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With the rapid development of economy and the increase of population, water consumption has increased in China. Meanwhile, water waste, water pollution and uneven distributions of water resources have posed a great challenge to China’s economic development. Hence, the improvement of water resources utilization efficiency has become an important measure to solve the shortage of water resources. In this study, the super efficiency Data envelopment analysis model and Tobit model are adopted to study the impact of environmental regulation on water resources utilization efficiency. The results show that water resources efficiency score is different in different regions in China, where the efficiency score in the eastern region is the highest, followed by the western region and the central region. Environmental regulation negatively affects water resources utilization efficiency and these effects are different effects in different regions. Environmental regulation affects three variables, foreign direct investment, technological innovation, industrial structure, and then affects water resources utilization efficiency through these variables. Based on the above research, we put forward some policy recommendations for increasing environmental regulation intensity to improve water resources utilization efficiency.
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1 INTRODUCTION
Water resource is a kind of precious natural resource with both economic and ecological values. With the acceleration of urbanization and industrialization in China, the demand for water has been increasing year after year. The unbalanced regional distribution of water resources, serious water waste and pollution, and low utilization efficiency have made the shortage of water resources increasingly serious, which has gradually affected China’s ecological environment and economic development. To solve the problem of water shortage in China, we need to increase the water resources or improve water resources utilization efficiency (WRUE). Since water supply is restricted by the stock of water resources, improving WRUE, especially from the perspective of environment, has become a sustainable and important method.
The improvement of WRUE is very important. First, the type of industrial growth of China is resource-driven, therefore, improving WRUE remains necessary for China’s green development (Wang et al., 2021). The improvement of WRUE not only alleviates the rising trend of water resource demand, but also guarantees water resource supply. This is advantageous to solve the problem of water shortage. Second, the improvement of WRUE is good to develop a circular economy. The circular economy is a new economic model, which can resolve the problem of resource use and environmental protection, and at last decouple economic growth from environmental destruction (Wang et al., 2021). In recent years, China has experienced a rapid economic development. However, the economic expansion has seriously damaged natural resources and the environment, which has a negative impact on the sustainable development. In order to realize the sustainable development, developing a circular economy through the improvement of WRUE is necessary at the present stage of China.
The effective way to improve WRUE from the perspective of environment is environmental regulation (ER). ER is a restrictive measure, policy, regulation and implementation process for economic activities in order to improve ecological and economic efficiency. It can be classified into three types: command-and-control regulation, market-based regulation and voluntary regulation. Command-and-control regulation constrains the environmental behavior of enterprises through setting a technology standard, establishes the emission standards of air pollutants and punishes the enterprise which violates environment protection laws and regulations. Market-based ER establishes a system of emission charge, emission tax and emission trading. It controls the innovative cost and stimulates innovation vitality by levying punishment tax on enterprises with high pollutant discharge and subsidizing enterprises with low pollutant discharge. The pollution discharge fee and tradable emission allowances can promote the internalization of external costs, reduce enterprise costs and realize environmental and economic benefits, leading to the improvement of WRUE. Voluntary ER is that the pollution discharge of enterprises is under the supervision of the masses. For example, people will report to the government when they find out serious events of the environmental pollution. They will negotiate with polluting enterprises in terms of environmental pollution and economic compensation through the environmental protection organization, and expose various pollution events through network. Enterprises will be under pressure to take measures such as technological innovation and improving efficiency to reduce environmental pollution, which will affect WRUE.
Due to the existence of heterogeneity, the intensity of environmental regulation is different in different regions (Wang et al., 2021). The benefits of developing technological innovation to improve WRUE are lower than the ER cost paid by enterprises under low intensity of ER. Enterprises are intended to pay the cost of environmental supervision and do not conduct technological innovation, which is not conducive to the improvement of water resource utilization efficiency. Under the high intensity of ER, ER brings innovation compensation effects, and the innovation compensation benefit is greater than the cost of ER (Zhang et al., 2021). Enterprises will carry out technological innovation and improve water resource utilization efficiency. Therefore, the impact of ER on WRUE is unstable, which is affected by the intensity of ER.
In this study, the super efficiency DEA model is adopted to calculate water resource utilization efficiency values of 30 provinces and cities in China. The DEA method is a powerful analysis tool, which is proved as an effective method to evaluate the relative efficiency of decision-making units (Song et al., 2018; Wang and Sun, 2018). The Tobit model is adopted to analyze the impact of ER on China’s WRUE, and the differences among the eastern, central and western regions are compared.
2 LITERATURE REVIEW
WRUE is an important comprehensive index reflecting the effective development, utilization and management of water resources. From the supply side, it refers to the supply efficiency of water resources in the process of aquatic products from production to terminal consumption. From the demand side, it refers to utilization efficiency of water resources in relevant social economic activities. At present, academic circles generally study regional water resources efficiency from the demand side (Dadabaev, 2016; Selvakumar et al., 2017; Lu, 2019).
2.1 Measurement of WRUE
Under the background of insufficient water resources and increasing environmental constraints, more and more scholars pay attention to the measurement of WRUE. At present, there are three ways to measure WRUE: single factor WRUE, total factor WRUE and multi-index comprehensive WRUE.
Single factor WRUE, reflecting water consumption through the input-output ratio, is measured by the intensity of water consumption. For example, water consumption per GDP (Yang and Liu, 2014), net income per unit of water consumption (Cai et al., 2003), productivity per unit of water consumption (Evans and Sadler, 2008), water consumption per mu for agricultural irrigation (Wallace, 2000; Deng et al., 2006; Singh, 2007; Fang et al., 2010). The measurement of single factor productivity is relatively simple and highly operational. However, it is not enough to describe the result of the joint action of various input factors, which cannot reflect the actual production process and the substitution relationship between various input factors. The total factor WRUE includes a variety of factors such as labor and capital, which puts the input-output factors into a unified analysis framework and is more in line with the actual production process (Cheng et al., 2016).
Total factor WRUE measures water resources use based on the relationship between total input and total output, incorporating with labor, capital and economy. Data envelopment analysis (DEA) and stochastic Frontier analysis (SFA) are used to measure total factor WRUE. Two methods measure the efficiency by comparing the gap between the actual input/output of each decision-making unit and the ideal input or output. Cao et al. (2018) used the generalized efficiency (GE) indicator, defined as the ratio of total water consumption (TWC) to total water inflow (TWI) entering the agricultural production system within 1 year, to evaluate WRUE. Kaneko et al. (2004) used SFA to measure agricultural WRUE of six regions in China. They found that agricultural WRUE of northwest China was the highest and that of south coast was the lowest.
With the continuous increase of public concern to environmental issues and the promotion of industrial green transformation and upgrading, The connotation of WRUE changes from focusing on economic benefits to take into account both economic and environmental benefits. A comprehensive index, multi-index comprehensive WRUE, is constructed, which evaluates WRUE from a multidimensional perspective. Xu et al. (2019) evaluated the water input and output efficiency with the aggregating comprehensive indicator calculated by appropriate mathematical methods. Huang et al. (2016) constructed an indicator to evaluate the ecosystem water-use efficiency, which was the ratio of carbon assimilation to evapotranspiration. The index considered not only economic attribute of water resources, but also ecological attribute of water resources.
2.2 Environmental regulation
In early studies, ER is a direct government intervention in the utilization of environmental resources, which is mainly through non-market means. In other words, policies and mandatory means are formulated by the government to ensure economic development while taking into account the ecological environment, so as to reduce the external impact of pollutant emission (Pashigian, 1984). With further research, scholars find that public concern on environmental pollution continues to increase, and media organizations and environmental groups also affect pollution emission of enterprises, which makes non-market means evolve into an informal ER. Pargal and Wheeler (1996) first put forward informal ER, who found that communities usually adopted channels such as negotiation or consultation with factories to promote local factories to reduce pollution through informal regulation when the intensity of formal ER was low.
Scholars have carried out a lot of research on both formal and informal ER. For example, Mulatu et al. (2010), Yuan and Xiang (2018) studied the relationship between ER and innovation. Vogel (2000), Bernauer and Caduff, 2004, Hashmi and Alam (2019) studied the relationship between ER and economic development. López-Gamero et al. (2010), Hao et al. (2018), Karplus et al. (2021) studied the effectiveness of ER. Hanna (2010), Chung (2014), Cai et al. (2016) studied the relationship between ER and foreign direct investment (FDI).
The research on the relationship between ER and resource utilization efficiency mainly focus on cost hypothesis and Porter hypothesis. The cost hypothesis thinks that enterprises have to pay pollution charges due to the ER, which increases the production cost of enterprises. When the technology of enterprises remains constant and the market price is fixed, the increase of cost reduces the profits of enterprises, crowds out the R&D investment of enterprises in production technology and leads to the decline of enterprise resource utilization efficiency. Greenstone et al. (2012) studied the impact of air quality regulations on manufacturing plants’ total factor productivity (TFP). The results showed that non-attainment designation was related to a roughly 2.6 percent decline in total factor productivity among surviving plants in heavily polluting industries. The regulations governing ozone had great negative impact on productivity, though negative effects were also evident among emitters of particulates and sulfur dioxide.
Porter hypothesis considered that appropriate ER could produce innovation compensation effects, partially or even completely offset environmental protection cost of enterprises, Innovation compensation effects meant that ER stimulated enterprises’ R&D investment and promoted technological innovation. Through technological innovation, country would achieve the “win-win” condition of both environmental protection and economic growth and acquire the first-mover advantage, which would promote the improvement of enterprise productivity and profit. Wang and Shen (2016) investigated the nonlinear relationship between ER and environmental productivity based on the assumption of industrial heterogeneity, and evaluated the optimal regulatory environment. Albrizio et al. (2017) constructed a new Porter Model to study the relationship between ER and total factor productivity. They found that the implementation of ER could promote the improvement of industry total factor productivity in high-technology countries.
2.3 Influencing factors of WRUE
A number of studies have been conducted to explore the impact of natural factors on WRUE. Lawson and Blatt (2014) found that the stomata ultimately controlled 95% of all gaseous fluxes between the leaf and the environment. Therefore, the stomata had an important impact on the water loss and WRUE. They also found that the photosynthesis affected WRUE. Peters et al. (2018), Leakey et al. (2019), Bertolino et al. (2019) reached the same conclusion as Lawson and Blatt (2014). Blankenagel et al. (2018) found that WRUE could be increased by restricting transpiration. Wang et al. (2014), Mbava et al. (2020) found that the climate had an important impact on WRUE. Farooq et al. (2019) found that WRUE was affected by many natural factors such as root system, water absorptivity, temperature, precipitation and photosynthetically active radiation. Mbava et al. (2020) used total water to measure water resource endowment and found that total water is negatively related to water use efficiency.
There are some economic and social factors affecting WRUE. Kaneko et al. (2004) firstly adopted stochastic Frontier analysis (SFA) to measure the technical and water efficiency in agricultural production in China from an economic perspective, and then employed the Tobit model to evaluate the determinants of its efficiency. The results showed that net income had a positive impact on water efficiency. Yao et al. (2018) also found that income level of residents was a variable affecting green total factor water efficiency of industry in China. In addition, open level, measured by the total import and export volume is one of influencing factors of green total factor water efficiency.
Song et al. (2018) analyzed the influencing factors of water resources utilization efficiency. They found that water resource endowment, population density and level of economic development were decisive variables of water resources utilization efficiency. The results showed both water resource endowment and level of economic development negatively affected water resources utilization efficiency, whereas population density positively affected water resources utilization efficiency. Deng et al. (2016) found that there were several economic and policy variables affecting water use efficiency. Among these variables, import dependency, export dependency and foreign trade dependence have a positive impact on water use efficiency while the ratio of added value in agricultural sector and sewage per unit of output has a negative impact on water use efficiency. Zhou and Tong (2022) investigated the impact of industrial urbanization, population urbanization, land urbanization, social urbanization, and urban-rural integration on green water-use efficiency. They found that Industrial urbanization and land urbanization positively affected green water-use efficiency, whereas social urbanization and urban-rural integration negatively affected green water-use efficiency. The findings were of great significance in accelerating the development of new type of urbanization and promoting industrial transformation and upgrading.
Few studies have been conducted to study the impact of ER on WRUE. Song et al. (2018) used the directional distance function and Malmquist (ML) index and Tobit model to estimate WRUE and influencing factors under environmental restrictions. The results showed that WRUE was lack and its regional heterogeneity existed, and water conservation awareness negatively affected WRUE. Jin et al. (2019) calculated green total factor efficiency (GTFE) of industrial water resources and its influencing factors. They found that ER had a negative impact on the improvement of China’s GTFE of industrial water resources, but ER in the eastern, central, and western regions had positive impacts on the improvement of industrial water resources.
To sum up, scholars have made fruitful research on WRUE, and they provide a theoretical foundation for this study. According to the existing studies, there is still room for improvements. First, limited attention is given to the impact of ER on WRUE. Is there a linear relationship between these two? Second, so far, little study has incorporated ER, FDI, technological innovation, industrial structure and WRUE into one analytical framework. More specifically, the possible mediating role of FDI, technological innovation and industrial structure has been neglected by most prior research. Third, analysis using sub-samples from different regions in China is insufficient, and the relationship between variables needs to be further investigated. Given this, this study examines the impact of ER on WRUE and assesses the mediating role of FDI, technological innovation and industrial structure based on the provincial-level data of China. Moreover, further analyses are conducted by testing the relationship between the key variables based on the sub-sample data from the eastern, central and western regions.
3 METHODS AND MATERIALS
3.1 Theoretical framework
3.1.1 The mechanism of ER affecting WRUE through FDI
ER affects WRUE through foreign direct investment (FDI). There are two views on ER and FDI location selection: pollution heaven effect and pollution halo effect. The former holds that the increase of ER intensity in the home country increases the production cost of polluting enterprises. In order to reduce production cost and maintain profits, polluting enterprises tend to transfer polluting industries to countries with low intensity of ER. The latter states that the home country of multinational corporations has strict environmental standards and requirements. Therefore, multinational corporations have advanced pollution treatment technology to reduce environmental costs. When investing in countries with high intensity of ER, multinational corporations usually continue to use previous pollution treatment technologies for production. This is conductive to improve environment in the host country.
In an open economy, multinational corporations play an important role in economic development. Local governments strive to attract foreign direct investment for economic growth, sometimes neglecting the cost of ecological environment. For the regions with low intensity of ER, lots of pollution-intensive multinational enterprises may agglomerate in these regions. This leads to the waste of resources and serious environmental pollution, and makes it difficult to improve resource utilization efficiency, including WRUE. The entry of multinational corporations is conducive to the economic development of the host country. With the economic development and the improvement of environmental protection requirements, the intensity of ER will increase. When the intensity of ER is high, multinational corporations have to rely on advanced technology and management to obtain competitive advantage. They achieve low consumption, low emission and low pollution in the process of production, which result in resources conservation and the improvement of resource utilization efficiency. On the other hand, multinational corporations have spillover effects on local enterprises. Local enterprises imitate advanced foreign technology and environmental requirements from multinational corporations and then carry on the technological innovation to obtain effective competitiveness, which leads to improve resource utilization efficiency. The advanced technology and management from both foreign corporations and domestic corporations leads to the overall improvement of water resource utilization efficiency of host country.
With this, we propose Hypothesis 1 and Hypothesis 2:
Hypothesis 1:. ER will affect WRUE.
Hypothesis 2:. ER will affect WRUE through FDI.
3.1.2 The mechanism of ER affecting WRUE through technological innovation
ER affects WRUE of enterprises through technological innovation. There are Porter hypothesis and cost hypothesis about the influence of ER on technological innovation. Porter hypothesis holds that ER will bring innovation compensation effects. Enterprise will carry out technological innovation, save production resources, improve productivity and reduce pollution under appropriate ER. According to Jaffe and Palmer (1997), Porter hypothesis can be distinguished into three different hypotheses: narrow version of the hypothesis, weak version of the hypothesis and strong version of the hypothesis. The narrow version of the hypothesis focuses on the impact of some ERs on technological innovation. With these flexible regulation policies, enterprises will improve the competitiveness by accelerating technological innovation, offsetting the cost brought by ER and increasing resource utilization efficiency. The weak version of the hypothesis states that ER has a threshold effect on technological innovation. ER has a crowding out effect on enterprises’ innovation and increases production cost. When the intensity of ER is over a certain threshold, it will promote environmental R&D investment, and in this process, the utilization efficiency of resource will be affected. The strong version of the hypothesis holds ER is beneficial to technological innovation, because innovation income is larger than ER costs. In other words, ER can make enterprises promote competitiveness, reduce costs and obtain more profits.
The cost hypothesis thinks that ER negatively affects technological innovation and technological diffusion, which is not good to resource utilization efficiency. In order to increase ER intensity, government will levy sewage charges on enterprises and set higher sewage standards. Therefore, the implementation of ER will urge enterprises to invest in environmental pollution treatment in order to meet environmental protection requirement. However, the enterprise resource allocation itself is also fixed. After part of the production investment is used for the construction and implementation of ER, the investment in other aspects will be reduced, including technological innovation investment. Low investment in technological innovation slows down the renewal of technology, backward production technology and aging production equipment, resulting in a large waste of resources. So the cost effect of the ER negatively affects technological innovation and resource utilization efficiency.
Based on the above, we propose Hypothesis 3:
Hypothesis 3:. ER will affect WRUE through technological innovation.
3.1.3 The mechanism of ER affecting WRUE through industrial structure
ER affects WRUE through industrial structure. ER is disadvantage to industrial structure and resource utilization efficiency as its intensity is low. According to neoclassical theory, enterprises’ production has a follow-up cost effect. Enterprises will increase production costs and reduce profits as the intensity of ER is not high. In order to make up for losses, enterprises will increase the market price of products, which leads to the loss of comparative advantage and crowding out effect on the investment in production equipment and pollution control equipment. Hence, the budget expenditure for industrial development will be reduced, which is not conductive to the industrial transformation and upgrading. On the other hand, enterprises have to make choices between pollution intensive industries with low costs and low polluted industries with high costs due to the ER. To maximize the profit, production factors will be transferred from the clean industrial sector to the high pollution industrial sector, and then the production will be locked in the pollution-intensive industries. This is bad to industrial structure and resource utilization efficiency.
When the intensity of ER increases, the cost of environmental governance is far lower than the sewage cost. Enterprises will introduce more advanced production equipment and pollution control equipment, accelerate the innovation of green technology and eliminate backward production equipment. Through correlative effects and demonstration effects, the industry will change the previous production mode of high consumption and high pollution into the production mode of low-carbon and environmental protection, which is conducive to the upgrading of industrial structure and the improvement of resource utilization efficiency. According to pollution heaven hypothesis, enterprises will actively be far away from regions with high intensity of ER and transfer their industries to regions with low intensity of ER. Different regions adopt different ER measures, resulting in high pollution enterprises in areas with strict ER tend to migrate to areas with low intensity of ER, which will affect industrial structure of moving-out and moving-in areas. At last, the industry in the moving-out areas will realize transformation and upgrading, and the moving-in areas will finally realize the transforming of industrial structure and the increase of resources utilization efficiency with the enhancement of ER.
Based on the above, we propose Hypothesis 4.
Hypothesis 4:. ER will affect the water resource utilization efficiency through industrial structure.
3.2 Methods
3.2.1 Super-efficiency DEA model
Data envelopment analysis (DEA) is a relatively effective evaluation means using input-output data. It is a common analysis tool to measure performance. Data envelopment analysis has two methods: one is CCR-DEA model, the other is BCC-DEA model. The CCR model assumes that the return to scale is constant and is mainly used to measure technical efficiency. By comparing the relationship between the combination of input and output of each decision-making unit (DMU) and production Frontier boundary, the model obtains the input-output efficiency score. The input-output score range is between (0, 1). If the score is 1, it means that the input has obtained effective output and the efficiency is the maximum. If the score is less than 1, it means that the input has obtained invalid output.
This method can comprehensively evaluate WRUE and the correlation degree of each index. The index has good inclusiveness, does not need to provide mathematical relationship of input and output variables, reduces the influence of subjective factors to a certain extent, and can comprehensively and objectively evaluate WRUE.
The BCC-DEA model is based on CCR model, which assumes that the return to scale is not constant. The model can measure overall technical efficiency, pure technical efficiency and scale efficiency. The overall technical efficiency is decomposed into pure technical efficiency score and scale efficiency score. The scores of three kinds of efficiency are between (0, 1). In the case of invalid output obtained from the input, the model can judge whether the return to scale is increasing or decreasing. If the return to scale is increasing, the scale should be expanded to focus on the role of input. If the return to scale is decreasing, the scale should be reduced to match the current input.
The BCC-DEA model can test whether the efficiency score of the decision-making unit is effective, but it cannot compare and analyze several decision-making units that are effective at the same time. In order to solve this problem, Andersen and Petersen, 1993 proposed super efficiency DEA based on the traditional DEA model, so that the efficiency of relatively effective decision-making units could also be compared.
It is assumed that the multiple-input-multiple-output evaluation system has s decision-making units, and the indicator system is composed of m input indicators and n output indicators.[image: image]is the input vector of the jth decision-making unit DMU, and [image: image] is the mth input of the jth decision-making unit, [image: image]. [image: image]is the output vector of the jth decision-making unit DMU, and [image: image] is the nth output of the jth decision-making unit, [image: image]. The super-efficiency model is as follows:
[image: image]
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where θ is the expected value of the goal programming, [image: image] represents the non-Archimedean infinitesimal. λj is the decision variable of goal programming, and s- and s+ are slack variables.
In this study, we use the super-efficiency DEA model to estimate WRUE. Referring to relevant literature on ER and WRUE (Dadabaev, 2016; Han et al., 2020; Singh and Gundimeda, 2021) and considering the availability of data, we select capital ([image: image]), labor ([image: image]), water ([image: image]), GDP ([image: image]) and WD ([image: image])capital, labor and water are input variables, and GDP and WD are output variables. The input and output variables are shown in the table below (Table 1).
TABLE 1 | Regional water use efficiency evaluation index system.
[image: Table 1]In Table 1, capital is the stock of fixed capital, which is the weighted sum of previous investment flows measured at constant prices. Total current capital is total capital of the previous period minus depreciation plus current capital, which can be expressed as[image: image]. Kjt is the capital stock of province j in period t, Kjt-1 is the capital stock of province j in period t-1, [image: image]represents the depreciation rate of province j in year t, and [image: image]represents the investment in province j in year t by prices of the current year. The base year is 2004. Labor input is the number of employees in each province and water input is water consumption of each province. The GDP is calculated based on the GDP deflator of 2004 and WD is the total amount of discharged waste water.
3.2.2 Tobit model
Although the super efficiency DEA model can calculate overall technical efficiency, it cannot explore the influencing factors and degrees of the DMU. In order to measure the influencing factors and degrees of the DMU, regression analysis method will be used to establish functional relationship between WRUE and influencing factors. The efficiency scores of super efficiency DEA model are censored on the left, that is, there is a threshold value of 0 on the left of the overall technical efficiency and pure technical efficiency, and there is no restriction on the right. When we use the ordinary least square (OLS) method to investigate influencing factors of efficiency scores, the results may be biased. So we use the Tobit model to analyze the panel model.
The Tobit model is estimated by maximum likelihood method, which can be used when independent variables are discrete and dependent variable is constrained. This paper builds a regression model with WRUE as the explained variable and its influencing factors as explanatory variables.
[image: image]
where [image: image]is the potential explained variable, [image: image]is the explained variable, [image: image]is the constant term, [image: image]is the regression coefficient, [image: image]is the explanatory variable and [image: image] is the error term.
In this study, ER is a series of policies and measures formulated by the government to normalize the enterprise operations in terms of environment, so as to realize the coordinated development of environment and economy. Since investment governance is the main way of ER in China, we use the ratio of environmental governance investment to GDP to measure the intensity of ER (envir). Based on previous studies, we add water resource endowment (endow), level of economic development (gdp), level of urbanization (urban), population density (popul), degree of openness (open) and water resource pollution (cod) as control variables to the model. Among them, water resource endowment is measured by per capita water resources and level of economic development is measured by per capita GDP. The level of urbanization is the proportion of urban population in the total population. Population density is the number of people per square kilometer. The degree of openness is the ratio of the total import and export to GDP and water resource pollution is measured by per capita chemical oxygen demand. The descriptive statistics of data are shown in Table 2. Through the VIF test, we find that there is no serious multicollinearity problem.
TABLE 2 | Regional WRUE in China, 2004–2019.
[image: Table 2]According to the results of existing literatures, we adopt the Tobit model as follows:
[image: image]
where i represents province, t represents year, [image: image]is the regression coefficient, [image: image]is the residual term and dea refers to WRUE.
3.2.3 Data source
Learning from previous research literature (Pei et al., 2021), the data cover 30 provinces. Tibet, Hong Kong, Macao and Taiwan are not included due to incomplete data. The sample periods cover the latest years that data is available. Relevant data are obtained from China Statistical Yearbook 2005–2020, China Science and Technology Statistical Yearbook 2005–2020, China Statistical Yearbook on Environment 2005–2020, and China Economic Network Statistical Database 2005–2020.
4 RESEARCH FINDINGS
4.1 WRUE and ER
The average value of WRUE is shown in Table 3. From Table 2, we find that there is no obvious trend in China’s WRUE and there exist heterogeneity in different regions. The score of WRUE in the eastern region is the highest, followed by the western region and the central region. In the eastern region, scores of WRUE of Tianjin, Beijing, Shanghai and Zhejiang are more than 1, and those of other regions are less than 1. Hainan, Jiangsu and Liaoning are in the bottom three. In the central region, Henan has the highest score of WRUE but Anhui has the lowest score. In the western region, Guangxi, Chongqing and Ningxia rank in the top three in WRUE scores, and the bottom three are Gansu, Xinjiang and Yunnan.
TABLE 3 | Variables description statistics.
[image: Table 3]The chart of China’s ER from 2004 to 2019 is shown in Figure 1. China’s average intensity of ER is fluctuated and has an upward trend. The intensity decreased from 1.24 to 1.11% from 2004 to 2006, then began to rise, reached a peak of 1.65% in 2013. During the following years, the intensity first declined and fluctuated a little, and then increased rapidly after 2018. The intensity of ER in the western region was the largest, which had two peaks, 2.04% in 2013 and 2.94% in 2019, and two valley scores, 1.21% in 2005 and 1.66% in 2017. Among them, Ningxia and Qinghai has higher intensity of ER, which are 2.93% and 2.74% respectively, while Sichuan and Yunnan has lower intensity of ER, which are 0.88% and 1.08% respectively. The years with higher intensity of ER in the eastern region were 2012 and 2019. The years with lower intensity were 2015–2017 and the range of intensity was between 1.01% and 1.03%. The intensity of ER in Beijing is the largest, while the intensity of ER in Guangdong is the lowest. The trend of ER intensity in central China was similar to that in China, with the lowest score of 0.89% in 2005 and the highest score of 2.09% in 2019. Among them, Shanxi has the largest intensity of ER but Hunan has the lowest intensity of ER. Among three regions, the average intensity score is 1.22% in the eastern region, 1.30% in the central region and 1.71% in the western region. This reveals that the intensity of environmental regulation in three regions is low, and these regions should improve the intensity of environmental regulation to better protect the environment. On the other hand, the intensity of environmental regulation in three regions is heterogeneous. Hence, there will be great differences in environmental policies, production and foreign investment in three regions. The intensity of ER in the eastern region was higher than that in the central region before 2011, but lower than that in the central region after 2011. This indicates that the intensity of environmental regulation is not constant, so efforts should be made to improve the intensity of environmental regulation and adjust production and investment accordingly.
[image: Figure 1]FIGURE 1 | Average intensity of ER in China.
4.2 Tobit regression result
4.2.1 Analysis of ER’s impact on WRUE
We first study the impact of ER on WRUE and the results are shown in Table 4. ER has a negative impact on WRUE. If the intensity of ER increases by 1%, the scores of WRUE will decrease by 0.21%. This means that the increase of ER intensity is not conducive to the improvement of WRUE. The plausible explanation is that the intensity of ER in China is too low. In this study, we use the ratio of environmental governance investment to GDP to measure the intensity of ER. We find that the national average score of ER is 1.41%, where the highest is 1.71% in the western region but the lowest is 1.22% in the eastern region. According to international experience, the momentum of environmental deterioration can be controlled when the proportion of environmental governance investment in GDP is 1%–1.5%. When the ratio of environmental governance investment to GDP is 2%–3%, the environmental quality can be improved. In some developed countries, the ratio had reached 2% as early as the 1970s. Therefore, the intensity of ER in China is still relatively low. The innovation compensation income is less than the regulation cost when the intensity of ER is low. As a rational economic agent, the enterprise will pay the pollution discharge fee but carry out technological innovation. When the intensity of ER is high, the enterprise will find that the pollution treatment fee to be paid is expensive and innovation compensation income is greater than regulation cost. Hence, the enterprise will get rid of policy constraints by improving technology, which will improve WRUE (Porter and Linde, 1995). Thus, Hypothesis 1 is supported.
TABLE 4 | Impact of ER on WRUE.
[image: Table 4]There is a negative correlation between water resource endowment and WRUE. The plausible explanation is that areas with abundant water resources have weak awareness of water resource protection and cannot promote enterprises to make water-saving technology innovation, which causes the waste of water resources and low utilization efficiency of water resources. The level of economic development has a positive impact on WRUE. When per capita GDP increases by 1%, WRUE will increase by 0.011%. The possible explanation is that the government has sufficient funds for R&D investment to improve industrial water-saving and emission reduction technologies. On the other hand, the public in developed areas has a strong awareness of environmental protection and high degree of autonomy in water conservation. Therefore, improving the level of regional economic development is a basic guarantee to improve China’s WRUE.
The level of urbanization has a negative impact on WRUE. There are three reasons for the result. First, the higher the level of urbanization is, the greater the agglomeration of urban population will be. Most of transferred people enter traditional service industries such as low-end manufacturing and real estate, which has low WRUE. Second, employment, infrastructure and capital pressure in the process of urbanization caused by the transfer of population lead to more extensive investment, and do not pay attention to resource conservation and the improvement of WRUE. Third, the water-saving management system is not perfect in the process of urbanization. For example, low utilization rate of water-saving facilities, low efficiency of rainwater reuse treatment system, and low utilization rate of reclaimed water are not conducive to the improvement of WRUE.
Population density has a negative impact on WRUE, indicating that the increase of population density will increase water consumption and water waste. The increase of population density is related to the acceleration of urbanization, which reflects the concentration of urban population. According to the original data, we find that the population density of 30 provinces in China has increased significantly, and water demand has also increased significantly. The increase of population will increase the demand for urban water, putting severe stress on the ecological environment.
Per capita chemical oxygen demand is the oxidation dose consumed when a certain strong oxidant is used to treat the organic matter in water samples under certain conditions. It can reflect the degree of industrial development and the intensity of pollution control in the region. In this paper, cod has a positive impact on WRUE, indicating that there are deficiencies in the investment and construction of pollution treatment facilities, which cannot improve the sewage treatment rate, reduce the discharge of cod and then reduce the utilization rate of water resources.
4.2.2 Sub-sample test
The intensity of ER in different regions is heterogeneous. In this section, total sample is divided into eastern, central and western sample based on the geographic location of provinces. The results are shown in Table 5. The ER in the eastern and western regions has negative impacts on WRUE, and the absolute value of the coefficient in the eastern region is greater than that in the western region. ER in central region has no significant impact on WRUE. This means that the intensity of ER is too low to exceed the cost threshold and cannot make the innovation compensation income greater than the regulation cost. Enterprises in three regions do not carry out technological innovation to improve WRUE.
TABLE 5 | Results of the sub-sample test.
[image: Table 5]The total sample is divided into high-intensity sample and low-intensity sample based on the intensity of ER. The high-intensity sample is the region where the score of ER intensity exceeds the national average, whereas the low-intensity sample is the region where the score of ER intensity is lower than the national average. The last two columns of Table 5 report the results. For high-intensity regions, ER has a negative impact on WRUE. For low-intensity regions, the impact of ER on WRUE is not significant. On the whole, the intensity of ER is relatively low, which cannot promote enterprises to carry out technological innovation, make up for the regulation cost, optimize the industrial structure and improve WRUE.
4.2.3 Mechanism test
ER affects WRUE through foreign direct investment (FDI), technological innovation and industrial structure. In order to further test influential mechanism of ER on WRUE, we carry out mechanism test through two steps. The first step is to test whether ER affects intermediate variables (FDI, technological innovation, industrial structure). The second step is to introduce the interaction term between intermediate variables and ER and test whether the interaction term affects WRUE. The results of the mechanism test are shown in Table 6. ER has a positive impact on FDI. This means that China’s FDI has a pollution haven effect in location selection. The high intensity of domestic ER increases FDI enterprises’ production costs, especially for pollution-intensive enterprises. Therefore, these enterprises will take advantage of differences in international ER intensity to transfer from home country with high intensity of ER to China, which will cause pollution haven effects (Naughton, 2014). The coefficient of the interaction term between ER and FDI indicates that the inflow of advanced technology and strict standards of multinational corporations is conductive to the improvement of WRUE. Thus, Hypothesis 2 is supported.
TABLE 6 | Results of the mechanism test.
[image: Table 6]ER is not conducive to the development of technological innovation. In order to reach environmental standards, enterprises must purchase pollution control equipment or carry out pollution control, resulting in a significant increase in their production costs and a corresponding reduction in investment in R&D (Dean, et al., 2000; Shi and Xu, 2018). The influencing coefficient of the interaction term between ER and technological innovation is lower than that of ER on WRUE in Table 4. This means that technological innovation effect appears less evident when the intensity of ER is low. Hence, Hypothesis 3 is supported. ER has a negative and significant impact on industrial structure. Porter hypothesis holds that high intensity of ER can force enterprises to carry out innovation activities, which will enable enterprises to obtain core competitiveness and have a fundamental impact on industrial structure (Ngai and Pissarides, 2007). However, when the intensity of ER is low, the benefits obtained from technological innovation are lower than the cost caused by a series of ERs such as paying sewage charges. Therefore, enterprises will pay the cost of ER and give up the technological upgrading, which is ultimately not conducive to the upgrading of industrial structure. With this, Hypothesis 4 is supported.
5 DISCUSSION
A large number of studies pay attention the mechanism of ER and FDI. There are two famous hypotheses: pollution heaven hypothesis (Nadeem et al., 2020) and pollution halo hypothesis (Liu et al., 2017). The difference between these two hypotheses is whether the inflow of FDI can increase environmental quality or not under different environmental regulations. Unlike existing study only focusing on the two hypotheses, we further analyze the mechanism of ER affecting WRUE through FDI.
Previous studies mostly focus on the mechanism of ER and technological innovation. Some studies think that ER can increase the internal production costs, weaken the product competitiveness and hinder technological innovation (Gray and Shadbegian 2003). On the contrary, other studies think that proper ER is important for enterprises, because proper ER can stimulate innovation and produce innovation compensate effects, leading to the improvement of enterprises competitiveness (Porter and Linde, 1995). The former and the latter are consistent with the cost hypothesis and Porter hypothesis respectively in our study. Different from existing studies, we further analyze the mechanism of ER affecting WRUE through technological innovation based on the cost hypothesis and Porter hypothesis.
There are few studies on the mechanism ER affecting WRUE through industrial structure. With the acceleration of industrialization and urbanization, city development depends on all kinds of resources. The development and agglomeration of the industry has formed great challenges to ER (Zhou and Tong, 2022). Unlike previous articles focusing on aspects such as resources utilization and industrial structure, ER and industrial structure, we discuss the mechanism through which ER affects WRUE from the perspective of industrial structure.
In this study, we use the super efficiency DEA method to obtain the scores of WRUE of 30 provinces and cities in China. It can be seen from Table 2 that efficiency scores have the feature of heterogeneity. The eastern region ranks the first and the central region ranks the third. Song et al. (2018) also found the heterogeneous characteristics of WRUE, but the greatest score was in the eastern region, and the score in the central and that in the western region ranked the second and third respectively. For the eastern region, we find that efficiency scores of Tianjin, Beijing and Shanghai are higher than that of other provinces, which is consistent with Song et al. (2018) and Deng et al. (2016). For the central and western region, we find that Anhui and Yunnan have low efficiency scores, which is similar to Deng et al. (2016).
The main reason for these differences is that, first, the method is different. Song et al. (2018) constructed ML productivity index with the DDF and ML index, and ML index included ML technical efficiency (MLTE) and ML technical change (MLTC). They presented environmental technical efficiency scores of 30 provinces and cities in China. Deng et al. (2016) used the slack based measure-data envelopment analysis (SBM-DEA) method to calculate the efficiency score. Second, input and output indicators selected are different. Song et al. (2018) selected social labor force, fixed asset investment and water consumption as input indexes, and selected gross regional domestic product and COD discharge as output indexes. We have the same index category with Deng et al. (2016), but the index form and data processing are different. Hence, we get to different results.
Compared the average efficiency scores in three regions, the trend of three regions are different. For the eastern region, the efficiency score is fluctuated, no evidently ascending or descending trend, and is similar to national average efficiency scores. For the central region, the efficiency score has an unstable fluctuation, fluctuating around a certain score. For the western region, the efficiency score fluctuates and has a general uptrend.
Previous studies have reported that appropriate ER will produce innovation compensation effects, which may offset environmental protection cost of enterprises and achieve the “win-win” goal of economic development and environmental protection (Wang and Shen, 2016; Albrizio et al., 2017). Hence, the proper regulation is of great significance for regional development. In this study, we find that the intensity of environmental regulation is different in different regions due to the existence of heterogeneity (Wang et al., 2021) and the greatest intensity of ER is 1.71% in the western region. According to international experience, the intensity of ER is between 2% and 3%, environmental quality can be improved. It is evident that the intensity of ER is too low to improve environmental quality in China. So these three regions should improve the intensity of ER to better protect environment. This is consistent with the results of the previous study (Zhang et al., 2021). The ER remained important to regional innovation, and both ER and innovation input are main paths for innovation’s spillover effect (Wang et al., 2021). This indicates that the Porter hypothesis is valid.
When studying the impact of ER on WRUE, we find that ER negatively affects WRUE. The plausible reason is the rational economic agent will choose to pay the pollution discharge fee but carry out technological innovation because of low intensity of ER. This indicates that there exists a threshold effect of environmental regulation. In the previous studies, the threshold effect of environmental regulation was investigated. Whether environmental regulation was effective on environmental pollution and resource utilization depended on a certain value. When the ER exceeded a certain value, it could significantly reduce environmental pollution and increase resource utilization efficiency. When the ER was below a certain value, it could significantly increase environmental pollution and reduce resource utilization efficiency (Song et al., 2019; Zhao et al., 2021). Similar to previous studies on exploring the relationship between ER and innovation, we find the intensity of environmental regulation is above a threshold value, the innovation compensation income can be more than the regulation cost and the Porter hypothesis is valid.
Comparing with Jin et al. (2019), we get to the same conclusion that ER is not good to the improvement of WRUE. We also have the same explanation for this. One is that the intensity of ER is weak at the initial stage of economy, which leads to a slightly negative effect on the promotion of WRUE. When China enters the rapid development stage, the economic growth is still extensive. Although the intensity of ER has increased, the production cost has increased and enterprises have no sufficient fund in investing R&D, resulting in the crowding-out effect and suppressing effect of ER. During the sub-sample analysis, we find that ER negatively and significantly affects WRUE in the eastern and western region, but positively and insignificantly affects WRUE. Our findings are different from those reported by Jin et al. (2019), they found that the promotion of efficiency in the eastern, central, and western regions was not significant.
Water resource endowment is negatively related to WRUE for the whole country, which is consistent with the previous study (Song et al., 2018). The plausible explanation is that we have weak awareness of water resource protection and cannot promote enterprises to make water-saving technology innovation, leading to the waste of water resources and low utilization efficiency of water resources. During the sub-sample analysis, we find that water resource endowment is negatively related to WRUE for the three regions, but the influencing coefficient is not significant in the western region. According to Song et al. (2018), water resource endowment was negatively related to WRUE in the eastern and western region, but positively related to WRUE in the central region. The reason for this was the differences of industry structure in three regions and weak water resource protection awareness in the whole country.
The degree of openness (open) has a positive and significant impact on WRUE, which is similar to Deng et al. (2016). Deng et al. (2016) adopted three indicators of trade as influencing factors to investigate provincial water use efficiency, because they thought that industrial and agricultural production consumed a large amount of water, leading to water trade. And water trade was closely related to water use efficiency. They used import dependence, export dependence and foreign dependence respectively to make empirical analysis, and found that all these indicators positively affected WRUE. Since we focus on the impact of ER on WRUE, the study is not enough in-depth and specific about the relationship between trade indictors and WRUE.
6 CONCLUSION
In this paper, super efficiency DEA model and Tobit model are used to study the impact of ER on WRUE. According to the result of empirical analysis, we draw the following conclusions.
First, WRUE in China is different in different regions. The score of WRUE in the eastern region is the highest, followed by the western region, and the central region is the lowest. The top five of efficiency scores are Tianjin, Beijing, Shanghai, Guangxi and Zhejiang. The last five of efficiency scores are Gansu, Xinjiang, Guizhou, Yunnan and Shanxi.
Second, ER has a negative impact on WRUE. The plausible explanation is that enterprises choose to pay the cost of ER rather than carry out technological innovation, because the compensation income of technological innovation is less than the cost of ER when ER intensity is low. On the other hand, command-and-control ER makes the government face difficult choices in environmental protection and economic benefits. When economic benefits prevail, it will cause a waste of resources. It is not conducive to the improvement of WRUE.
Third, the sub-sample regression results show that ER in the eastern and western regions is not conducive to the improvement of WRUE, and the impact in the eastern region is greater than that in the western region. ER has no significant impact on WRUE in central China. The results show that ER intensity in these areas is relatively low, which cannot enable enterprises to carry out technological innovation to exceed the cost threshold and then improve WRUE.
Forth, the results of mechanism test show that ER positively affects FDI and affects WRUE through FDI. ER is not conducive to the enterprise’s R&D investment. For every 1% increase in the interaction between ER and R&D investment, WRUE will decrease by 0.019%. R&D investment is disadvantageous for the improvement of WRUE. ER has a negative impact on industrial structure, and further negatively affects WRUE through industrial structure.
Given the conclusions, following policy implications are proposed.
First, we should improve the intensity of ER and make it produce incentive effects to the improvement of WRUE. Through this, we can change the original production mode, promote the transformation and upgrading of industrial structure, encourage R&D investment, and finally improve production technology. Command-and-control ER can get obvious implementation effects in a short time. Since it has mandatory and inflexible characteristics and will increase the burden of enterprises over time, the implementation effect is decreased in a long time. Thus, the government should strengthen the publicity and education of environmental knowledge, gradually enhance public awareness of environmental protection, and enhance the enthusiasm of environmental protection organizations. In addition, the government should establish a mechanism system for public participation in environmental supervision, dredge public supervision channels, and improve the intensity of environmental protection.
Second, local governments need to comprehensively consider local conditions and implement differentiated ER due to the heterogeneous effect of ER on WRUE. Command-and-control regulation, market-based regulation and voluntary regulation have their own advantages and disadvantages. Different regions have different responses to various ERs. Local governments should implement ER based on local conditions, gradually abandon extensive economic growth at the expense of the environment, and transit to intensive economic growth relying on technological innovation and industrial structure upgrading, so as to achieve a win-win situation of high WRUE and environmental protection.
Finally, enterprises should increase R&D investment, bring green technology into production process, and promote the rapid upgrading of technology, so as to change the production mode and exceed the cost effect threshold of ER. In the process of opening up to the world, local governments should improve the quality of foreign investment and actively introduce water resource-saving and environment-friendly foreign investment. At the same time, they should strengthen the awareness of water saving in the process of production activities, especially in areas rich in water resources. Local governments should analyze the influencing factors of WRUE such as water resource endowment, level of economic development, level of urbanization and so on. They should strive to create an external environment conducive to the improvement of resources efficiency and promote the improvement of WRUE.
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