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There is a close relationship between environmental resource efficiency and the high-quality development of the river basin economy. Improving urban environmental resource efficiency is of great significance to the high-quality development of the river basin. Based on the environmental panel data of cities in the Yangtze River Basin from 2004 to 2020, this paper applies the DEA-Malmquist index model to explore the static characteristics and dynamic changes in the overall environmental resource efficiency of cities in the Yangtze River Basin. Then, the spatial and temporal aspects of the environment are discussed by combining the kernel density function method. The Tobit regression model is used to analyze the factors affecting the environmental resource efficiency of cities in the Yangtze River Basin and its importance. Finally, the grey prediction model is utilized to predict the undesirable output data of cities in the Yangtze River Basin from 2023 to 2025. The results show that the overall urban environmental resource efficiency level in the Yangtze River Basin is high. However, the number of cities that achieve DEA efficiency is less than that of non-DEA efficient cities. The Total Factor Productivity (TFP) of cities shows a “high-low-high” trend, and the technical efficiency change (Effch) and pure technical efficiency change (Pech) have an improvement trend. Industrial structure, regional factors, and openness are positively correlated with environmental resource efficiency, during the economic scale and environmental governance level negatively moderate environmental resource efficiency. The forecast results show that the undesired output of cities in the Yangtze River Basin has been somewhat controlled.
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1 INTRODUCTION
Environmental resource efficiency refers to the ratio of the consumption of resources and the environment in the process of economic production to the value of economic output. Calculating and analyzing environmental resource efficiency can make relevant departments take timely measures to effectively utilize resources to reduce consumption, improve productivity, and better satisfy the requirements of high-quality regional development. As an important indicator to evaluate whether a city meets the high-quality development standards, urban environmental resource efficiency has become the focus of urban research. The Yangtze River is the largest river in China. It originates from Tanggula Mountain and flows into the East China Sea. The mainstream of the Yangtze River has a total length of more than 6300 km and a water area of more than 1.8 million square kilometers, accounting for 18.8% of China’s space, and flows through 11 provinces (autonomous regions and municipalities directly under the central government). It is an important region connecting east and west China, with solid ecological status, tremendous strength, and excellent development potential. Cities in the Yangtze River Basin were built and prospered by water. They are interdependent and interact with each other. The resident population accounts for about 32% of China’s population, and the total economy covers 34% of the country. It is an essential guarantee for China’s ecosystem. Based on ecological efficiency, the evaluation of urban environmental resource efficiency is to explore the loss of energy resources and the impact on the environment caused by the creation of specific production value in the city to measure the coordination level between urban economic development and the environment (Lin et al., 2021).
Up to now, scholars have proposed many research methods with theoretical and practical value in the evaluation of environmental efficiencies, such as the Laspeyres index decomposition method (Ebohon and Ikeme, 2006: Hu et al., 2016; Lu et al., 2015), TOPSIS model (Shih et al., 2007; Kaya and Kahraman, 2011; Jia et al., 2012), life cycle assessment method (Jolliet et al., 2003; Gulnur et al., 2016; Eichner and Elsharawy 2020), and ecological footprint method (Holden and Hoyer 2005; Venetoulis and Talberth, 2008; Lu et al., 2022). These evaluation methods evaluate the quality of the urban ecological environment based on the efficiency level of single or multiple environmental pressure indicators. Among them, the efficiency measurement based on a single environmental pressure indicator cannot reflect the comprehensiveness and complexity of the economic production process. Although the efficiency measurement based on multiple pressure indicators includes the various impacts of economic production on resources and the environment, it fails to consider the correlation and non-replication of different resources and environmental pressures in economic activities. Therefore, most studies constructed DEA with undesirable outputs and its modified model to evaluate the relative effectiveness of urban environmental resource efficiency. That is, the relative production efficiency of an inspected unit is measured in comparison with other units. (Gao and Wang, 2022). calculated and compared the environmental resource efficiency of 31 key provinces, districts, and cities in China based on the Four-stage DEA model and found that at least seven pilot provinces, districts, and cities did not meet the environmental resource efficiency standards. Yang (2019) used the Three-stage DEA-Malmquist model to analyze the important economic factors affecting the cities in Beijing-Tianjin-Hebei and the Yangtze River Delta regions. The results showed that economic openness was most conducive to improving urban economic efficiency. The “SBM-DEA” model constructed by (Tang and Wang, 2021) was used to study the environmental resource efficiency of 11 prefecture-level cities in Shanxi Province from 2014 to 2019. It was found that the ecological efficiency of Shanxi Province was increasing, but the overall efficiency was low. Zhou et al. (2021) applied the DEA model to evaluate China’s regional energy investment and socio-economic and environmental performance index quantitatively. They concluded that there were significant differences in energy and environmental resource efficiency in different regions of China. Yang et al. (2015) calculated China’s inter-provincial environmental resource efficiency from 2000 to 2010 through the DEA model. The results showed noticeable regional differences in environmental resource efficiency in China, and the environmental resource efficiency level of the eastern coastal provinces was better. (Carboni and Russu, 2017). used the DEA model to quantitatively analyze cities’ economic growth rate and environmental development efficiency in 20 pilot regions of Italy from 2004 to 2011 and found significant differences between the northern and southern regions. Based on the Three-stage DEA model, Jing et al. (2020) analyzed the temporal and spatial characteristics of eco-environmental resource efficiency and the main factors affecting the regional environment in critical regions of China at this stage. It was found that the level of environmental resource efficiency in different regions of China was mainly affected by the difference between Pure Technical Efficiency (PTE) and Scale Efficiency (SE), and there were significant differences in the spatial distribution or regional level. (Tao and Li, 2017). Wielded the DEA model to calculate the environmental resource efficiency of 28 central inland provinces and cities in China in 2014 and further established and improved the analysis model of critical factors affecting the efficiency of regional environmental investment in China by the Grey Correlation Analysis method.
From the existing literature, the relevant research mainly analyzed urban environmental resource efficiency from qualitative and quantitative aspects. From the content point of view, the quantitative research on regional and national urban environmental performance is more detailed (Qin., 2019; Ding and Lin, 2021; Lin et al., 2022). Nevertheless, most of them take China’s provinces as the research objects (Wang and Zhu 2018; Peng and He 2020; Xu et al., 2021). And little attention has been paid to calculating environmental resource efficiency in the river basin. Even the research on the environmental resource efficiency of the whole Yangtze River basin is basically in the blank stage. From the perspective of the method, the DEA evaluation method is widely used by scholars. However, few works of literature use DEA-Malmquist, nuclear density model, Tobit model, and grey prediction model GM (1,1) to comprehensively study basin cities from static, dynamic, evolution process and characteristics, influencing factors, prediction, and other aspects. Based on this, the paper is committed to using appropriate methods to answer the following questions:
(Q1) How about the static and dynamic environmental resource efficiency of cities in the Yangtze River Basin?
(Q2) What are the overall evolution process and characteristics of urban environmental resource efficiency in the Yangtze River Basin?
(Q3) What are the restraining and driving factors of urban environmental resource efficiency in the Yangtze River Basin?
(Q4) What are the predicted results of industrial wastewater and industrial SO2 emissions of cities in the Yangtze River Basin in the next 3 years?
This paper selects the panel data of 38 prefecture-level cities in the Yangtze River Basin from 2004 to 2020. For (Q1), the paper makes static and dynamic analyses of the environmental efficiency of each prefecture-level city in the Yangtze River Basin using the DEA Malmquist model. For (Q2), the kernel density function is used to analyze the overall evolution characteristics of the basin’s urban resource and environmental efficiency. For (Q3), the tobit regression analysis method is used to establish the corresponding ecological effect factors and analyze the influencing factors and direction of urban environmental resources in the Yangtze River Basin. For (Q4), the grey prediction model predicts the unexpected output results of the basin cities in the next 3 years.
The contributions of this study to the existing literature include: (1) Since the Yangtze River has a wide range of basins, and specific geographical and environmental characteristics, taking the cities in the Yangtze River Basin as the research object is better than the regional research of administrative division. (2) This paper takes 38 node cities in the Yangtze River Basin as the research object. Compared with the study of provinces in the basin, the study of spatial resource differences between cities can better reflect the spatial pattern of resource and environmental efficiency in the Yangtze River Basin. (3) The paper’s research period is extended, making the research conclusions and suggestions more accurate and persuasive. (4) Relevant research is often carried out only on efficiency and influencing factors. This paper analyzes the static efficiency, dynamic efficiency, space-time evolution process and characteristics, influencing factors, and prediction. The research content is more extensive, concluding more targeted.
2 METHOD AND DATA
2.1 Overview of the study area
In 2016, the Chinese government issued the “Outline of the Yangtze River Economic Belt Development Plan,” which established a new development pattern for the Yangtze River economic belt. In the outline, there are 108 crucial prefecture-level cities in China’s Yangtze River Basin Economic Belt (Lei et al., 2022; Shi and Bai 2022), including 39 core node cities in the basin (Wu, 2014; Zhao et al., 2022.). These cities have highlighted the agglomeration of regional economic resource elements and the characteristics of radiation and drive. Therefore, this paper selects 38 node cities in the Yangtze River Basin Economic Belt except Enshi City as the research object (the lack of data caused by the administrative division of Enshi City is excluded from the study), The specific cities and their provinces are shown in Table 1.
TABLE 1 | Urban distribution in the Yangtze River Basin.
[image: Table 1]2.2 Methods
2.2.1 DEA model
This paper mainly studies the efficiency of the urban environment. DEA is an effective method in the study of efficiency. It is a planning model to evaluate the efficiency of evaluation objects. It is used to evaluate the non-parametric method with the same type of multi-input and multi-output decision unit (DMU). Since Charnes et al. (1979) proposed the DEA method in 1979, it has been widely used and developed rapidly. DEA model includes radial model and non-radial model. The BCC (variable returns to scale) model is a radial model as follows:
[image: image]
In the formula: [image: image], [image: image], and [image: image] represent input, output, and the number of decision units, respectively. [image: image], [image: image] express the efficiency and index combination coefficient of DMU. Slack variable [image: image] and residual variable [image: image] reflect low output and redundant input. When [image: image] indicates DEA efficiency, otherwise DEA is invalid. According to the Total Efficiency (TE) and pure technical efficiency (PTE), the scale efficiency (SE) can be obtained, and the relationship between the three is SE = TE/PTE.
In the evaluation process of urban environmental resource efficiency, TE reflects whether the maximum output of environmental governance effect can be achieved under the given input conditions of environmental factors or the minimum input of environmental factors under the given output level. It is a comprehensive evaluation of capital, technology, and human resources. PTE represents the impact of scientific management decision-making methods on environmental resource efficiency. SE embodies whether cities’ input in environmental management is redundant or insufficient, which is the gap between the actual and optimal scales (Li and Jing, 2021).
2.2.2 Malmquist index
The DEA model can only reflect the static efficiency of urban environmental management, and the Malmquist index can well reflect the dynamic change of efficiency, so an efficiency evaluation and analysis method based on the combination of static and dynamic DEA-Malmquist is formed.
The Malmquist index is used to measure the productivity changes in the two periods before and after the calculation. The results are expressed as Total Factor Productivity (TFP). This value shows that the total productivity of each factor in the production system can be decomposed into two parts: Technical Progress Efficiency (Techch) and Technical Efficiency (Effch). Technical Efficiency (Effch) can be further decomposed into Pure Technical Efficiency (Pech) and Scale efficiency (Sech), as shown in Eq. 2:
[image: image]
[image: image] indicates that TFP has improved; TFP deteriorates when [image: image].
2.2.3 Kernel density estimation method
The kernel density curve can be obtained using the kernel density estimation method to estimate the environmental resource efficiency. By analyzing the changes in the distribution pattern, kurtosis, and location of the curve, we can see the historical dynamic evolution characteristics of the urban environmental resource efficiency index in the Yangtze River Basin. The kernel density function is as follows (Tong et al., 2018; Wang et al., 2019; Yang and Deng, 2019):
[image: image]
In the formula: [image: image] are an independent distribution of [image: image] sample points; [image: image] is a kernel function; the value of bandwidth [image: image] has a direct impact on the smoothing degree of the kernel density curve.
2.2.4 Tobit regression model
The Tobit model, also known as the sample selection model, is a model whose dependent variable satisfies certain constraints. Based on this model, the influencing factors model of urban resource and environmental resource efficiency in the Yangtze River Basin is constructed, which can quantitatively analyze the influence of various factors on urban resource and environmental resource efficiency. Its basic form is as follows (Wang and Liu, 2019):
[image: image]
In the formula: [image: image] is the explanatory variable, [image: image] is the explained variable, [image: image] is the regression coefficient, and [image: image] is a perturbation.
2.2.5 Grey prediction model
GM (1,1) grey prediction is a short-term prediction method based on a small amount of data. The modeling process is as follows:
1) The sequence [image: image] can be obtained by accumulating the original data column [image: image].
2) The difference equation model [image: image] is established for [image: image], and the following expression can be obtained after solving:
[image: image]
3) The following equations are constructed by using the existing samples, and the least square method is used to solve the parameters [image: image], [image: image] to be estimated to obtain [image: image], [image: image]. Then, it is substituted back to Equation 5, and Equation 5 can be used for prediction (Xu and Li, 2020).
[image: image]
2.3 Index system construction
Since urban environmental resource efficiency emphasizes the unity of economic value and environmental benefits, the minimum input resource consumption produces the maximum economic benefits. Therefore, constructing the evaluation index system of urban resource and environmental efficiency in the Yangtze River basin covers three aspects: resources, environment, and economy.
Output factors are divided into two categories, expected output and unexpected output. In terms of expected output, referring to existing studies (Gai et al., 2014; Chen et al., 2015; Zhou et al., 2019; Huang et al., 2020), the urban GDP that can best reflect the level of urban economic output is selected as the expected output index to measure the economic development expectations of local cities. In terms of unexpected output, there is great flexibility in selecting unexpected output indicators. Cheng and Li (2009) selected wastewater, waste gas, and solid waste as unexpected output, and Tu (2008) selected SO2 as unexpected output Wang et al. (2010). SO2 and COD are selected as unexpected outputs. Hu et al. (2008) selected five indicators as unexpected output: wastewater, total discharge of industrial solid waste, total discharge of COD, SO2, and SO2. Considering that industrial SO2 and industrial wastewater are the primary pollutants, which are relatively representative, and each city’s industrial SO2 and wastewater discharge data are relatively complete, this paper selects the industrial SO2 discharge and industrial wastewater discharge of each city as the unexpected output.
Regarding input factors, capital, energy, and labor are the main factors of urban resource and environment input. Referring to Zeng and Niu (2019), this paper uses Total investment in fixed assets, Number of end-of-period employees, and Total electricity consumption to represent the capital investment, labor investment, and energy investment among the input factors, respectively. In actual production, Total investment in fixed assets includes all kinds of urban investment, which can best reflect the urban capital investment as an input index. The Number of urban employees includes the number of people in all three industries, which is the most representative of urban labor input. This paper takes energy as the primary source of unexpected output into the input index. On the one hand, China’s thermal power generation is still the main form of power generation. The SO2 produced by burning fossil fuels in thermal power generation accounts for a large proportion of the country’s total SO2 emissions. On the other hand, electric energy is also the leading energy for industrial operation, so Total electricity consumption is the most closely related to unexpected output. The specific index system is shown in Table 2.
TABLE 2 | Urban environmental resource efficiency evaluation index system.
[image: Table 2]According to the index data, this paper calculates the total values of the above six indicators from 2004 to 2020. It draws a line chart to reflect the changes of each indicator over time, as shown in Figure 1.
[image: Figure 1]FIGURE 1 | Descriptive statistics of each indicator. (A) Regional GDP and Total investment in fixed assets; (B) Total electricity consumption and Number of employees; (C) Industrial wastewater discharge and Industrial SO2 emissions.
According to Figure 1, in terms of investment, total investment in fixed assets, number of end-of-period employees, and total electricity consumption in 38 prefecture-level cities in the Yangtze River Basin. In the early stage, it was in a state of rapid growth. After 2017, the growth rate slowed, but it is still in the growth trend. In terms of output, with time, the regional GDP of 38 prefecture-level cities in the Yangtze River Basin has maintained a high-speed growth in the past 17 years, while industrial SO2 emissions and industrial wastewater discharge have shown a downward trend. It indicates that the Yangtze River Basin has achieved rapid economic development and changed its ecological environment protection, realizing protection in growth and development in protection. This conclusion is consistent with the research conclusion of Zhou et al. (2021) on the changes in the ecological environment in the Yangtze River Economic Belt in the recent 20 years.
2.4 Source of data
In this paper, all the data come from the “China Urban Statistical Yearbook”, “China Environmental Statistical Yearbook”, and the official annual statistical bulletin issued by municipal statistical bureaus.
3 EMPIRICAL STUDY
3.1 Environmental resource efficiency analysis
3.1.1 Static analysis
According to the BCC model with variable returns to scale in the DEA model, the spatial distribution of the average TE, PTE, and SE of cities in the Yangtze River Basin in 2004, 2008, 2012, 2017, and 2020 is visualized by ArcGIS10.8 software. (Figure 2).
[image: Figure 2]FIGURE 2 | Five-year average TE, PTE, and SE. (A) TE; (B) PTE; (C) SE.
In Figure 2A, the average TE over the 5 years of cities in the Yangtze River Basin is above 0.5. Except that the TE of Nanchang is between 0.5 and 0.6, the other cities are above 0.6. The TE values of Wuxi, Suzhou, and Yibin all reach the DEA effective state. This conclusion is consistent with Qu (2018) and Hua et al. (2018). It can be seen that these cities have relatively perfect measures in environmental governance, which is in line with the coordinated development of the city’s economy and environmental protection and is worthy of reference by other cities. From a regional perspective, many cities have high TE in the lower reaches of the Yangtze River, which is consistent with the research conclusion of Wang and Zhu (2022). The upper and middle reaches of the Yangtze River, Chongqing and Wuhan with high levels of urban economic development have not reached optimal efficiency. In contrast, Yibin and Yueyang have high efficiency, indicating no definite linear relationship between the level of urban economic development and urban environmental efficiency.
As shown in Figure 2B, the number of cities with the best PTE exceeds that of cities with generally low production and scale efficiency, indicating that most cities in the Yangtze River Basin have high technical levels, strong management ability, and reasonable management methods. The number of prefecture-level cities whose PTE reaches DEA efficiency is 20, 23, 20, 18 and 20 respectively, accounting for 52.63%, 60.53%, 52.63%, 47.37 % and 52.63%. Overall, the average PTE is above 0.6, showing that the utilization rate of technical factors in prefecture-level cities is high. The 5-year PTE values of Shanghai, Wuxi, Suzhou, Maanshan, Huangshan, Chizhou, Chongqing, Panzhihua, and Yibin have reached an effective state. The average PTE in the upper reaches of the Yangtze River is generally higher than 0.9, while most cities in the middle reaches of the Yangtze River are between 0.8 and 0.9. For example, Nanchang, Yichang, Hefei, Jiujiang, Anqing, and Ezhou, Huangshi, which are relatively dependent on resources and energy as the leading industries, use the extended development model to support rapid economic growth. Still, the level of urban resource utilization and environmental governance technology needs to be improved.
As shown in Figure 2C, the average SE of the whole Yangtze River Basin is high. Only some cities’ average SE is between 0.6 and 0.7, indicating that the input and output ratio of cities in the region is reasonable and can make full use of existing resources. During the 5 years, the SE of 10, 14, 13, 14, and 16 cities reached the DEA effective state, accounting for 26.32%, 36.84%, 34.21%, 36.84%, and 42.11%, respectively. The average SE in the lower reaches of the Yangtze River is generally high, indicating that the input and output allocation of cities in this region to scale is reasonable. It can make full use of existing resources, which is consistent with the research conclusion of Wang and Zhu (2022). The SE of Nanchang, Yichang, Hefei, Jiujiang, Anqing, Ezhou, and Huangshi mentioned above is relatively high, consistent with their outward development model. On the whole, through continuous adjustment, the SE of cities in the Yangtze River Basin gradually tends to be reasonable.
3.1.2 Dynamic evaluation
The BCC model in DEA can only reflect the static efficiency of the urban environment and management facilities. In order to understand the dynamic changes in environmental resource efficiency in each stage of the Yangtze River Basin in the future, based on the Malmquist index model, this paper analyzes the total factor productivity and other related indicators of environmental resource efficiency of 38 cities in the Yangtze River Basin from 2004 to 2020 through DEAP2.1 software.
Figure 3 shows the study period’s changes in the Yangtze River Basin’s Effch, Techch, Pech, Sech, and TFP. From the overall analysis, the average TFP of prefecture-level cities in the Yangtze River Basin from 2004 to 2020 is less than 1. The average TFP of cities in the Yangtze River Basin from 2004 to 2020 was 0.806. The overall environmental resource efficiency changes show a state of decline first and then increase, which is consistent with the research conclusion of Yu et al. (2021)’s “high-low-high.” The reason is that in the early stage of the study, due to the gradual reversal of the urban extensive economic model and the gradual strengthening of the innovation leading trend, the urban environmental development achieved high efficiency with the attitude of “low input and high output.” The urban ecological input in the Yangtze River basin gradually increases. Still, the output index enters the state of diminishing marginal utility, and the efficiency decreases accordingly. In October 2015, China’s government put forward five development concepts focusing on green, marking that urban environmental resources governance has officially entered the core position of the overall national development. After that, with the optimization of the urban resource and environment investment system, the change rate of TFP in the Yangtze River Basin rebounded.
[image: Figure 3]FIGURE 3 | Change trends of Effch, Techch, Pech, Sech and TFP.
Effch fluctuates around “1” and fluctuates less. The average Effch is 1.006, with a slight increase, indicating that prefecture-level cities have a high level in using technical factors. Effch has played a catalytic role in improving environmental resource efficiency, but the effect is not apparent. As time goes on, although Pech does not reach the value of 1, it shows a steady growth trend. Up to now, the average Pech is still smaller than 1, showing that the change of Pech does not improve the TFP but inhibits its development trend. The average value of Sech is slightly larger than 1, and it can be seen that Sech plays a role in improving TFP.
According to the results of Techch, it changes during the study period has not reached 1, and the average technological progress efficiency is 0.801, indicating that the cities in the Yangtze River Basin need to be strengthened in the development and implementation of new technologies. In addition, it can be seen from Figure 3 that the changing trend of Techch indicators and TFP is generally consistent, indicating that the change in technological progress has a more significant impact on urban environmental resource efficiency. At this stage, the change of Techch has a particular impediment to the improvement of environmental resource efficiency, showing that urban economic input and output mode cannot adapt to the change of Techch. Therefore, cities in the Yangtze River Basin should pay more attention to the development of Techch, actively acquire and introduce new technologies, continuously improve their innovation ability, and promote the coordinated development of production input and output.
Table 3 shows the TFP and its decomposition of urban environmental resource efficiency in the Yangtze River Basin from 2004 to 2020. From the efficiency indicators, the TFP and Effch of Shanghai, Zhoushan, Hefei, and Chizhou show an increasing trend, and the trend is consistent, indicating that the efficiency of the management level promotes the improvement of environmental resource efficiency. In the city of Yangzhou, Ningbo, Nanchang, Taizhou, Hangzhou, Tongling, Chongqing, Huzhou, Jingzhou, and Huanggang, Effch changes, Pech changes, and TFP all show a declining state. It shows that the decline of its environmental resource efficiency is closely related to the use of technological elements and the degree of technological innovation. The development and application of new technologies are conducive to improving environmental resource efficiency. Although the changes of Effch in Jiujiang, Luzhou, Panzhihua, Yibin, and other cities show an improvement trend, the changes of Pech show a significant decline, among which Panzhihua and Yibin are at the end of all the research cities. In Huangshi City, except for the improvement of Sech, all indicators are in a downward trend, especially the Techch index is only 0.594, with an apparent downward trend. Therefore, slow technological development is the main reason for the decline of overall productivity factors, and the increase of Effch changes helps to improve the TFP.
TABLE 3 | TFP index and its decomposition.
[image: Table 3]3.2 Nuclear density analysis
In order to more intuitively reflect the overall evolution process and characteristics of urban environmental resource efficiency in the Yangtze River Basin, the kernel density function is used to estimate the urban environmental resource efficiency in the Yangtze River Basin in 2004, 2008, 2012, 2017, and 2020 through stata15.1 software. The kernel density function is further generated, as shown in Figure 4.
[image: Figure 4]FIGURE 4 | Kernel density curve.
On the whole, in 2004, 2008, 2012, 2017, and 2020, the environmental resource efficiency of cities in the Yangtze River Basin is rough ‘M' bimodal distribution, there is no strict unimodal form, showing a state of polarization, and the environmental resource efficiency of cities has regional differences. According to the analysis of the location of the peaks each year, the location of the peaks each year is roughly around 0.8, indicating that most cities in the Yangtze River Basin have high environmental resource efficiency, but there is still room for improvement. From the kurtosis analysis, the nuclear density curve of each year shows a trend of development from a broad peak to a sharp peak, showing that the changing trend of environmental resource efficiency of cities in the Yangtze River Basin is similar. From the perspective of location, the nuclear density curve in 2008–2012 shifted slightly to the left, and the nuclear density curve in 2004–2008 and 2012–2020 shifted to the right. It shows that during the study period, the urban environmental resource efficiency in the Yangtze River Basin shows a trend of first increasing, then slightly decreasing, and then gradually increasing. The overall fluctuation range of environmental resource efficiency is small, and the environmental resource efficiency fluctuates wildly around the value of 0.9.
3.3 Analysis of influencing factors
3.3.1 Variable selection and model setting
There are temporal and spatial differences in the environmental resource efficiency of cities in the Yangtze River Basin, and there are regional differences and spatial correlations in environmental levels of different regions and cities. Many factors cause spatial and temporal differences in environmental resource efficiency in the Yangtze River Basin. By referring to relevant literature, the preliminary analysis shows that the level of regional economic development, the deepening degree of regional opening up, and the ability of environmental governance are the critical factors that lay the differences and complexity of urban environmental resource efficiency in the Yangtze River Basin.
To comprehensively understand the influencing factors and degree of environmental resource efficiency of prefecture-level cities, according to the current research results (Gai et al., 2014; Chen et al., 2015; Zhang et al., 2015; Zhou et al., 2019; Zou et al., 2019; Huang et al., 2020), five factors affecting environmental resource efficiency are selected in this paper. Based on the openness and desirability of data, the explanatory variables are finally determined as follows: (1) Economic scale: Since the reform and opening up, the extensive economic growth mode has led to the deterioration of the ecological environment, and economic development has become an essential factor affecting the environmental quality. Urban construction in the Yangtze River Basin has become a national development strategy. Seeking a coordinated development path between economic structures and the Ecological environment has become an urgent problem to be solved. Therefore, Per capita gross regional product index is used to characterize the level of urban economic development. (2) Industrial structure: Different proportions of industries will have apparent differences in the efficiency of the ecological environment. The ratio of the output value of the tertiary sector in GDP reflects the degree of urban development. Therefore, the proportion of tertiary industry to GDP is selected to represent the level of industrial structure. (3) Regional factors: The Yangtze River basin covers many cities, and the regional population will affect the efficiency of urban resources and the environment. Simply taking population size as an influencing factor of ecological efficiency will ignore the impact of population spatial distribution characteristics. The urban Population density index describes the effects of population factors on urban environmental resource efficiency. (4) Environmental governance: Urban environmental governance will affect the efficiency of resources and the environment. Industries with capital and energy intensive characteristics are the primary energy consumption and emissions, so the comprehensive utilization rate of general industrial solid waste is selected to express the environmental governance capacity of each region. (5) Opening to the outside world: Whether from the perspective of capital injection or talent accumulation, the degree of opening-up may affect the efficiency of urban resources and the environment, and the foreign capital utilization level can indicate the city’s opening-up degree, so this index is selected as the influencing factor. The explained variable is the dynamic environmental resource efficiency of 38 cities in the Yangtze River Basin. On this basis, an analysis model of the influencing factors of environmental resource efficiency of prefecture-level cities in the Yangtze River Basin is constructed to quantitatively study the impact of different influencing factors on urban environmental resource efficiency. The explanation and description of the data are shown in Table 4.
TABLE 4 | Definition of environmental resource efficiency and Influencing Factors.
[image: Table 4]3.3.2 Results and analysis
The Tobit model is established by Stata15.1 software for regression analysis. The results show that the effects of different independent variables on urban environmental resource efficiency are significantly different, as shown in Table 5.
TABLE 5 | Tobit regression results.
[image: Table 5]It can be seen from Table 5 that the level GDP is significantly negatively correlated with EE at the 5% significant level, and its influence coefficient is -0.095. It shows that with the continuous expansion of economic scale, the environment of cities in the Yangtze River Basin has deteriorated. This also warns people that while developing an economy, cities should also pay attention to environmental governance and how to realize the coordinated development of economic growth and the environment is the focus of attention.
From the perspective of industrial structure, the influence coefficient of IDL on EE is 0.087, and its influence is evident at 1%. It shows that the higher the proportion of tertiary industry output value in GDP, the greater the value of environmental resource efficiency. With the rapid development of the computer software industry and other high-tech industries, the proportion of China’s tertiary industry is increasing. Under the advocacy of national policies, most enterprises pay more and more attention to protecting the environment. The more significant the proportion of the tertiary industry, the less pressure on environmental governance, and the more conducive to environmental governance improvement.
The influence coefficient of PD on EE is 0.001, indicating that it positively affects environmental improvement. The influence of regional factors and environmental resource efficiency has a two-way promoting effect. However, the urban environmental resource efficiency in the Yangtze River Basin is only improved to a small extent with the increase of population density, and it is not sure that the pure promoting effect of population factors and environmental resource efficiency.
The influence coefficient of RRL is −0.001. This indicates that the reuse of industrial waste in cities around the Yangtze River Basin is still in a relatively rough development stage. The factory focuses on the quantity of recycling without paying attention to quality, resulting in the low quality of reused industrial raw materials and the destruction of environmental resources in the reproduction process. Government departments should pay attention to it.
FDI on EE is 0.023, showing a positive role. It shows that the introduction of foreign capital and new technologies are conducive to improving urban environmental governance in the Yangtze River Basin. However, the results are insignificant, indicating that the degree of opening to the outside world is not the main factor affecting environmental resource efficiency.
In summary, IDL, PD, and FDI positively correlate with EE in the Yangtze River Basin. The proportion of the tertiary industry is the most closely related to the development of environmental resource efficiency. The level of RRL harm EE, and the level of GDP has a more significant negative impact on EE.
3.4 Unexpected output projections
Based on the data on industrial wastewater and SO2 emissions of 38 cities in the Yangtze River Basin from 2004 to 2020, this part uses the grey prediction model GM (1,1) to predict the industrial wastewater and sulfur dioxide emissions of cities in the Yangtze River Basin from 2023 to 2025, and analyzes their change trends. The results are shown in Table 6.
TABLE 6 | Prediction results.
[image: Table 6]Table 6 shows the prediction results of industrial wastewater emissions of cities in the Yangtze River Basin from 2023 to 2025, the industrial wastewater emissions of 23 cities in the Yangtze River Basin from 2023 to 2025 will decrease year by year, accounting for 65.79%. However, 15 cities’ industrial wastewater emissions show a slight upward trend. Industrial wastewater contains many toxic and harmful substances, which have caused great harm to the environment and the human body. Therefore, the treatment of industrial wastewater has become the focus of attention.
The preliminary prediction of SO2 emissions in cities in the Yangtze River Basin shows that the industrial SO2 emissions of 36 cities in the Yangtze River Basin will decrease year by year from 2023 to 2025, accounting for 94.74%. Only Zhoushan and Chizhou have a slight increase in industrial SO2 emissions. The industrial SO2 emissions of cities in the Yangtze River Basin have been effectively controlled.
4 CONCLUSIONS AND POLICY IMPLICATIONS
4.1 Conclusions
This paper uses the DEA-Malmquist-Tobit model to calculate the static and dynamic levels of environmental resource efficiency of 38 cities in the Yangtze River Basin from 2004 to 2020. The factors affecting the environmental resource efficiency of cities in the Yangtze River Basin and their relationship are analyzed. The grey prediction model GM (1,1) predicts the expected output emissions of industrial wastewater and SO2. The following conclusions are drawn:
1) From the results of static analysis and evaluation of environmental resource efficiency, since 2004, the average value of urban environmental TE, PTE, and SE in the Yangtze River Basin has remained above 0.6. The number of non-DEA efficient cities in the analysis of urban environmental resource efficiency in the Yangtze River Basin is far more than that of DEA efficient cities. It shows that cities in the Yangtze River Basin still have room for environmental governance improvement. From the perspective of spatial distribution characteristics, cities in the Yangtze River Basin with DEA effective or ineffective environmental resource efficiency have no prominent geographical distribution characteristics.
2) The environmental resource efficiency dynamic analysis results show that the average TFP of cities in the Yangtze River Basin is less than 1, showing a downward trend. Among them, Effch continues to rise while Techch continues to decline, which is synchronized with the changing trend of TFP. From the perspective of composition, the Effch and Pech of most cities are more significant than 1, which is generally stable. During the evaluation periods of 2008–2012 and 2017–2020, the change of Sech showed a downward trend, and its annual growth rate was negative. In addition to Shanghai, the change of Effch in cities is less than 1, so improving the level of Techch plays a vital role in developing the urban environment in the Yangtze River Basin.
3) The results of the kernel density analysis show that the environmental resource efficiency of cities in the Yangtze River Basin presents a polarization state. However, the changing trend of environmental resource efficiency of each city is similar, mainly showing a trend of increasing first, then decreasing slightly, and then increasing gradually. Unexpected output prediction results showed that 65.79% of urban industrial wastewater emissions decreased yearly, and 94.74% of urban industrial sulfur dioxide emissions showed a downward trend year by year. Overall, industrial sulfur dioxide emissions have been effectively controlled. For the problematic situation of industrial wastewater emission reduction in some cities, the relevant urban governments should increase their control efforts and strengthen the emission reduction of industrial wastewater.
4) The analysis results of the environmental resource efficiency factors show that the factors negatively related to environmental resource efficiency include GDP and PPL in the Yangtze River Basin cities. IDL, PD, and FDI positively affect environmental resource efficiency. IDL has the most significant impact. Although PD and FDL have improved environmental resource efficiency, they have not passed the test of aboriginality and have little impact. Therefore, it is believed that by adhering to supply-side structural reform, optimizing the industrial structure, and increasing the proportion of the service industry in the national economy can improve environmental resource efficiency.
Although some achievements have been made, this study still has limitations. (1) This paper considers 38 node cities in the Yangtze River Basin as the research object and does not include all prefecture-level cities in the Yangtze River Basin. (2) This paper predicts the unexpected output from 2023 to 2025, and the prediction time series is relatively short. In future research, the authors will consider more comprehensive urban data. Extend the prediction time of unexpected output to improve the research’s comprehensiveness and pertinence.
4.2 Policy implications
Urban environmental resource efficiency reflects the cost of resources and environment invested in creating a specific economic output in urban development. It can measure whether each city’s economic development is friendly to the environment. It is an important indicator to examine whether the urban economy meets the high-quality development. The higher the efficiency of urban resources and environment, the more coordinated the urban economic development and environment, and the higher the level of resource utilization. By studying urban environmental resource efficiency and its influencing factors in the Yangtze River Basin, we can objectively evaluate the efficiency differences and changes in major cities in the Yangtze River Basin. It is of great practical significance to promote the high-quality development of cities in the Yangtze River Basin. Based on the analysis of this paper, the following suggestions are put forward for the problems of urban resources and environmental resource efficiency in the Yangtze River Basin:
1) Although the overall trend of urban economic development in the Yangtze River Basin is positive, there is a problem of low efficiency. Adhering to the resource-saving and environment-friendly development strategy will be the only way to improve the environmental resource efficiency of cities in the Yangtze River Basin.
2) There are many cities along the Yangtze River Basin, the geographical location runs through the eastern and western regions of China, and the economic development is uneven. Realizing the coordinated development of the upstream and downstream of the basin will essentially solve the widening trend of the economic development gap between the East and the West. All cities must work together to promote ecological protection and high-quality development in the Yangtze River Basin. Improve production technology through differentiation, reduce invalid input and output, and build the Yangtze River basin into an important leading green and coordinated development area.
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