[image: image1]Can Environmental Information Disclosure Improve Urban Green Economic Efficiency? New Evidence From the Mediating Effects Model

		ORIGINAL RESEARCH
published: 04 July 2022
doi: 10.3389/fenvs.2022.920879


[image: image2]
Can Environmental Information Disclosure Improve Urban Green Economic Efficiency? New Evidence From the Mediating Effects Model
Shihai Lin*
Harbin Vocational College of Science and Technology, Harbin, China
Edited by:
Kangyin Dong, University of International Business and Economics, China
Reviewed by:
Minda Ma, Tsinghua University, China
Hong-Dian Jiang, China University of Geosciences, China
* Correspondence: Shihai Lin, linshihai_hvcst@163.com
Specialty section: This article was submitted to Environmental Economics and Management, a section of the journal Frontiers in Environmental Science.
Received: 15 April 2022
Accepted: 12 May 2022
Published: 04 July 2022
Citation: Lin S (2022) Can Environmental Information Disclosure Improve Urban Green Economic Efficiency? New Evidence From the Mediating Effects Model. Front. Environ. Sci. 10:920879. doi: 10.3389/fenvs.2022.920879

Environmental information disclosure is one of the important ways to realize urban sustainable development. This study explores the transmission mechanism between environmental information disclosure and urban green economic efficiency (UGEE) and solves the “black box” system between them. In this method, first, the urban green economic efficiency is calculated using the data envelopment analysis model with undesirable output. Second, the panel data model and the mediating effects model are employed to test the impact of environmental information disclosure on urban green economic efficiency and the possible mediating variables. The main conclusions of this study are as follows: 1) Environmental information disclosure significantly improves urban green economic efficiency, and reducing industrial pollutant emission and improving technological innovation are the significant transmission mechanisms. (2) There is a U-shaped curve relationship between environmental information disclosure and urban green economic efficiency and environmental information disclosure and technological innovation. On the contrary, there is an inverted U-shaped curve relationship between environmental information disclosure and industrial pollutant emission. 3) Environmental information disclosure has a greater sustainability effect in industrial cities. The conclusion shows that environmental information disclosure can improve the efficiency of urban green economy by improving the ability of urban technological innovation and reducing the emission of industrial pollutants. Environmental information disclosure plays a role of “restraining first and then promoting” to sustainable development. This research provides a reference for how to lessen information asymmetry and reduce negative externalities in the formulation of environmental regulatory policies.
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INTRODUCTION
In the past stage, China’s economic growth has achieved remarkable results. According to the data from the China Statistical Yearbook, the total GDP increased from 6,087.1 (unit: billion dollars) in 2010 to 14,722.7 (billion dollars) in 2020, with an average annual growth rate of more than 8.3%. However, the cost of rapid economic growth is the huge consumption of energy and the deterioration of the ecological environment. Since 2010, China has become the largest country in energy consumption. According to the China Energy Development Report 2020, from 2015 to 2020, China’s energy consumption increased from 4.34 to 4.98 (unit: billion tons of standard coal), of which coal and oil still dominate. Achieving sustainable development and coping with global climate change is an important research theme of urban development (Jiang et al., 2022a). The 19th Congress of the Communist Party of China pointed out that China’s economic growth has shifted from a high-speed growth stage to a high-quality development stage. The core of high-quality development is green economic growth, that is, maintaining the balance between economic growth and environmental sustainability (Li et al., 2022). As being the most important administrative unit of economic growth, the city is the carrier of enterprise operation, residents’ life, and economic and social development. In addition to the tertiary industry and service industry, the building industry also plays a non-negligible role in urban carbon neutralization and sustainable development (Sun et al., 2022). The total carbon emission of China’s commercial building industry reached 793 (MtCO2) in 2018, 3.74 times higher than that in 2000 (Xiang et al., 2022a). Therefore, the green total factor productivity with cities as samples is more in line with the needs of realizing the sustainable development of the whole society. Exploring how to achieve urban green economic efficiency under the restriction of environmental protection has important theoretical significance and practical value. The main purpose of this study was to measure the efficiency of urban green economy and analyze its influencing factors.
The existing research has conducted a wealth of research on the methods of measuring the efficiency of green economy. As a nonparametric method, data envelopment analysis (DEA) has greater advantages in dealing with multi-input and multi-output data (Wang et al., 2018b). Chung et al. (1997) incorporated unexpected output into the Malmquist model for the first time and named it as the Malmquist–Luenberger Productivity Index (MLPI). Further, Fare et al. (2010) combined the global frontier method with the MLPI to obtain the Global Malmquist–Luenberger Productivity Index (GMLPI). This method can compare and analyze the productivity of multiple periods; therefore, it is widely used in the productivity analysis of regions and enterprises. For example, Liu et al. (2021), Emrouznejad and Yang (2016), and Gao et al. (2021) measured the green total factor productivity of the transportation industry, the manufacturing industry, and the whole province with 30 provinces in China, respectively. Zhang et al. (2019) measured the green total factor productivity of 220,000 enterprises in China. In addition, Xiang et al. (2022b) applied the Python method to the measurement of input–output system, which greatly expanded the empirical method in this field. However, the existing literature lacks the measurement of total factor green productivity with Chinese cities as samples. This study tries to fill this gap and calculate the GMLPI of 113 cities in China under the constraints of energy and environment.
Among the many influencing factors of urban green economy, emission trading (Jiang et al., 2022b), technological innovation (Du et al., 2021), education (Zafar et al., 2021), infrastructure (Mohmand et al., 2020), industrial upgrading (Shao et al., 2021), and energy market reform (Jiang et al., 2020) have been proved to play an important role. In addition to the above factors, environmental regulation is considered to be the most important means of governance (Liu Y. et al., 2020). The government intervention theory holds that the formal environmental regulation led by the government can significantly promote regional sustainable development by internalizing the negative externalities of pollution, which is the Porter hypothesis (Porter and Linde, 1995). Porter and Linde (1995) hold that strict environmental regulation will induce technological innovation of enterprises and finally achieve a win–win situation of environmental protection and economic development. Zhang et al. (2019) took China as a sample and concluded that environmental regulation is conducive to industrial green growth. Wu et al. (2020) also confirmed the positive effect of environmental regulation on carbon emission reduction. On the contrary, neoclassical economic theory holds that due to the information asymmetry, the government cannot accurately grasp the external cost of each industry or enterprise (Ambec et al., 2013). Environmental regulation policies may cause enterprises to face problems such as additional loss of environmental protection equipment and mismatch between production resources and original equipment, namely “compliance cost,” which leads to the decline in enterprise production efficiency (Hancevic, 2016). Fu et al. (2020) also denied the sustainable effect of environmental regulation on enterprises. The main conflict between the above two views is whether the government can have complete information. Therefore, identifying the information asymmetry between the government and enterprises in pollution will help in the means of environmental regulation to give play to greater economic and social benefits (Jolink and Niesten, 2020). Environmental information disclosure will also promote enterprises to improve their production behavior and promote the efficiency of green economy (Fan et al., 2020). However, the existing literature lacks attention to the problem of information asymmetry in environmental regulation.
The Institute of Public and Environmental Affairs (IPE) and Nature Resources Defense Council (NRDC) have published the Pollution Information Transparency Index (PITI) for 113 cities in China since 2009. It provides new data for exploring the role of information asymmetry in sustainability. The PITI measures the level of information disclosure of urban environment and pollution sources, including daily monitoring of enterprise pollutant emissions, government environmental protection, government affairs disclosure, enterprise violations, and other aspects. Scholars have made many valuable researches using PITI: Tu et al. (2019) put forward that the pollutant emission reduction effect of environmental information disclosure only exists in the eastern region; Feng et al. (2021b) empirically analyzed the impact of the PITI on economic growth and haze pollution; and Zhong et al. (2021) used the spatial Durbin model to analyze the emission reduction effect of the PITI on major industrial pollutants. However, the above researches have the following two defects: Firstly, the impact of EID on sustainable development is regarded as a black box, and there is a lack of discussion on the possible intermediary variable. Secondly, there is a lack of discussion on the possible nonlinear relationship between them. Therefore, this study will make an in-depth analysis of the above defects.
The main innovations of this study are as follows: 1) This study calculates the Global Malmquist–Luenberger Productivity Index of 113 cities in China from 2008 to 2018 for the first time based on the DEA method containing undesirable output. (2) From both theoretical and empirical aspects, this study first analyzes the impact of EID on urban green economic efficiency and its transmission path and uses the mediating effects model to test whether industrial pollution emissions and technological innovation are the possible mediating variables, and it also discusses the possible “U-shaped” or “inverted U-shaped” curve relationship between EID and each of the variables. 3) It conducts heterogeneity analysis of different types of cities, which is helpful for the government to carry out differentiated environmental regulation policies according to urban characteristics. The robustness test and the instrumental variable method show that the conclusion of the research is credible.
The rest of this study is arranged as follows: The second part is the theoretical basis and research hypothesis; the third part introduces the model setting and data sources; the fourth part is the empirical results and further analysis; the fifth part discusses the main conclusions of this research; and the sixth part is the conclusion and policy recommendations.
RESEARCH HYPOTHESIS
Environment, as a nonexclusive and compulsory public product with consumption, is facing the dilemma of “more consumers and fewer investors” in economic development (Ajayi et al., 2012). When the means of environmental supervision are missing, the excessive discharge of pollutants forms the negative externality of economic growth (Chen et al., 2015). In order to make up the gap between private cost and social cost, the government usually uses environmental control, allocation of emission rights, and other policies to internalize external costs (Wang and Shen, 2016). However, the policies are constrained by information asymmetry, which makes the policy effect often lower-than-expected (Nie et al., 2021). The root cause of information asymmetry is the low efficiency of updating pollutant emission information of industrial enterprises. The supervision of pollution behavior of industrial enterprises by the government is often quarterly or annual static detection, rather than real-time dynamic monitoring. In addition, the low degree of informatization of environmental supervision and the low degree of public participation make it difficult for environmental policies to achieve the desired results (Elnaboulsi et al., 2018). The main purpose of EID measures is to standardize and promote the environmental protection administrative departments and enterprises to disclose environmental information, ensure the rights of citizens and society to obtain environmental information, and promote public participation and environmental protection. EID will regulate or restrict the behavior of administrative departments and enterprises:
Figure 1 shows the impact of EID on the efficiency of urban green economy and its transmission mechanism. Firstly, EID makes up for the information asymmetry; real-time monitoring of enterprise sewage strengthens the supervision of local governments to enterprises. Under the real-time monitoring of pollutant discharge, the phenomenon of enterprises’ disorderly discharge of pollutants is restricted, and local governments can accurately identify specific pollutant discharge enterprises and then take precise disciplinary measures (Jiang et al., 2021). The supervision of public opinion on enterprises with high pollutant discharge will also force enterprises and competent departments to optimize cleaner production (Qu et al., 2021). At all levels of government, information disclosure promotes the transparency of environmental protection achievements and government affairs and makes up for the shortcomings of “environmental protection supervision” and other systems that cannot continuously supervise local governments. To sum up, EID reduces information asymmetry, strengthens the identification of negative externalities of the environment, and corrects the speculative behavior of government and enterprises, which generally shows the role of promoting sustainable development.
[image: Figure 1]FIGURE 1 | Pathway of EID to UGEE.
This research puts forward Hypothesis 1: Environmental information disclosure (EID) can promote urban green economic efficiency (UGEE).
However, the above analysis regards the impact process of “EID——UGEE” as black box; it is necessary to discuss its transmission mechanism to provide support for deepening policy implementation. EID will first affect the sewage behavior of the enterprise; transparent sewage information and real-time sewage supervision in the long time may significantly reduce enterprise pollutant emissions (Zhong et al., 2021). The reduction of pollution level will further alleviate haze pollution and ultimately improve the efficiency of urban green economy. In addition, how to reduce pollutant emissions while ensuring economic benefits has become the core of green development of enterprises, and the pursuit of clean production technology and sustainable development technology has also become the common pursuit of enterprises and the government (Xing et al., 2021). Therefore, information disclosure will force enterprises and the government to spend more on scientific and technological innovation, forcing enterprises to adopt more green production technology. Further, technological innovation will promote urban green development and sustainability.
This research puts forward Hypothesis 2: Industrial pollution emission and technological innovation may be the mediating variables of EID affecting UGEE.
Environmental policy shocks may exist diversity in the short and long term. In the early stage of implementation, policies may even show reverse results due to reasons such as guillotine cutting problem and difficult to grasp the scale (Liu J. et al., 2020). This study argues that EID in different periods will also produce heterogeneity, resulting in a nonlinear relationship with UGEE. In the early stage, the low levels of information disclosure may inhibit the green economic growth: On the one hand, information disclosure forces enterprises to reduce pollution by reducing production, which leads to the decline in economic benefits. On the other hand, the government may have some faults at early stage, such as unclear division of responsibilities and inadequate implementation, which lead to the low level of information disclosure and unsatisfactory effect. With the improvement in EID, cleaner production has gradually become a consensus of the government, enterprises, and the public. Moreover, with the improvement in technology innovation, infrastructure construction, and supporting environmental regulation means, the environmental information disclosure gradually forms scale effect and finally shows the promotion effect on sustainable development.
This study puts forward Hypothesis 3: There is a nonlinear relationship between environmental information disclosure and urban green economic efficiency, industrial pollution emissions, and technological innovation.
MODEL AND VARIABLES
Global Malmquist–Luenberger Productivity Index
This study takes 113 cities in China as independent decision-making units (DMU), three variables as input indicators, named as [image: image], one variable as desirable output, named as [image: image], and one variable as undesirable output, named as [image: image]; t = 2008,…, 2018 is the research period of the study. The directional distance function defined in year t is as follows:
[image: image]
In Eq. 1, [image: image] is the directional vector, [image: image] is the directional distance function of y maximization and b minimization in year t. Eq. 1 shows that, given the input X, the expected output Y and the unexpected output B increase and decrease in the same proportion. [image: image] is the production possibility set of the current period. The Global Malmquist–Luenberger Productivity Index (GMLPI) represents the union of production possibility in all periods (2008–2018 in this study) as a global set of production possibility, that is, [image: image]. Under constant returns to scale (CRS) assumption, the GMLPI from t to t+1 can be defined as
[image: image]
In Eq. 2, [image: image] represents technical efficiency change from period t to t + 1, which means the city’s production level and the scale effect of science and technology. EC > 1 reveals that there has been an improvement in efficiency between t and t+1. [image: image] represents the technological change from t to t + 1. TC > 1 reveals the technical progress between t and t+1.
Econometric Models
In order to empirically test whether EID can significantly contribute to UGEE, this study proposes to use mixed OLS regression models, random-effects models, and fixed-effects models for conducting benchmark panel regression models. The basic assumption of the mixed OLS regression model is that there are no individual effects, and based on the research in this study, the OLS model is set as follows:
[image: image]
where GMLPI represents urban green economic efficiency, PITI represents the Environmental Information Disclosure Index, X represents the control variable, i and t represent the individual and period of the sample, respectively, and [image: image] represents the disturbance term. [image: image] is the most interesting coefficient in Eq. 1, which indicates the effect of environmental information disclosure on urban green economic efficiency. The mixed regression assumes that there are no individual effects in cities, which may not be consistent with reality. Further, this study sets up random- and fixed-effects models as follows:
[image: image]
Equation 4 represents random-effects and fixed-effects models. The meaning of the characters is the same as in Eq. 1, but the disturbance term is represented by [image: image], where ui represents an individual effect. When ui is not correlated with the explanatory variables {PITIit, Xit}, a random-effects model should be used; when ui is correlated with one or several explanatory variables, a fixed-effects model should be used. In order to empirically test which of the mixed OLS regression, random-effects, or fixed-effects model is more appropriate for the empirical data in this study, F tests, LM tests, and Hausman’s tests should be conducted.
The above panel data model treats the impact of environmental information disclosure on urban green economic efficiency as a “black box” and lacks a discussion of the transmission mechanisms involved. This study sets up a mediating model as follows:
[image: image]
POLLUTION represents industrial pollution emissions, which is one of the assumed mediating variables in this study. The effect of environmental information disclosure on industrial pollution emissions is measured by [image: image], [image: image] indicates whether industrial pollution emissions can significantly affect the efficiency of urban green economies, and [image: image] is used to test the validity of the mediating variable. The mediating variable is valid when [image: image] are both economically significant and statistically significant with [image: image]. The meaning of the remaining indicators is consistent with the panel data. Similarly, a mediating effects model with technological innovation (TECH) as the mediating variable is set up as follows:
[image: image]
As with the panel data model, the F test, LM test, and Hausman test need to be introduced in the mediating effects model for mixed OLS, random-effects, and fixed-effects model identification.
In addition, in the mediating effects model, it needs to focus on the size of the mediating effect and the weight of the mediating effect in the total effect, which measures the extent to which the mediating variable plays a role in the effect of environmental information disclosure on urban green economic efficiency. According to Mackinnon et al. (1995) and Mackinnon et al. (2002), the mediating effects model is assumed to be
[image: image]
The mediating effect of the mediating variable (M) is ab (either c - c*), and the proportion of the mediating effect in the total effect is ab/(c + ab).
Variable Selection and Data Sources
Firstly, this study measured the green economic efficiency of cities using a DEA model that includes undesired outputs to obtain the Global Malmquist–Luenberger Productivity Index. Input and output indicators were selected as follows.
Input indicators: 1) capital—capital represents the sum of all capital that can be invested in the production in the current year, including new fixed and current assets and depreciated fixed assets invested in the previous period. According to Wu et al. (2021), this study uses the perpetual inventory method to calculate the combined assets of each city in the current year; 2) labor force—this study selects the sum of primary, secondary, and tertiary workers in each city in the current year to represent the labor force level; and 3) energy consumption—electricity consumption represents the city’s energy consumption and reflects the level of green economic development of the city under the energy constraint. Drawing on the study by Liu et al. (2019), this study selects the total electricity consumption of each city in the current year to represent the level of energy consumption.
Output indicators: 1) GDP—According to Yang et al. (2021), this study takes the regional GDP of each city for the year to represent the desired output. This indicator measures the economic benefits that can be generated with a certain input of capital, labor, and energy; and 2) PM2.5—PM2.5 concentration measures environmental pollution in cities and reflects the extent of environmental damage caused by economic production in cities (Cheng et al., 2020). The inclusion of PM2.5 concentration as undesirable output in the model indicates the efficiency of a green economy under environmental constraints.
Secondly, this study uses the panel data model and the mediating effects model to empirically test the impact of environmental information disclosure on urban green economic efficiency and the transmission mechanism. The following variables were selected for empirical analysis in this study.
Explained variables: The Global Malmquist–Luenberger Productivity Index (GMLPI) for each city was measured based on the DEA model with undesired output. According to Fare et al. (2010), the GMLPIt, t-1 indicates the combined productivity in period t when the base period is t-1, and since the GMLPI uses the same production frontier for all years, comparisons can be made between multiple years. In this study, the GMLPI is calculated to represent UGEE for each subsequent year using 2008 as the base period. The GMLPI for each year measures the level of urban green economic efficiency compared to 2008.
Core explanatory variables: The Pollution Information Transparency Index (LNPITI), published by IPE and NRDC since 2009, covers the number of subindicators, including environmental supervisory information, interaction and response, enterprise emission data, and environmental impact assessment information, each of which is scored in terms of systematicity, timeliness, friendliness, and completeness. It can effectively represent the level of environmental information disclosure in cities (Feng et al., 2021a; Feng et al., 2021b; Zhong et al., 2021).
Intermediate variables: 1) Industrial pollution emissions (POLLUTION)—industrial pollution emissions measure the damage caused to the environment by enterprises in the production process. Reducing industrial pollutant emissions is an important manifestation for enterprises to achieve clean production and sustainable development. According to Zhang et al. (2018), this study uses the sum of industrial wastewater emissions, industrial sulfur dioxide emissions, and industrial soot emissions to represent urban industrial pollutant emissions; and 2) technological innovation (TECH)—in this study, the total number of patents granted in a city in a year represents the level of technological innovation. The number of patents granted reflects the new basic inventions, utility model inventions, and appearance patents of the city in that year. The higher the number of patents granted, the more likely an enterprise is to achieve product innovation and process innovation.
Control variables: 1) foreign direct investment (FDI)—foreign direct investment has both positive and negative effects on the green economy of a city; foreign direct investment may bring advanced production and management technologies to the city, that is, the “pull effect”, while foreign direct investment may also bring more “energy-intensive and high-polluting” enterprises, which are harmful to the local ecological environment, that is, the “suppression effect.” The “pull effect” is that foreign direct investment may bring advanced production and management technologies to the city, while foreign direct investment may also bring more “energy-intensive and polluting” enterprises, which may harm the local ecological environment. This indicator is measured by the actual amount of foreign investment utilized by each city in the current year; 2) education level (LAOBR)—according to Peng et al. (2020), this study uses (number of students graduating from tertiary education in the year*12 + number of students graduating from secondary school*9 + number of primary school graduates*6) to measure the level of education in a city. The higher the level of education, the higher the quality of the urban labor force and the greater the potential for developing high-end manufacturing or high-tech industries. The expected coefficient of this indicator is positive; 3) industrial structure (OIS)—this study measures the city’s industrial structure by the proportion of tertiary industry output in GDP (Cheng et al., 2018). The higher the proportion of tertiary industry indicates that the city is less dependent on industrial industry and faces fewer obstacles in developing a green economy. The expected coefficient of this indicator is positive; and 4) transportation infrastructure (ROAD)—a well-developed transport infrastructure facilitates the efficient flow of energy, raw materials, and products, and is the basic guarantee for the development of a green economy in a city. Referring to the study of Wang et al. (2020), this study selects the road area per square kilometer to represent the transport infrastructure.
The core explanatory variables, mediating variables, and control variables are treated by taking the natural logarithm in this study in order to ensure data smoothness. Data on the core explanatory variables (PITI) are obtained from the annual Environmental Information Disclosure Index report published by IPE and NRDC (www.ipe.org.cn/). Data for the mediating and control variables are obtained from the China Urban Statistical Yearbook 2009–2019 and the China Urban Construction Statistical Yearbook 2008–2018. Table 1 reports the descriptive statistical results of each variable.
TABLE 1 | Descriptive statistics of variables.
[image: Table 1]EMPIRICAL RESULTS
Urban Green Economic Efficiency
Based on the DEA model with undesirable output, this study calculates the Global Malmquist–Luenberger Productivity Index (GMLPI) of 113 cities from 2008 to 2018, and decomposes it into technology change (TC) and technology efficiency change (EC), which meet GMLPI = EC * TC. The TC in each year indicates that the level of technological innovation changes compared with the previous year, that is, the movement of production frontier. If the TC value is greater than 1, it means that there has been technological progress compared with the previous year. The index of technological efficiency change in each year indicates the utilization and development of the existing technology level when the technology level (i.e., the production frontier) is fixed. If the EC value is greater than 1, it means that the technical efficiency has been improved compared with the previous year; that is, the existing technology has been fully utilized through management level, production proficiency, and other ways. The GMLPI value indicates the change in comprehensive efficiency compared with the previous year, and if GMLPI is greater than 1, it indicates the progress of comprehensive efficiency. Figure 2 illustrates the GMLPI/EC/TC trend over the period 2008–2018, and it can be seen the GMLPI was greater than 1 in 2008–2009, 2010–2012, and 2015–2017, indicating that there was an improvement in the green economic efficiency of cities. The product of the GMLPI values for each year is 1.0994, indicating that the average value of green economic efficiency for the 113 cities rose by approximately 9.94% in 2018 compared with that in 2008.
[image: Figure 2]FIGURE 2 | Urban green economic efficiency trends, 2008–2018.
Panel Data Model Empirical Results
Table 2 reports the regression results and test results based on mixed OLS regression, random-effects, and fixed-effects models. The results of the LM test and the F test show that the mixed OLS regression is biased, and the possible individual effects should be considered; the Hausman test shows that the fixed-effects model is optimum. The results in the third column of Table 2 show that the coefficient of the LNPITI is positive and significant (0.0235, p-value: 0.066); that is, EID has promoted UGEE obviously. The results in the fourth column of Table 3 show that the quadratic coefficient of the LNPITI is significantly positive and the primary coefficient is significantly negative; there is a “U-shaped” curve relationship between EID and UGEE. According to the coefficient, the value of the LNPITI at the inflection point of the curve is about 3.274; that is, when the PITI is lower than 26.41, it will inhibit UGEE. When the PITI crosses the inflection point, environmental information disclosure, as one of the means of environmental regulation, will promote the development of urban economy to a more sustainable and green direction. In 2008, the PITI of 55 cities was lower than 26.41, and all cities crossed the inflection point in 2018 except Mudanjiang. This warns the government that EID may inhibit industrial development in the short time, and even lead to a crowding-out effect on enterprises with high pollution. However, in the long run, it is conducive to the sustainable development of cities and regions. For the government, the exchange of the cost of environment and energy consumption for economic growth is not a long-time solution; it is obvious that the implementation and strengthening of various environmental policies, promoting industrial green transformation, and upgrading are the fundamental ways of sustainable economic development. In addition, the control variables also provide valuable information. Foreign direct investment, human capital level, and transportation infrastructure construction all play an obvious role in promoting urban green economy.
TABLE 2 | Empirical results of influencing factors of UGEE.
[image: Table 2]TABLE 3 | Regression results of the mediating effects model (TECH).
[image: Table 3]Regression Results of the Mediating Effects Model
The above benchmark regression results show that the EID can promote the UGEE. Furthermore, based on the mediating effects model, this section analyzes the mediating effect of industrial pollution emissions and technological innovation.
Table 4 reports the regression results with industrial pollution emissions as the mediating variable: Model 5 and Model 6 describe the impact of information disclosure on industrial pollution; Model 7 describes the impact of industrial pollution on urban green economic efficiency; and Model 8 tests the validity of the mediating variables. The results of Model 5 show that an increase of 1% in the LNPITI can significantly reduce POLLUTION by 0.3831%. The coefficient of POLLUTION in Model 7 is negative and significant (−0.0367, p-value: 0.000), indicating that the reduction in industrial pollution emissions will improve the efficiency of urban green economy. Model 8 shows that when industrial pollution emissions are included in the regression model, the regression coefficient and significance of information disclosure are significantly reduced; that is, the mediating variable is effective. The mediating effect of industrial pollution emissions is about 0.0136, accounting for about 0.367% of the total effect. Through the “supervision effect” and “warning effect,” EID promotes enterprises to improve their cleaner production capacity and reduces industrial pollution emissions. The reduction in industrial pollutant emissions also alleviates haze pollution and ultimately shows the promotion of UGEE. Further, Model 6 shows that the primary coefficient of the LNPITI is significantly positive and the secondary coefficient is significantly negative. It shows there is an “inverted U-shaped” curve relationship between them. According to the coefficient, the value of the LNPITI at the inflection point of the curve is about 3.093; that is, when the PITI exceeds 22.04, the impact on industrial pollution emissions will change. This shows that the “warning effect” and the “supervision effect” need to be accumulated to a certain extent in order to restrict the emission behavior of enterprises. In 2008, a total of 39 cities were on the left side of the curve; that is, the level of information disclosure increased industrial pollution emissions. In 2018, all cities are on the right side of the curve; that is, all sample cities have realized the weakening effect of information disclosure on industrial pollution emissions.
TABLE 4 | Regression results of the mediating effects model (POLLUTION).
[image: Table 4]Table 3 reports the regression results with technological innovation as the mediating variable. Model 9 and Model 10 describe the impact of EID on technological innovation. Model 11 describes the impact of technological innovation on UGEE. Model 12 tests the validity of the mediating variables. Model 9 shows that an increase of 1% in the LNPITI will promote technological innovation by about 0.7213%; the coefficient of technological innovation in Model 11 is positive and significant (0.0430, p-value:0.000), which indicates that EID promotes the technological innovation of government and enterprises, and technological innovation further promotes the green economic efficiency of cities. The regression results in Tables 3, 4 support Hypothesis 3; that is, reducing industrial pollution emissions and improving technological innovation are important ways for environmental information disclosure to affect the urban green economic efficiency. The mediating effect of technological innovation is about 0.032, and the ratio of mediating effect to total effect is about 0.579. In Model 10, the primary coefficient of the LNPITI is negative and the secondary coefficient is positive, which indicates there is a “U-shaped” curve relationship between EID and technological innovation. According to the regression coefficient, the value of the LNPITI at the inflection point is about 2.258; that is, when the PITI exceeds 9.57, it will promote technological innovation.
Robustness Test
In the previous section, the UGEE is calculated using the Global Malmquist model. In the robustness test, this study uses the following two models to re-evaluate the urban green economic efficiency: 1) Andersen and Petersen (1993) proposed the radial superefficiency DEA model, and Tone (2002) proposed the SBM superefficiency model by combining the SBM distance function with the superefficiency method; and 2) the direction distance function (DDF) is the general expression of the radial DEA model, and it is also the most widely used DEA method. According to Chung et al. (1997), DDF is used to measure the efficiency of urban green economy. The results of the robustness test are reported in Table 5. Model 13, Model 14, and Model 15 report the regression results of GUEE based on the SBM superefficiency model. Model 16, Model 17, and Model 18 are regression results of GUEE based on the DDF model. The conclusion of Table 6 shows that the coefficient of EID is still significantly positive after replacing the measurement method of GUEE, while industrial pollution emission and technological innovation are still important transmission channels.
TABLE 5 | Regression results of the industrial city and nonindustrial city.
[image: Table 5]TABLE 6 | Robustness test.
[image: Table 6]Instrumental Variable Method
The previous analysis has empirically tested whether information disclosure can significantly improve the efficiency of urban green economy. However, for the pursuit of sustainable development, cities with higher efficiency of green economy may pursue to improve the level of information disclosure. Therefore, the improvement in urban green economic efficiency may have an impact on environmental information disclosure; that is, there may exist some endogenous problems caused by reverse causality. This section uses the instrumental variable method to solve the problem. The instrumental variable (IV) must satisfy the two conditions of “related to explanatory variables” and “independent of disturbance terms” (Acemoglu and James, 2001). Effective IV should have geographical or historical attributes. Referring to Zhong et al. (2021), this research selects the number of fixed phones per 100 people (PHONE) as the IV of EID. Firstly, fixed phone undertakes the function of Internet lines in the early stage of Internet popularization in China, and families who want to connect to the Internet must have fixed phone at first. The popularity of Internet will also affect the participation of society and residents in Internet information. Therefore, the number of fixed phones per 100 people will significantly affect the EID, which conforms to the requirements of IV and endogenous variable. Secondly, the IV has historical attributes and are not related to the disturbance items in the sample period; that is, the urban green economic efficiency cannot affect the IV. According to Acemoglu and James (2001), the two-stage instrumental variable model was set as follows:
[image: image]
Formula (8) is the first-stage and second-stage model setting of the instrumental variable method, in which the first-stage regression tests the explanatory effect of IV on endogenous variable, [image: image] measures the influence of IV on endogenous variables and the influence of using IV to replace endogenous variable on explained variables. Y represents the explained variables and mediating variables in this study, including UGEE, industrial pollution emissions, and technological innovation. The regression results of the instrumental variable method are reported in Table 7. Model 19, Model 20, and Model 21 report the regression results with GMLPI, POLLUTION, and TECH as explanatory variables. In the first stage, the coefficient of PHONE is significantly positive, which indicates that the number of fixed phones per 100 people has a significant positive impact on EID, and it confirms the correlation between IV and endogenous variables. The second-stage regression results show the regression results when endogenous variables are replaced by instrumental variables. Similar to the regression results in Tables 2, 4, EID still shows a significant positive impact on UGEE and technological innovation, and a significant negative impact on industrial pollution emissions. This shows when controlling the endogenous problem, the main conclusions of this study are still robust.
TABLE 7 | Estimation results of the instrumental variable method.
[image: Table 7]Analysis of Urban Heterogeneity
The previous empirical results have verified that EID can promote UGEE. However, cities have various industrial structure, and the direction and coefficient of EID may be unequal. Therefore, it is necessary to discuss the classification of cities.
According to the industrial structure, EID mainly restricts the production behavior of the government and industrial enterprises. Cities with the secondary industry as the pillar face more environmental dilemmas in the process of sustainable development. In the process of sustainable development, eliminating backward production capacity and improving energy efficiency are important ways for industry to change from “high energy consumption and high pollution” to “clean production,” and environmental information disclosure will accelerate the development of the industry to a more sustainable direction. Therefore, this study holds that the impact of environmental information disclosure on industrial cities will be higher than on nonindustrial cities. In this study, cities with the second industry that accounts for more than 50% of GDP are divided into industrial cities, and the rest of the city is divided into nonindustrial cities. Table 5 reports the regression results under the fixed-effects model. For industrial cities, every 1% increase in information disclosure will significantly promote the growth of urban green economic efficiency by about 0.0329%. The coefficient is higher than the regression result of Model 3 in Table 3, which shows that EID plays a more significant role in the green economy of industrial cities. In nonindustrial cities, EID has a positive effect on UGEE, but it is not statistically significant. The results of the mediating effects model show that industrial pollutant emissions and technological innovation are significant transmission pathways in both industrial and nonindustrial cities.
DISCUSSION
The pervious conclusions show that EID has a significant positive impact on UGEE, and industrial pollution emissions and technological innovation are effective mediating variables. The robustness test confirms that the empirical results are credible. This section will discuss the main conclusions of this study and their possible reasons.
The role of EID in promoting industrial pollutant emission reduction—the environmental information disclosure evaluates the daily pollution emission data and environmental behavior of enterprises. By correcting the information asymmetry between the central government and the local government, and the local government and enterprises in pollutant discharge, EID may restrict the emission of pollutants through the following three ways: 1) The government can formulate more sophisticated environmental policies based on environmental information and adopt more targeted environmental regulation measures for enterprises that cause serious pollution according to the characteristics of the city’s industrial sector; 2) environmental information disclosure makes enterprise pollution behavior exposed to the supervision of society and public, and residents will force enterprises to reduce pollutant emissions through public opinion and “vote with their feet”; and 3) as the environmental restraint of the central government to local governments and enterprises, the central environmental protection supervision has strong mandatory and binding force, and it can produce significant emission reduction and environmental improvement in a short period. The above paths will eliminate the illegal sewage discharge of industrial enterprises and establish a more standardized pollutant discharge supervision system. For example, Qingdao, Shandong Province, has achieved full coverage of online monitoring of pollution emissions from all key industrial enterprises since 2014, which ensures that the industrial pollutants (including wastewater and waste gas) discharged by enterprises every day are under the supervision of the government. Online monitoring avoids enterprises from falsely reporting and concealing pollution data. The online monitoring system has also directly improved the ecological environment of Qingdao, with an average annual PM2.5 from 2008 to 2014. The concentration of PM2.5 has always exceeded 50, showing a significant downward trend after 2014 and 34.8 in 2018. The case of Qingdao also reminds the governments of all cities that online monitoring plays a significant and effective role in pollutant emission reduction. To sum up, EID has a significant regulatory effect on industrial pollutant emissions, and pollutant emission reduction will improve haze pollution and improve the ability of urban cleaner production.
The role of EID in promoting technological innovation—the technological innovation effect of EID is reflected in the fact that the government and enterprises will drive the “competition to the bottom line.” Under the pollutant discharge standards formulated by the government, enterprises need to meet the emission standards by introducing advanced cleaner production technology and environmental protection technology. The more stringent the means of environmental regulation, the higher the investment of enterprises in technological innovation. The empirical results support the Porter hypothesis. Environmental information disclosure may have an impact on enterprises’ innovation behavior through “backward force effect” and “pull effect.” On the one hand, EID sets the bottom line for cleaner production of enterprises; enterprises that exceed the bottom will be fined or stopped production. Therefore, enterprises are bound to consider updating environmental protection equipment and innovating production technology, namely “backward force effect.” On the other hand, technological innovation will impel environmentally friendly products more popular in the market while helping enterprises to reduce emissions, and achieve a win–win situation of cleaner production and enterprise benefits, namely the “pull effect.” For example, in 2015, the Ministry of Industry and Information Technology issued the Action Plan for Clean and Efficient Utilization of Coal in Industrial Field (2015–2020), which puts forward macro constraints on coal utilization, including saving 80 million tons of coal consumption, reducing 500,000 tons of smoke and dust emission, 600,000 tons of sulfur dioxide emission, etc. Under the constraints of sustainable development indicators, the number of invention patents for coal mining and washing industry in China from 2015 to 2017 was 630, 680, and 821, respectively, realizing the rapid development of the cleaner production technology. Under the two effects, EID will change the investment behavior and technological innovation ability of enterprises. Technological innovation will lead to the reduction in pollutant emissions and the improvement in economic benefits, so as to improve the efficiency of urban green economy.
The empirical results show that there is a “U-shaped” curve relationship between EID and UGEE and technological innovation, and an “inverted U-shaped” curve relationship between EID and industrial pollution emissions. When the level of EID is low, it can inhibit sustainable development; when the EID crosses the inflection point, it will promote the green economy. Firstly, there is a time-lag effect in technological innovation and sustainable transformation of enterprises; and secondly, EID needs a long time of exploration in order to achieve “precise policy implementation,” and to formulate targeted environmental regulation policies according to the characteristics of the city’s industries and enterprises. When the scale effect of environmental information disclosure is formed, it can restrict the whole industry and all enterprises. At this time, the construction of environmental information disclosure system will improve the green economic efficiency of enterprises and industries by reducing pollutant emissions and promoting technological innovation.
CONCLUSION AND POLICY RECOMMENDATIONS
This study empirically analyses the impact of EID on UGEE using the panel data model based on panel data from 113 cities in China from 2008 to 2018. The mediating effects model is used to explore the “black-box” system between EID and UGEE. Robustness tests are carried out using instrumental variables and replacement variables. The main conclusions of this study are as follows:
1. The urban green economic efficiency of 113 cities showed an upward trend from 2008 to 2018. Compared with 2008, the Global Malmquist–Luenberger Productivity Index in 2018 increased by about 9.94%.
2. Environmental information disclosure has promoted the urban green economic efficiency by improving technological innovation and reducing the emission of industrial pollutants.
3. Environmental information disclosure shows a U-shaped curve relationship of “inhibition before promotion” to urban green economic efficiency, which is mainly due to the U-shaped curve relationship between environmental information disclosure and technological innovation, and the inverted U-shaped curve relationship between environmental information disclosure and industrial pollutant emission.
4. Compared with nonindustrial cities, environmental information disclosure plays a more significant role in sustainable development in industrial cities.
Based on the main findings and discussions, this study makes the following policy recommendations: 1) The government should accelerate the construction of the environmental information disclosure system to optimize the problems of poor information flow and “one-size-fits-all” policies in the current system. Environmental information disclosure can significantly optimize environmental information asymmetries between the central government and local governments, and between local governments and enterprises, which can help to formulate more sophisticated environmental policies. In addition, the findings of the mediating effect suggest that governments need to use policy, economic, and administrative instruments to promote a greater role for environmental information disclosure systems in the reduction of industrial pollutants and improvement in technological innovation. 2) The government should accelerate the initial construction of the environmental information disclosure system so that it can cross the curve inflection point as soon as possible. The curvilinear relationship between environmental information disclosure and the green economy shows that the means of environmental regulation may exist a lag, and the low level of the information disclosure system may even lead to more industrial pollutants. Therefore, the government needs to use environmental monitoring and sewage charges to eliminate the negative environmental externalities that may arise in the early stages of the information disclosure system, and guide enterprises to shift toward cleaner production and green growth. 3) Environmental information disclosure can produce a more effective sustainable development effect in industrial cities, and this warns that industrial city governments should pay more attention to the role of environmental information disclosure. In addition, the role of emission tax, environmental protection inspectors, and technological innovation in a green economy should also be fully exploited. In order to develop green industrial economy, cleaner production should promote by eliminating outdated production capacity, standardizing emission practices, and improving energy efficiency.
There are still some spaces for in-depth discussion in this study. This study does not pay attention to the impact of environmental information disclosure on different types of enterprises, mainly because it is difficult to obtain enterprise-level microdata. In addition, in the measurement of urban green efficiency in this study, PM2.5 is used to represent environmental constraints, without considering other environmental factors such as water environment. With more accurate data and more cutting-edge methods, we can get a deeper understanding of the impact of environmental information disclosure on sustainable development.
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