ownership, different sizes and different market concentration.
Relative to the current literature, the possible contributions in this article include the following four aspects: Firstly, investigating EPT, digital transformation, and GTFP into the same framework, which allows a more complete knowledge of how environmental policy affects heavily polluting enterprises’ GTFP. Secondly, many studies employ relevant economic variables, such as the amount of environmental tax paid by businesses, to proxy for environmental regulations, but there may be measurement errors. In this paper, an EPT quasi-natural experiment is used to study the influence of EPT on the GTFP of heavy polluting enterprises at the micro level. Thirdly, this paper introduces environmental pollution indicators into the analysis of SBM-DDF approach. Finally, China implemented the EPT somewhat belatedly. There are few empirical studies on the impact of the policy after the tax, and most domestic research focuses on theoretical analysis and prediction prior to the levy. Thus, this paper broadens the literature on EPT and GTFP by examining the impact and mechanism of EPT on GTFP from a theoretical and empirical perspective. It is anticipated to promote China’s GTFP growth in the new development period and offer helpful insights for future EPT advancement.
The remainder of the study is structured as follows: The term “literature review” gives a summary of pertinent literature. The theoretical analysis and research hypothesis are presented in “Research hypothesis.” “Method and data” explains the data source, the model, and how important variables were constructed. “Empirical results” offers analytical and empirical findings. The research is summarized, and implications are given in the “Conclusions and recommendations” section.
2 LITERATURE REVIEW
The influence of the EPT system on firms’ GTFP has emerged as a significant realm of economic research, though the outcomes remain inconclusive. Some argue that the imposition of EPT hampers firms’ GTFP. From the perspective of neoclassical economics, regulatory pressures induced by environmental policies elevate costs associated with pollution and increase the tax burden on enterprises. This compels businesses to reallocate their resources, diverting resources from traditional production toward pollution control and environmental protection endeavors. Consequently, this generates a “crowding out effect” that detracts from the production efficiency of these enterprises (Hancevic, 2016; Yang et al., 2017; Yuan et al., 2017; He et al., 2020; Li et al., 2021). A number of scholars have embarked on empirical investigations centered around specific environmental tax policies. Utilizing the DID method, Tu et al. (2019) discovered that reforms in pollution tax standards can stifle GTFP through the avenue of technological change. Similarly, Cai and Ye (2020) observed that China’s newly implemented EPT law exerted a continuous inhibitory effect on the firms’ GTFP over a span of 2 years. This phenomenon was chiefly attributed to the exacerbation of financial constraints and its detrimental impact on the efficiency of technological innovation and resource allocation. In a related study, Su and Li (2023) employed the spatial difference in difference model and revealed that China’s EPT law significantly impairs green total factor energy efficiency. The underlying mechanisms for this adverse effect include a decline in green technology innovation and a shift in industrial structure.
Another perspective is that EPT could promote firms’ GTFP. Porter hypothesis asserts that strict and appropriate environmental regulations can enable firms to actively adapt through leveraging innovation incentives, efficiency improvements, and internal redistribution, thereby increasing productivity. Both market-based and command-based environmental regulations contribute to the rise of GTFP, but their mechanisms of action differ (Cheng and Kong, 2022). The EPT law stands as a market-oriented instrument. Scholars have delved into the nexus between this law and GTFP through diverse research methodologies. Sun and Zhang (2023), employing the triple difference method, affirmed that EPT markedly enhances the firms’ TFP by spurring technological innovation and optimizing resource allocation. Yang et al. (2024) identified enterprise value augmentation and green innovation incentives as potential pathways through which EPT law bolsters firms’ TFP, as evidenced by their DID analysis. Yao and Xi (2023), utilizing the comprehensive control method, corroborated that EPT significantly elevates GTFP by influencing industrial structure and fostering green technological advancements.
There exists a perspective asserting a nonlinear interplay between the EPT and firms’ GTFP. Certain scholars contend that the influence of environmental regulation on enterprises’ TFP emerges from the interplay between the “compliance cost hypothesis” and the “Porter hypothesis” (Albrizio et al., 2017; Peng et al., 2021). Drawing from provincial data in China, Qiu et al. (2021) employed the generalized least square method and the dynamic generalized moment method model, unveiling a “U”-shaped relationship between environmental regulations and GTFP. Similarly, Xu et al. (2022) discovered a comparable relationship between these variables.
Digitalization has been identified as a catalyst for enhancing economic and environmental performance (Buer et al., 2018; Wen et al., 2021). Enterprise digital transformation enables organizations to innovate by leveraging digital technologies to reshape their production processes, organizational structures, and business models (Borenstein and Saloner, 2001). Numerous scholars have extensively examined the impact of environmental regulations and digital transformation on the firms’ TFP. Based on the data of China’s A-share resource-based listed enterprises, Xu et al. (2023) found that digital transformation significantly improved the environmental performance of enterprises by stimulating green technology innovation, accelerating human capital accumulation, increasing environmental information disclosure and strengthening environmental governance. Wen et al. (2022) found that digitalization can enhance the total factor productivity of manufacturing firms by reducing transaction costs, promoting servitization, and stimulating innovation investments. However, those who are less optimistic believe that digital transformation will take away investment in green development, thereby inhibiting enterprises’ GTFP. Han et al. (2023) conducted an empirical analysis using the dynamic panel GMM model, revealing that environmental regulations had not yet crossed the Porter turning point and continued to have a restraining effect on the efficiency of green development. Other scholars perceive a dynamic relationship between digital transformation and GTFP. Wang and Li (2023) found that digital transformation inhibited GTFP, carbon emission efficiency, and joint emission reduction efficiency of firms in the short term, but promoted them in the long term. However, there is limited research on the EPT system in the context of digital transformation and its impact on the enterprises’ GTFP, particularly regarding how enterprises respond to digital transformation under EPT law. Although digital transformation is considered an emerging driver of green sustainable growth, it is crucial to harmonize the relationship between digital transformation and green transition (Schnebelin et al., 2021; Lee and He, 2022; Wen et al., 2022).
In summary, existing studies on the impact of EPT on GTFP have yielded significant findings. However, consistent findings have not been established due to variations in environmental tax regulations, sample selections, and research methodologies across different countries. Furthermore, there are even fewer studies focusing on the impact of China’s EPT law at the micro level. Additionally, the potential role of digital transformation in the relationship between EPT and corporates’ GTFP remains unexplored. In light of this, based on the implementation of China’s EPT in 2018, this study investigates the impact of EPT on the heavily polluting enterprises’ GTFP, as well as the role of digital transformation, thereby extending previous research.
3 RESEARCH HYPOTHESIS
Firstly, the Porter Hypothesis asserts that appropriate environmental regulations can stimulate corporate innovation, enhance productivity, and improve product quality, which can offset the costs of environmental regulations and increase profitability, thus providing a competitive advantage (Cheng and Kong, 2022; Yang et al., 2023). The public goods nature of ecological environments and the significant asymmetry between the costs and benefits of environmental governance result in weak motivation for pollution control among heavily polluting enterprises. Faced with high pollution control and equipment renewal costs, enterprises often prefer to pay fines to mitigate the financial impact of pollutant discharge. Therefore, timely government intervention is necessary. The introduction of EPT embodies the principle of “the more you emit, the more you pay; emit less, pay less; no emissions, no payment” (Kong et al., 2024). On one hand, this positive incentive mechanism can enhance the initiative of enterprises to reduce emissions. On the other hand, heavily polluting enterprises, characterized by high emissions, face significantly increased costs for environmental violations under a “more pollution, more tax” policy design (He et al., 2022). Additionally, the enforcement of the EPT law is stricter than that of pollution charges, and enterprises committing serious tax evasion may also face criminal penalties. To reduce the costs of environmental violations and production, heavily polluting enterprises are incentivized to eliminate outdated production capacities and adopt advanced production technologies (Khan et al., 2021; Yao and Xi, 2023). Therefore, from the perspective of the innovation compensation effect, the environmental protection tax can promote technological innovation in heavily polluting enterprises, thereby enhancing green total factor productivity.
Secondly, the Porter hypothesis asserts that scientific environmental regulation can expose inefficiencies in enterprise resource allocation and provide guidance for optimizing resource allocation efficiency (Rubashkina et al., 2015). Following the implementation of the EPT, in order to reduce the costs of environmental violations and production, and to maximize benefits, heavily polluting enterprises must reduce emissions and enhance production efficiency (Sun and Zhang, 2023). Given the current level of technology, heavily polluting enterprises often enhance resource utilization efficiency by optimizing internal resource allocation. For example, by strengthening the supervision of the production process to minimize resource waste, such as incomplete utilization of materials; reducing pollution emissions per unit of output by using clean and efficient raw materials; and reallocating capital and labor from pollution-intensive projects to pollution prevention and control, thus rationally allocating production factors to cleaner and more efficient sectors (Shuli et al., 2016; Sun and Zhang, 2023). Therefore, from the perspective of resource allocation efficiency, the EPT can promote heavily polluting enterprises to enhance their GTFP by improving resource allocation efficiency.
Finally, the EPT is a market-oriented environmental system. From the perspective of institutional theory, the EPT increases the legitimacy pressure on enterprises. On one hand, the government and relevant departments investigate the environmental tax payment and green production status of enterprises, determining whether to impose administrative penalties or provide subsidies, tax incentives, and other resources based on the investigation results. On the other hand, external stakeholders, such as suppliers and investors, assess the compliance with environmental taxes to determine the risks to the company and decide whether to continue their business relationships. To establish a green image and gain support from the government and investors, enterprises will proactively implement green transformations, reduce pollutant emissions, and minimize the use of inefficient energy (Yang et al., 2023). The EPT can incentivize enterprises to engage in environmental governance, achieve excellence in green R&D and environmental performance evaluations, thereby securing additional financial support. Therefore, from the perspective of legitimacy pressure, the EPT can promote heavily polluting enterprises to enhance GTFP through environmental governance. Based on the above analysis, we propose Hypothesis 1.
Hypothesis 1:. The EPT positively impacts the GTFP of heavily polluting enterprises.
Digitalization and greening are the primary directions for enterprise transformation during the technological revolution (DeStefano et al., 2018). As a crucial step towards achieving the “dual carbon” goal, digital transformation presents an opportunity for enterprises to enhance their GTFP (Guo and Huang, 2023; Liu and Zhao, 2024). The digital transformation of heavily polluting enterprises can enhance production and operational efficiency, reduce energy consumption and resource waste, and improve their GTFP (Han et al., 2023; Su et al., 2023; Si et al., 2024). As a stringent environmental regulation tool, the EPT raises the environmental costs and regulatory pressure on heavily polluting enterprises, compelling them to increase their investment in clean technology and environmental protection (Xiao et al., 2021). However, due to resource constraints, enterprises need to reallocate resources, such as R&D and human capital, from digital technology investment to green production (Ai et al., 2021; Liu et al., 2024). Additionally, to reduce the corporate tax burden caused by rising environmental costs and to increase profits, companies may reduce other aspects of cash flow, potentially including investments needed for digital transformation.
Although digital transformation can foster a new era of digital and green collaborative development in manufacturing enterprises by optimizing the combination of production factors such as labor, capital, data, and energy, it necessitates substantial capital and resource investment from enterprises. Under a high environmental tax burden, investment in digital transformation by heavily polluting enterprises may have a crowding-out effect on their green development. Therefore, the digital transformation of heavily polluting enterprises may obscure the promoting effect of the EPT on their GTFP. Therefore, we propose Hypothesis 2.
Hypothesis 2:. Digital transformation may obscure the role of EPT in promoting GTFP of heavily polluting enterprises.
4 METHOD AND DATA
4.1 Data source and processing
The Chinese A-shares of listed firms from 2012 to 2021 make up the study sample. Based on the extent of the EPT’s influence, the listed companies are split into two groups: the “treatment group” and the “control group.” The “control group” is made up of non-heavy pollution industries firms that are less or virtually unaffected by the EPT, and the “treatment group” is composed of the heavy pollution industry enterprises, which are the primary focus of the EPT in China. Therefore, the research objects that most directly reflect the microeconomic impact of EPT are the heavy pollution industrial firms (He and Jing, 2023). Since China upgraded sewage fees in several provinces in 2012 and the EPT went into effect in 2018, we selected this time frame as the sample period.
We processed the raw data based on the following rules: first, we eliminated any values that are missing. Secondly, the sample identified firms that had the ST and *ST designations removed. Thirdly, the financial firm samples were eliminated. Fourth, we employed the interpolation approach to fill in the missing values. Finally, 11,049 observations were gathered, of which 405 observations belonged to the treatment group and 701 observations to the control group. The 1% and 99% quantiles were used to winsorize the continuous variables in order to remove the interference caused by aberrant values. The variable measurement data in this paper are all from the China Energy Statistical Yearbook (2013–2022), China Environmental Statistical Yearbook (2013–2022), Chinese urban Statistical Yearbook (2013–2022) and the National Bureau of Statistics. Sample firms’ financial information comes from the China Stock Market and Accounting Research database (CSMAR).
4.2 Variable description
4.2.1 Dependent variable
In this paper, GTFP serves as the explanatory variable. The typical application of data envelopment analysis (DEA) is to assess the effectiveness of multiple input-output systems. However, the conventional DEA directional distance function exhibits radiality and directivity deviations, making it unable to address the issue of input and output indicator relaxation (Fukuyama and Weber, 2009). Even if the SBM model takes non-radiality and non-directivity into account, there are still some issues where the efficiency is overstated and the input and output cannot be enhanced radially. An approach that combines SBM with DDF (directional distance function) is called SBM-DDF. Because of its non-radial and non-directional directional distance function based on relaxation, it can more effectively overcome the aforementioned issues and measure GTFP with greater accuracy (Yao and Xi, 2023). Thus, the SBM-DDF approach is used in the paper to measure GTFP and the SBM-DDF model is constructed as follows:
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In Model 1, if we assume that each measurement unit uses [image: image] to denote N inputs, [image: image] to denote M expected outputs, and [image: image] to denote K unexpected outputs. [image: image], [image: image], [image: image] denote the vector, direction vector, and slack vector of inputs, desired outputs, and undesired outputs, respectively, for [image: image] city in period [image: image]; [image: image] represents the weight of the measurement unit.
In this paper, the specific input–output indicators are as follows: (1) Capital input. The capital input is calculated by using Zhang et al. (2004)’s perpetual inventory approach (i.e., capital stock = total fixed asset formation). (2) Labor input. Labor input uses the number of employees at the end of the year. (3) Energy. Energy input is expressed as total energy consumption converted to standard coal. (4) Revenue output. Revenue output is expressed by the heavily polluting enterprises’ gross operating revenue for each year. Considering the price influence, the operating revenue was deflated against the 2010 base period. (5) Wastewater output. Waste water output selects the chemical oxygen demand (COD) of the most discharged industrial water pollution. (6) Exhaust gas output. Exhaust gas output selects the sulfur dioxide emission, which accounts for the largest proportion of industrial production emissions in atmospheric pollution. (7) Solid waste output. Solid waste output is expressed by industrial solid waste production volume.
4.2.2 Independent variable
The independent variable in this paper is the Treati*Postt interaction term, denoted as DIDit, that is, the cross-multiplying term of EPT implementation, which is used to indicate whether heavy polluters have levied EPT. Treati and Postt are used as virtual variables, in which Treati is used to classify the experimental group and the control group. The value of 1 is for enterprises that are heavily polluting and are more affected by EPT, however, 0 is for enterprises that are less affected by EPT. Postt is used to distinguish the time before and after the occurrence of policies, and 2018 is selected as the policy impact time, that is, the Postt value is 0 from 2012 to 2017, but the Postt value is 1 from 2018 to 2021.
According to Wang and Li (2023), the listed enterprises are divided into 16 heavy polluting industries, including iron and steel, building materials, mining and metallurgy and other industries according to the classification standards of heavy polluting industries in the Listed Companies Environmental Protection Verification Industry Classification Management Directory issued by the Ministry of Ecology and Environment, PRC.
4.2.3 Mechanism variable
The mechanism variable in this paper is the digital transformation of heavily polluting enterprises. Digital transformation mainly refers to the use of big data, internet of things, artificial intelligence and other digital technologies to transform the business model and production process of the enterprise, and then optimize the business mode of the enterprise, and finally complete the process of industrial upgrading (He and Liu, 2019). Based on Zhang et al. (2021), this paper measures the digitalization level by taking the proportion of the intangible assets related to digital transformation in the year-end intangible assets details disclosed in the notes to the financial reports of listed companies to the total intangible assets. More specifically, when the intangible asset details include keywords related to digital transformation technologies such as “software”, “client” and “intelligent platform”, the detailed items are defined as “digital technology intangible assets”, and then multiple digital technology intangible assets of the same company in the same year are summed up. Calculate the proportion of intangible assets in the current year, which is a proxy variable for the degree of digital transformation of enterprises.
4.2.4 Control variables
Referring to Yang et al. (2024), Kong et al. (2024) and Yao and Xi (2023), this research selects the control variables from three aspects of corporation characteristics, financial position and firm governance: enterprises age (Age), enterprises size (Size), asset liability ratio (Lev), return of assets (ROA), total assets growth rate (Growth), cash holdings level (Cash), capital expenditure (Capital), ownership concentration (Top1), board independence (Indepdir) and board size (Board). See Table 1 for specific variable definitions.
TABLE 1 | The definitions of the variables.
[image: Table 1]4.3 Model setting
4.3.1 DID model
The DID model is one of the most commonly used non-experimental methods of policy evaluation, which can be used to evaluate the micro effects of macro policies. Drawing on the research of Lin et al. (2023), this paper takes the introduction of the EPT law in 2018 as a quasi-natural experiment to investigate the impact of EPT on GTFP of heavily polluting enterprises, and builds the following initial model:
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where, GTFPit represents the level of sustainable economic and social development, DIDit represents the interaction term of policy variables, Xit represents a group of control variables, γi is the time fixed effect, μi is the individual fixed effect and εit is the residual term.
4.3.2 Intermediate effect model
In order to investigate the mediating role of digital transformation in the impact mechanism of EPT on GTFP, this paper refers to the mediating effect test method proposed by Baron and Kenny (1986), and further constructs (Equations 3, 4) on the basis of Equation 2. The specific forms are as follows:
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where, Digitalit represents development level of digital economy of enterprises, GTFPit represents the level of sustainable economic and social development, DIDit represents the policy variable interaction term, Xit represents a group of control variables, γi is the time fixed effect, μi is the individual fixed effect and εit is the residual term.
5 EMPIRICAL RESULTS
5.1 Descriptive statistics
According to the results of descriptive statistics analyses from Table 2, it can be found that: the total sample size is 11,049, the mean value of Treat is 0.367, which indicates that about 36.7% of the enterprises in the sample are in the heavy polluting industry; the mean value of Post is 0.400, which indicates that the sample of enterprises affected by EPT policies from 2012 to 2021 accounts for about 40.0%. The mean value of GTFP is 1.003, the maximum value is 1.359, the minimum value is 0.739, and the standard deviation is 0.099, which indicate to a certain extent that the GTFP of A-share listed companies is generally low and the level of greenness among different companies is uneven.
TABLE 2 | Descriptive statistics.
[image: Table 2]5.2 Baseline regression results
Table 3 reports the benchmark regression results of EPT on GTFP of heavily polluting enterprises based on Equation 2. Column (1) shows no firm or year fixed effect but with control variables added. The estimator value of regression coefficient is significant positive at the 10% level. Column (2) controlled for firm fixed effect after adding control variables, and the result still shows that the impact of EPT on GTFP has passed the test under the 5% significance level. Column (3) continues to add the year fixed effect based on Column (2), and the estimated regression coefficient rises again considerably. According to Table 3, there is a positive relationship exists in EPT and GTFP. The GTFP can increase by approximately 0.78 percentage points on average when the EPT is published, which verifies hypothesis 1 of this paper. Furthermore, the stepwise test results also demonstrate that those factors that impact EPT are under good control, and the selective control variables are scientific and receivable.
TABLE 3 | The benchmark regression results of EPT on GTFP of heavily polluting enterprises.
[image: Table 3]These results indicate that EPT can promote the heavy polluting enterprises’ GTFP. This may be due to the fact that EPT can promote the GTFP of heavy polluting enterprises by stimulating technological innovation, improving resource allocation efficiency and increasing legal pressure. First of all, according to the Porter hypothesis, appropriate environmental regulations can encourage enterprises to carry out technological innovation. The principle of “pay more for more discharge, pay less for less discharge, and pay less for no discharge” of EPT forces heavy polluting enterprises to face high environmental violation costs, thus promoting them to eliminate backward production capacity and improve production technology. Secondly, in order to reduce the cost of environmental violations and production costs, enterprises must optimize the allocation of resources, improve the efficiency of resource utilization by strengthening the supervision of the production process, using clean and efficient raw materials and rationally allocating production factors. Finally, EPT increases the legitimacy pressure of enterprises, and the government and external stakeholders evaluate enterprises according to their environmental performance, prompting enterprises to take the initiative to carry out green transformation and reduce pollutant emissions in order to establish a green image and obtain more financial support. Through these mechanisms, EPT effectively promotes the GTFP of heavy polluting enterprises.
5.3 Intermediate effect test
According to the intermediary effect model proposed by Baron and Kenny (1986), the digital transformation of the medium variable was added to model 2 to form model 3, and through model 3, the intermediary role of the digital transformation of heavy polluting enterprises in EPT and GTFP was tested.
As can be seen from Table 4 column 1, the regression coefficient α1 between EPT and GTFP of enterprises is 0.00783, which is positively significant at 1% level. The regression coefficient β1 of EPT and digital transformation is −0.0114, which has a significant negative correlation at 1% level. It shows that EPT can significantly inhibit the digital transformation of heavily polluting enterprises, which is consistent with Hypothesis 2. The regression coefficient η2 of digital transformation and GTFP is 0.00846, which is significantly positive at the level of 10%, indicating that the indirect effect is significant. It can be seen that after the addition of digital transformation, the regression coefficient η1 between EPT and GTFP decreases from 0.00783 to 0.00773, indicating that the direct effect is significant, but the product symbol of indirect effect coefficient β1*η2 is opposite to that of direct effect coefficient η1. It shows that digital transformation will obscure the promoting effect of EPT on GTFP of heavily polluting enterprises. Hypothesis 3 is verified.
TABLE 4 | Mechanism analysis.
[image: Table 4]According to the empirical results in this section, the digital transformation of heavily polluting enterprises can obscure the enhancement effect of EPT on their GTFP. This may be because although heavily polluting enterprises can promote green transformation and improve GTFP through digital transformation, the resources of enterprises are limited, especially the capital flow. When heavily polluting enterprises vigorously carry out digital transformation, it is bound to occupy a lot of capital and human resources, thus squeezing the space for green development of enterprises.
5.4 Robustness tests
5.4.1 Parallel trend test
The premise of performing DID model is that the parallel trend test holds, that is to say, there is a low variability between the treatment group (heavily polluting enterprises) and the control group (non-heavily polluting enterprises) prior to EPT law implement. In this case, the estimated results of causal effects are feasible due to the slight discrepancy. Accordingly, this paper follows relevant literature to use the event analysis method to verify whether the research sample satisfies the parallel trend (Li et al., 2016), and constructs the following model:
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In Equation 5, Treat × Postin is the dummy variable represents whether the research samples are affected by EPT, where n indicates n years before or after the policy implement when n is negative or positive, respectively. We consider the 1 year before the policy implement as the base year, and then dropped n = −1. Accordingly, βn reports the difference the treatment group suffered policy shock in comparison with the corresponding control group in the first n year.
Figure 1 describes the estimated values of a 95% confidence interval in control of time trend effects for firms and years. The estimators of βn are insignificant under the 5% level before the policy coming on, showing that there is no discernible difference between the treatment group and the control group before the occurrence of the policy. However, the estimators of coefficient have an overall growth period and almost passed the significance test under the 5% level after the policy came into effect. Therefore, the DID model applied to measures the impact of EPT on GTFP of heavily polluting enterprises fulfills the parallel trend test.
[image: Figure 1]FIGURE 1 | Parallel trend test.
5.4.2 Placebo test
To exclude the impact on benchmark results caused by omitted variables and unobservable factors, we select a placebo test to test whether the EPT is exogenous variable. More specifically, a virtual treatment group was generated randomly from the whole sample and time-frame, and conduct baseline regression on it. Then the above regression process was repeated 1,000 times.
Figure 2 describes the kernel density distribution of the estimated coefficients for randomly generated virtual treatment groups. As shown, the solid blue line indicates the coefficient estimates for the virtual treatment group, and the vertical dotted line marks the impact coefficient of the true baseline regression. In Figure 2, the result represents that the virtual estimators of coefficient are distributed around zero, while the coefficient of the real benchmark regression model in this paper is 0.00783, which is far outside the range of the virtual regression coefficient. Therefore, we can be sure that the EPT fulfills placebo test expectations, and its effect is less likely to be interpreted by random factors, which further verify the benchmark regression results are robust.
[image: Figure 2]FIGURE 2 | Placebo test.
5.4.3 PSM-DID
In order to eliminate the interference of estimation bias caused by sample selection error to the estimation results and alleviate the endogenous problem caused by omitted variables, we used the PSM-DID model to further analyze the impact of environmental protection tax policy on GTFP of heavily polluting enterprises. More specifically, this paper takes DIDit as the explained variable and control variables as the covariable, the logit model was used to estimate the probability of each sample being selected into the experimental group. Then, the nearest neighbor matching method is used to match 1∶1 samples. If there is no significant difference between matching variables after matching, the PSM-DID method is feasible.
Table 5 depicts the results of the propensity score matching balance test. The result shows that the absolute values of all standard deviations are less than 10%, and the P-value of T-test after matching is more than 10%, which indicates that the matching results are reasonable. On this basis, this paper uses the DID model to conduct a regression on the matched sample data, as shown in column (1) of Table 6. After matching the propensity score, the promotion effect of environmental protection tax on the GTFP of heavily polluting enterprises is still significant at the confidence level of 5%. The test results are basically consistent with the above reference regression results, which demonstrates that the research conclusions can be considered robust.
TABLE 5 | The propensity score matching balance test.
[image: Table 5]TABLE 6 | PSM-DID and lagged explanatory variables regression results.
[image: Table 6]5.4.4 Lagged explanatory variables
Considering that the regression results likely to be interpreted by the endogenous factors, the explanatory variable was re-estimated with a one period behind lag to alleviate the problem of simultaneity. Table 6 column (2) represents the estimated results of α1, and the regression coefficient remained positive. The estimated value was 0.00546, which was in close proximity to the regression result. Therefore, the EPT’s effect in increasing GTFP is robust.
5.5 Heterogeneity analysis
5.5.1 Heterogeneity of ownership
The nature of property rights can affect the management system and operation system of enterprises, so enterprises with different owners may make different decisions in the face of environmental regulations. According to the different property rights of enterprises, this paper divides the sample listed enterprises into two categories: state-owned enterprises and non-state-owned enterprises. The sub-samples of state-owned enterprises and non-state-owned enterprises are used to test whether there are differences in the impact of EPT on heavily polluting enterprises of two different ownership types. After re-estimated model (1), as can be seen from Table 7, column (1) indicates that the coefficient between the GTFP of state-owned enterprises and EPT is 0.0219, with a significant positive correlation at 1% level. Column (2) indicates that the coefficient between the GTFP of non-state-owned enterprises and EPT is −0.000370. It does not reach a significant level, which indicates that the promulgation of the EPT law has played a positive role in promoting the green and sustainable development of state-owned heavily polluting enterprises, but has not played a significant role in the green and sustainable development of non-state-owned enterprises. After analysis, it is found that, on the one hand, in the face of the implementation of the new environmental protection law, state-owned enterprises, as an important tool for local governments to achieve political performance demands, will tend to increase investment in environmental protection and improve the level of green development. On the other hand, state-owned enterprises have a strong political background, easy to obtain government support and preferential policies, and easier to protect the green development of enterprises.
TABLE 7 | Heterogeneity of ownership results.
[image: Table 7]5.5.2 Heterogeneity of size
The scale of enterprises can affect the economic benefits, technological innovation and social responsibility of enterprises. In order to study the impact of different sizes of enterprises on EPT and GTFP of enterprises, we divided the sample enterprises into small enterprises and large enterprises based on the median of total assets of enterprises. Through regression analysis, it is found that the coefficient between GTFP and EPT in large enterprises is 0.00949, which is significantly positively correlated at the 5% level in Table 8. But the coefficient between GTFP and EPT in small enterprises is 0.00493, which is not significant. This shows that the implementation of EPT law has promoted the green innovation level of large enterprises. The reason may be that small enterprises have difficulties in carrying out green technology innovation activities due to their limited financial situation and capacity. Large enterprises can invest more research and development investment and technical resources, and it is easier to obtain the attention and support of the government and financial institutions. At the same time, large enterprises are more capable and willing to undertake social responsibilities and carry out green development.
TABLE 8 | Heterogeneity of size results.
[image: Table 8]5.5.3 Heterogeneity of market concentration
Enterprises in industries with high market concentration tend to have high profit margins and strong anti-risk ability, which makes enterprises may maintain a high profit level under the background of strong environmental regulations. Therefore, it is an empirical topic worth studying to test whether the EPT can improve the GTFP of monopoly industries. Herfindahl-hirschman Index (HHI) is a common index to measure industrial concentration. The larger the Herfindahl index is, the higher the industrial market concentration is.
Therefore, according to the difference in industry concentration, that is, whether the Herfindahl index is greater than 0.5, this paper divides the sample listed enterprises into two categories: high market concentration and low market concentration, and tests whether the EPT will produce significant differences between the two groups of samples. As can be seen from Table 9, the promotion effect of EPT on GTFP of heavily polluting enterprises with low market concentration is significant at 1% confidence level, and the promotion effect on industries with high market concentration is significant at 5% confidence level.
TABLE 9 | Heterogeneity of market concentration results.
[image: Table 9]Companies with high market concentration tend to face stronger social supervision, so companies will tend to regulate their environmental violations to maintain their reputation. Enterprises with low market concentration are usually in a market structure with fierce competition and a relatively poor market development environment. Should they bear the tax burden cost of EPT or increase investment in green transformation? It often becomes a prudent choice for enterprises. Therefore, the exogenous policy impact of EPT on the GTFP of such enterprises is not as strong as that of heavy polluting enterprises with high market concentration.
6 CONCLUSION AND RECOMMENDATIONS
In this study, a DID model was used to analyze the impact of EPT on the GTFP of heavily polluting enterprises. The results show that compared with non-heavily polluting enterprises, the GTFP of heavily polluting enterprises will increase by 0.78 percentage points after the implementation of EPT law. The implementation of digital transformation by heavily polluting enterprises can obscure the role of EPT in improving their GTFP. After the robustness test, the conclusion is still valid. We consider heterogeneity in terms of ownership, firm size, and market concentration. Relative to non-state-owned enterprises, EPT has a stronger role in promoting GTFP in state-owned enterprises. Moreover, this positive effect is more pronounced among large enterprises and those with high market concentration.
Overall, EPT has a good incentive effect on the green development of heavily polluting enterprises. After the pilot policy, the GTFP level of heavily polluting enterprises has been significantly improved. However, the balance between digital transformation and green development of heavily polluting enterprises needs further consideration. In order to achieve the goal of green development and digital development of heavily polluting enterprises, the following suggestions are put forward: firstly, in view of the EPT will promote the GTFP of heavily polluting enterprises, enterprises should take advantage of the trend, respond to policy requirements, actively fulfill tax obligations, and enhance the awareness of green sustainable development. Secondly, considering the masking effect of digital transformation, heavily polluting enterprises should carefully consider and weigh the relationship between digital investment and green investment when carrying out digital transformation, and strive to achieve a benign balance. Finally, the government is supposed to flexibly adjust preferential policies based on the characteristics of enterprises, strengthen the management of EPT for non-state-owned enterprises, small-scale enterprises and enterprises with low market concentration, release the regulatory role of market-oriented environmental regulations on the environmental responsibility of heavily polluting enterprises, and realize the “positive” effect of environmental regulations on green technology innovation.
Despite its value and interest, our research has obvious limits. First of all, China serves as the backdrop for our EPT policy, and the study data are also gathered inside the framework of Chinese listed firms. As a result, this document has limited reference value for examining how environmental protection tax laws are implemented in other nations. Second, measurements of GTFP indicators can be more precise because of the restricted data availability. To strengthen the outcomes, the variable index system’s measurement dimensions may be expanded in the future. Finally, as the EPT policy was only put into place in 2018, we could only look at sample data until 2021, making it challenging to assess the policy’s long-term effects. To provide more accurate results, further discussion of the policy’s long-term implications is required.
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“** p <001,
“*p < 0.05.

*p <0l





OPS/images/fenvs-12-1484910-t001.jpg
Variable

properties

Variable meaning

Definitions

Input

Output

Dependent variable

Independent variable

Mechanism variable

Control variables

Capital Capital input Total fixed asset formation

Labor Labor input ‘The number of employees at the end of the year

Energy Energy input Total energy consumption converted to standard coal

Revenue Expected output The operating revenue deflated against the 2010 base period

Wastewater Unexpected output ‘The chemical oxygen demand

Exhaust gas “The sulfur dioxide emissions

Solid waste ‘The solid waste production

GTEP Green total factor Through the SBM-DDF model to calculate

productivity

Treat Dummy variable 1 for the treatment group and 0 for the control group

Post Dummy variable 0 before 2018, otherwise 1

DID Net effect of policy Treat x Post

Digital Degree of digital ‘The proportion of the intangible assets related to digital transformation

transformation

Age Enterprises age ‘The number of years the company has been listed plus the logarithm of 1

Size Enterprises size ‘The natural logarithm of a firm’s total assets

Lev Asset-liability ratio ‘The ratio of total liabilities to total assets of an enterprise

ROA Return of assets ‘The proportion of enterprise net profit to total assets

Growth Total assets growth rate | The growth rate of total assets

Cash Cash holdings level ‘The proportion of corporate cash holdings to total assets

Capital Capital expenditure ‘The ratio of cash paid by enterprises for the purchase and construction of fixed assets,
intangible assets and other long-term assets to total assets

Topl Ownership concentration  The proportion of the largest shareholder

Indepdir Board independence ‘The number of independent directors in the board of directors

Board Board size the natural logarithm of the number of board members
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Treat 11,049 0367 0482 | 0000 | 1000
Post 11,049 0400 0490 0000 | 1000
GTEP 11,049 1003 0099 | 0739 | 1359
Digital 11,049 0117 0263 | -1160 | 4983
Age 11,049 2580 0537 1099 | 3466
Size 11,049 2385 | 1342 | 16117 | 28293

’ Lev 11,049 0472 0.302 0.014 12127
Roa 11,049 0023 0208 | -6776 | 8441
Growth 11,049 0127 0513 | -0972 | 24247
Cash 11,049 0045 0084 | -1686 | 2222
Capital 11,049 0044 0047 | 0038 | 0642

7 Topl 11,049 32726 | 14863 | 3.000 | 89990
Indepdir 11,049 0375 0057 | 0200 | 0800
Board 11,049 2140 0192 1386

2.890
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DID 00219+ 0000370
(0.00472) (0.00346)
Age 00148 00111
(0.0130) (0.00842)
Size 000186 0000344
(0.00294) (0.00228)
Lev 0.0515% 00158
(0.0139) (0.00791)
™ 00491 00129
(0.0261) (0.0135)
Growth 0.00816 ~0.000487
(0.00708) (0.00405)
Cash 000744 000205
(0.0194) (0.0146)
Capital 0.00896 00283
(0.0389) (0.0265)
Topl 7.17¢-05 0.000206
(0.000188) (0.000149)
Indepdir 00892+ 00121
(0.0389) (0.0308)
Board 00536 000983
(0.0133) (0.0107)
Constant 1205 0952+
(0.0782) (0.0591)
Firm FE Yes Yes
Year FE Yes Yes
Observations 4768 6,250
R-squared 0567 0578

Coefficient difference between groups (P-value)

0.000°%*

Robust standard errors in parentheses. The difference between groups and the P-value are the results of the coefficient difference test between Fisher groups.

“** p <001
“*p <005
*p<0.l.
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Matched Treated Control Bias (%) |bias| (%) T value P>|T|
Age u 28413 25363 668 2129 0
M 28413 28471 -13 98.1 046 0.648
Size u o 22329 308 | 1141 0
M 22733 | 22679 [ 41 867 | 112 0264
Lev u 04467 046781 -101 | 365 0
M 04467 0.4462 [ 02 | 97.7 | 007 0946
Roa u 003191 002415 10 379 0
M oot oors 36 642 | 0.98 0329
Growth u 006643 0.11515 -235 -7.87 0
M 006643 0.05872 37 842 121 0225
Cash u 006549 om0t 336 [ | 122 0
M 006549 oo | 25 | 925 0.69 0492
Capital u ooy | 00406 18 0.65 0514
M 004383 oomst 0 | 987 | -001 0995
l Topl u 33314 | 32,603 48 177 0076
M 33314 | 33.357 [ -03 | 939 | ~0.08 0934
Indepdir u 037566 037511 1 037 0715
M owses | omes -12 | -234 | -034 0735
Board u 21422 21385 20 072 0472
M 21422 | 21397 17 143 | 045 0.650
Robust standard errors in parentheses.
“*p <001
“*p <005

*p <0l
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PSM-DID 000783+
(0.00280)
LDID 0.00546*
(0.00304)
Age ~0.00302 ~0.000500
(0.00623) (0.00791)
Size -0.00220 000142
(0.00176) (0.00195)
Lev 00274+ 00262
(0.00692) (0.00731)
Roa 0.0226* 00306+
(0.0125) (0.0123)
Growth 000411 000285
(0.00354) (0.00354)
Cash 000596 00104
(0.0119) (0.0122)
Capital 00201 00164
(0.0218) (0.0232)
' Topl 0000174 643¢-05
(0.000115) (0.000126)
Indepdir 00393 00256
(0.0243) (0.0263)
Board 00132 -00118
(0.00843) (0.00919)
Constant 0000542 1056+
(0.00563) (0.0524)
Firm FE. Yes Yes
Year FE Yes Yes
Observations 11,049 9,943
R-squared 0556 0589

Robust standard errors in parentheses.
“*p <00l

" p <005

*p<0l.
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