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Based on the panel data of 30 provinces (autonomous regions and municipalities) in China from 2004 to 2017, this paper used the three-stage super-efficiency SBM-DEA model to calculate the ecological well-being performance (EWP) of provincial capital cities and analyzed its temporal and spatial evolution. The results show that: (①) the improvement of China’s technological level and opening-up level can promote the improvement of ecological well-being performance, while the improvement of environmental regulation, urbanization level, and economic development level can inhibit the improvement of ecological well-being performance (②). After excluding the influence of external environment and random interference, the ecological health performance of the whole country and the eastern, central and western regions has been improved, with the eastern region having the greatest improvement and the central region having the smallest improvement. The performance level of national ecological well-being presents a spatial pattern of “strong in the eastern region, secondary in the central region and weak in the western region” (③). The ecological well-being performance levels of Beijing, Hainan, and Shanghai had always been at the forefront of the country, while those of Ningxia, Inner Mongolia, and Liaoning had been in the bottom three for a long time. The gap between provinces is obvious, but the gap between provinces within the same region is smaller.
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1 INTRODUCTION
In the past 40 years of reform and opening up, China’s urbanization rate has increased from 17.92% in 1978 to 63.89% in 2020 (National, 2021), and it has become the second largest economy in the world. Although people’s living standard has been greatly improved, by 2020, China’s human development index ranked only 85th among 189 countries. At the same time, China has also paid a heavy ecological price, and problems such as resource shortage and environmental pollution have become increasingly apparent (Ameen et al., 2015; Bian et al., 2020).
To alleviate these problems, the Chinese government has taken various measures to protect the environment and improve the well-being of urban residents. For example, as early as 2003, the Chinese government put forward the concept of “people-oriented, comprehensive, coordinated and sustainable development.” In 2006, it proposed building a resource-conserving and environment-friendly society. At the 18th National Congress of the Communist Party of China in 2012, “ecological civilization” was put in a more prominent position. In 2019, the fourth Plenary Session of the 19th CPC National Congress called for “upholding and improving the system of ecological civilization and promoting harmonious coexistence between man and nature” as a higher requirement for sustainable development.
At present, exploring the minimum ecological input to obtain the maximum social well-being output, that is, to improve the performance level of ecological well-being, has become an urgent task for China to achieve high-quality economic development. However, China has a vast territory, and the environment for economic and social development is quite different. The natural capital stocks and service functions of different provinces are different. How do they perform in ecological well-being performance? What factors affect the performance of ecological well-being? And how is the impact measured? What are the evolvement rules of ecological well-being performance in time and space? This paper will study the above issues, aiming to explore the current status and basic characteristics of ecological well-being performance in China and capture the evolution trend of the spatial distribution of ecological well-being performance.
2 LITERATURE REVIEW
Ecological well-being performance (EWP) was first proposed by Daly (1974), Daly (1990) to measure the level of sustainable development in various countries. It has been stated that urban sustainability can be evaluated by measuring the social well-being level generated by the unit consumption of natural resources. Some research states that human society has already transferred from the “empty world” with relatively rich natural capital to the “full world” with increasingly tight ecological environment constraints (Daly, 2005). In a “full world,” artificial capital has become relatively rich, and natural capital has become the main factor restricting the improvement of human well-being level. Whether the improvement of human well-being can be realized with its constraints has become the fundamental challenge of sustainable development (Zhu, 2008). In recent years, the research on ecological environment mainly focuses on the methods of ecological environment assessment and the selection of ecological environment indicators.
There are two main methods to measure the EWP. One is the single ratio index method, which uses the ratio of well-being level to ecological consumption for measuring the EWP (Ng, 2007; Jorgenson et al., 2014). For example, Common (2007) measured ecological well-being performance by establishing a formula of the ratio of well-being output to environmental input. Using resident satisfaction as a proxy for well-being, the paper finds that richer countries are less good at translating environmental impact into satisfaction; Zhu et al. (2014) defined ecological well-being performance as the efficiency of transforming ecological resource consumption into social well-being level, quantified it by the ratio of human development index (HDI) to ecological footprint, and obtained the inverted U-shaped relationship between ecological well-being performance and economic growth by using data from 124 countries and regions in 2007. Similarly, Dietz et al. (2012) evaluated the EWP of 58 countries and proposed that the relationship between PER capita GDP and environmental intensity of human well-being presents a U-shaped opposite to the Kuznets curve. With the deepening of research, the application of the single ratio method has gradually decreased because of the small number of indicators.
The other method is composite index methods, such as the Data Envelopment Analysis model (DEA) and the Stochastic Frontier Production model. In terms of the evaluation of environmental pollution by the DEA method, the following two methods are generally adopted: one is to treat environmental pollution as an input variable. For example, Long and Wang (2017) used the Super-SBM model to make an overall assessment of the EWP in Shanghai from 2006 to 2014; Xiao and Zhang (2019) also analyzed the spatial evolution pattern of ecological well-being performance during the 2004–2016 period based on the super-SBM model and took 30 provinces of China as the research area. The second is to treat environmental pollution as an undesirable output. For example, Fang and Xiao (2019) utilized the super-SBM model to measure the level of ecological well-being and then studied the spatial effect. On the other hand, Dietz et al. (2009) assessed effective well-being in 135 countries using a Stochastic Frontier Production model. Xiao and Zhang (2019) estimated the EWP of 30 Provinces in China from 2004 to 2015 using an improved Stochastic Frontier Production model. Compared with SFA method, DEA method does not need to set the function form, and can bring the unexpected output into the analysis framework. It has been gradually adopted by many scholars, and has become an ideal method to measure EWP.
A key issue during indicator selection is the measurement of well-being indicators. Some studies (Bjornskov, 2010) stated that the evaluation of subjective well-being was superior to that of objective well-being indicators. The reason is that the objective well-being evaluation is only an input indicator for people to achieve high well-being or quality of life, while the subjective well-being evaluation better reflects people’s real well-being feelings. In terms of the relationship between ecological well-being performance and economic growth, Rice (2008) adopted Pearson correlation analysis and found that the marginal well-being effect of natural consumption decreased successively in backward countries, middle-income countries, and high-income countries. Jorgenson et al. (2014) studied the data of 106 countries in the past 40 years and found that economic growth does not necessarily lead to a decrease in Ecological well-being performance. In Asia and Central and South America, the impact of economic development on ecological well-being performance is positive and increasing. In North America, Europe, and Oceania, the impact of economic development on ecological well-being performance is relatively stable.
The above literature has laid the foundation for the research of this study. Through the literature review found that the more academic literature to measure ecological benefits performance level with traditional Super—SBM model, this model does not eliminate the provincial (city, area) the external environment factors and the influence of random disturbance on the ecological benefits performance level, so the measured result cannot objectively reflect the actual status of the ecological benefits performance level. Fried et al. (2002) proposed the three-stage DEA method based on the traditional DEA model, which can effectively exclude the effects of external environmental factors and random interference on the efficiency of production units and place all production units in a fair external environment, making the efficiency level more objective and real. At the same time, the three-stage DEA method can compare the Ecological well-being performance indexes at the provincial level from horizontal and vertical dimensions, and accurately measure the level of ecological consumption at the provincial level from the input end and output end.
This study combines the three-stage DEA model with the super-SBM model, namely, the three-stage super-efficiency SBM-DEA model. This method was used to measure the level of ecological well-being performance of 30 provinces (municipalities and autonomous regions) in China from 2004 to 2017 and analyze its spatio-temporal evolution. This study aims to enrich the measurement methods of ecological well-being performance through this research on the one hand; On the other hand, it can clarify the evolution characteristics of China’s ecological well-being performance level and provide a reference for relevant policymaking.
3 MODEL AND DATA
3.1 Three-stage super-efficiency SBM-DEA model
Considering the overall data characteristics, random errors, and environmental factors, this paper combines the DEA model with the super-efficiency SBM model to establish a three-stage super-efficiency SBM-DEA model for efficiency evaluation. In this way, the dimension problem can be avoided to a greater extent, and the efficiency value is more consistent with the fact and close to the reality. The construction of the model includes the following three stages:
3.1.1 Stage 1: Super-SBM measure model
In the traditional three-stage DEA model, the first stage is based on the radial measurement method, such as the CCR or BCC model, which does not take into account the relaxation of input-output, and the measurement results are not completely consistent with the actual situation. The advantage of the non-radial SBM model proposed by Tone (2001) is that the efficiency value changes strictly with the change of the slack degree of input and output. However, the efficiency value obtained by the SBM model will be one at the same time, leading to the problem that decision-making units cannot be sorted. Therefore, Tone (2002) further proposed the super-SBM model and solved the relaxation problem of input-output variables and the ordering problem of decision-making units at the same time. Therefore, this study uses the input-oriented super-SBM model to measure the performance level of ecological well-being. The model is as follows:
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Where δ is the DEA super-efficiency value, λj is the weight vector, [image: image] represents the number of undesirable outputs; [image: image] represents the number of input variables and [image: image] represents the number of expected output variables. [image: image],[image: image] and [image: image], respectively represent the slack variables of input, expected output, and unexpected output. When the δ [image: image] 1, DMU is relatively efficient, and when δ [image: image] 1, DMU is relatively invalid, and the larger the δ value is, the higher the ecological well-being performance level is.
3.1.2 Stage 2: SFA model
In the first stage, the performance level of ecological well-being based on the super-SBM model is affected by environmental factors, random interference, and management efficiency. To further distinguish the influence degree of each factor, the SFA model is needed in the second stage to eliminate environmental factors and random interference factors, so that the input redundancy of DMU is only caused by management inefficiency. The stochastic frontier regression formula is as follows:
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Where [image: image] is the [image: image] relaxation variable of the [image: image] input variable of the first decision unit in the first stage; [image: image] is the environment variable, [image: image] is the coefficient of the environment variable; [image: image] is the mixed error term, [image: image]represents random interference, and [image: image] represents the influence of random interference factors on input relaxation variables; [image: image] represents management inefficiency, assuming that it obeys a normal distribution truncated at zero, i.e., [image: image]., indicates the impact of management inefficiency on the input relaxation variable.
[image: image] is the proportion of variance of management inefficiency in the total variance. When the [image: image] value tends to 1, it indicates that management inefficiency factors are dominant. When the [image: image] value tends to 0, it indicates that the random error factor is dominant.
The purpose of SFA regression is to eliminate the influence of environmental factors and random interference on performance measurement so that all decision-making units can be adjusted to the same external environment. The adjustment formula is as follows:
[image: image]
Where [image: image] is the adjusted input; [image: image] is the pre-adjustment input; [image: image] is to adjust the external environmental factors; [image: image] is to bring all decision units to the same level of luck.
3.1.3 Stage 3: Adjustment super-SBM model
Based on the super-SBM model of the first stage, the adjusted input and output variables are used to measure the Ecological well-being performance of each province again. At this time, the performance value has eliminated the influence of environmental factors and random interference, which is a more real and accurate result obtained by placing all provinces under the same external environment and luck level.
3.2 Index and data
The efficiency evaluation index system constructed in this study consists of input variables, output variables, and external environment variables. Refer to the Long’s findings (Long and Wang, 2017) , specific input and output indicators are shown in Table 1. Environmental variables refer to the variables that can affect the ecological well-being performance and cannot be subjectively changed or controlled within a short period. According to the existing research results (Fang and Xiao, 2019), the corresponding indicators in Table 2 are selected for measurement.
TABLE 1 | The input and output indexes.
[image: Table 1]TABLE 2 | Environment variables and descriptions.
[image: Table 2]Due to data acquisition reasons, this paper selected 30 provinces (autonomous regions and municipalities) in China as research objects, excluding Hong Kong, Macao, Taiwan, and Tibet, which are different from the statistical caliber of mainland China that will lead to biased results, with a period from 2004 to 2017. Tibet is not within the research area of this study due to a lack of data. The original data of various indicators for measuring the performance level of ecological well-being and environmental variables come from China Statistical Yearbook, China Environmental Statistical Yearbook, China Education Statistical Yearbook, and China Energy Statistical Yearbook. The per capita index of resource consumption and environmental pollution is calculated by the permanent population at the end of the year. The data of per capita GDP were subtracted based on 2004; The average life expectancy of each province only has the data of 1990, 2000, and 2010. The missing data of each province are supplemented by referring to the method of Xu et al. (2017). The calculation of the average length of schooling for students (ALS) is shown in formula (Daly, 1974), P represents the population of each educational level.
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4 EMPIRICAL ANALYSIS
4.1 Stage one results
At this stage, based on the obtained data, the input-oriented super-efficiency SBM model can be used to calculate the ecological well-being performance level of 30 provinces (cities and districts) in China from 2004 to 2017, without excluding with the influence of environmental factors and random disturbances. The results are shown in Table 3.
TABLE 3 | Stage 1 results of ecological well-being performance of 30 provinces (autonomous regions and municipalities) in China from 2004 to 2017.
[image: Table 3]At the national level, the average ecological well-being performance in China from 2004 to 2017 was 0.895, which did not reach the production frontier, indicating that there is still a large room for improvement.
China’s ecological well-being performance dropped from 0.947 in 2004 to 0.823 in 2017, with a drop of 13.1% and an annual decline rate of about 1.1%, indicating that China’s economic growth has not been accompanied by a corresponding improvement in ecological well-being performance. This is consistent with the theoretical hypothesis of Manfred (2005) on the “well-being threshold.” They believe that the relationship between economic growth and social well-being level is not always positive, and when the economic development crosses a certain threshold, continued economic growth will inhibit the quality improvement of human life.
At the regional level, China’s ecological well-being performance has always been the highest in the eastern region, followed by the central region, and the lowest in the western region. This is consistent with the spatial pattern of “east-central-west” decreasing in China’s economic development level. In terms of the changing trend, the ecological well-being level in the eastern, central, and western regions all showed a downward trend, with an average annual decline of 1.1%, 0.4%, and 1.5%, respectively. It can be seen that the eastern and western regions showed the most obvious decline.
From the provincial level, Figure 1 visually shows the ecological well-being performance level of 30 provinces (autonomous regions and municipalities) in China from 2004 to 2017. Hainan, Beijing, and Henan ranked the top three in terms of ecological well-being performance, but their causes were different. Hainan benefits from the unique “natural endowment” and has a comparative advantage in developing tourism, so its economic growth is less dependent on resources, energy, and other factors input. Beijing is China’s most developed city, but the ecological benefits performance levels are not affected by the “threshold,” thanks to Beijing’s “city status,” in the vicinity of the capital, technology, and talent with strong “siphon effect,” while polluting enterprises affected by “depression effect” to spread to the surrounding area. Henan province is located in the central region of China. Its economic development level is not outstanding, but it is in the dynamic balance between factor input and social well-being output. From 2004 to 2017, Inner Mongolia, Xinjiang, and Ningxia ranked the bottom three in ecological well-being performance. The ecological environment of the above three places is relatively fragile, and the development model of exchanging natural resource consumption for economic growth has not changed fundamentally, resulting in a low level of ecological well-being performance. From the above analysis, it can be seen that the provinces affected by the “well-being threshold” are concentrated in the eastern regions, such as Guangdong, Jiangsu, Shandong, and Zhejiang, which are experiencing rapid economic growth in China, but their ecological well-being performance continues to decline.
[image: Figure 1]FIGURE 1 | The average EWP values of provincial capital cities in China from 2004 to 2017.
4.2 Second stage results
The second stage is stochastic frontier analysis. Based on Stage 1 results, slack of energy inputs, water resource inputs and land resource inputs are used as the explained variables of the regression model. Environmental regulation, industrial structure, level of opening up, technological level, urbanization level and economic development level are taken as environmental variables. In this paper, Frontier 4.1 software is used to conduct SFA regression, and the results are shown in Table 4.
TABLE 4 | Results of SFA regression in the second stage.
[image: Table 4]As can be seen from Table 4,[image: image] values are above 0.90, indicating that management inefficiency has a much greater impact on input redundancy than random interference in the mixed error term, and plays a dominant role. LR test of the one-sided error values are significant at a 1% level, indicating that the SFA regression model is reasonable. The regression coefficients of environmental variables showed different degrees of significance after the t-test, indicating that the external environment had a significant effect on the input redundancy of corresponding factors. Therefore, to keep provinces in a fair external environment, it is necessary to use the SFA method to eliminate the influence of environmental factors and random interference, to readjust the input.
The estimated coefficients of environmental variables indicate that they have different effects on corresponding input redundancy. When the regression coefficient is positive, there is a positive correlation between environmental variables and input slacks, that is, the increase of environmental variables will lead to the increase of input redundancy, which will adversely affect the level of ecological well-being performance. When the regression coefficient is negative, the increase of environmental variables is conducive to the reduction of input redundancy, and promotes the level of ecological well-being performance. The specific analysis is as follows:
(1) The regression coefficients of energy, water, and land resource slack inputs redundancy of environmental regulation are significantly positive, indicating that the enhancement of environmental regulation aggravates is correlated to the waste of energy, water, and land resource utilization. A possible reason is that the Chinese government has a strong willingness to change the present situation of the environmental pollution, resource waste, but the existing environmental governance “passive governance” phenomenon, namely when pollution is aggravating, shortage of resources to strengthen governance, although relieves the problem such as environmental pollution, that did not fundamentally improve the utilization efficiency of inputs.
(2) The regression coefficient of industrial structure to slack of energy inputs is significantly positive, and the regression coefficient to water resource input redundancy is significantly negative. This shows that at the present stage, the increase of the proportion of the secondary industry causes the most obvious waste of energy input, because the development model of China’s secondary industry is still relatively extensive, and the energy efficiency needs to be improved. However, with the promotion of China’s ecological civilization construction and innovation-driven development strategy, the development of the secondary industry has played a certain role in promoting the conservation and utilization of water resources.
(3) The regression coefficients of the level of opening-up on the input of energy, water resources, and land resources are all negative, and the redundancy of the input of water resources and land resources passes the significance test at the level of 10% and 1%. This shows that the improvement of the level of opening to the outside world will produce a saving phenomenon on the utilization of water resources and land resources. The reason lies in that trade is an effective way to spread knowledge and spillover technology, and the increase of opening-up is conducive to China’s introduction of foreign advanced technology and learning from the development model, thus promoting intensive development.
(4) The regression coefficients of technology level on energy and water resource input redundancy are significantly negative. This shows that the improvement of technological level will produce a saving phenomenon on the utilization of energy and water resources. This is consistent with the reality that the application of new technologies can significantly reduce the waste of energy and water by eliminating outdated production facilities and processes. The redundancy of technology level to land resource input is negative, but not significant. This is because the utilization of land resources is affected by policies, population, and other factors at the same time, and the promotion effect of technology is relatively limited.
(5) The regression coefficients of urbanization level on water resources and land resources input redundancy are positive. This shows that the improvement of urbanization level increases the waste of water and land resources. The reason is that China’s urbanization has a certain degree of “spread out” blind expansion. The regression coefficient of urbanization level to energy input redundancy is negative, but not significant. The possible reason is that the improvement of urbanization level drives the development of tertiary industry, improves energy utilization efficiency, and saves energy utilization, but this effect is still relatively weak.
(6) The regression coefficient of economic development level to water resources input redundancy is significantly positive. This shows that the higher the level of economic development, the more serious the phenomenon of water resources waste, which is mainly affected by the “well-being threshold,” that is, when the level of economic development exceeds a certain threshold, continued economic growth does not necessarily bring a higher level of social well-being. However, the continued economic growth still requires the input of water resources, so the water resources that have not been converted into the level of social well-being will be converted into input redundancy. However, the economic development level has no significant impact on energy and land resource input redundancy, which is similar to Guo’s findings (Guo et al., 2018).
4.3 Stage three results
Based on the regression results of the second stage, the original input variables were adjusted, and the provinces (cities and districts) were adjusted to the same external environment. The super-efficiency SBM model was used to obtain the Ecological well-being performance levels of 30 provinces (cities and districts) in China from 2004 to 2017, and the results were compared with those of the first stage, as shown in Table 5.
TABLE 5 | Comparison of the results of the first stage and the third stage.
[image: Table 5]As shown in Table 5, the performance level of ecological well-being at the national, regional, or provincial level are all significantly different from that of the first stage.
At the national level, the ecological well-being performance level after adjustment was 0.949, which is 0.054 higher than 0.895 before the adjustment; After adjustment, the average annual decline rate was −0.53%, 0.54% lower than −1.07% before adjustment, namely, the ecological well-being performance level was improved after adjustment, and the decline rate was reduced. This indicates that environmental factors and random disturbances have a restraining effect on the improvement of ecological well-being performance in the whole country, which leads to the underestimation of ecological well-being performance in the first stage. Therefore, changing the external environment of ecological well-being performance level, such as rational use of environmental regulation tools, the transformation of economic development mode, implementation of innovation-driven development, implementation of human-centered urbanization, etc., are feasible ways to improve the performance level of ecological well-being.
At the regional level, the mean value of Ecological well-being performance in the eastern region increased from 1.017 to 1.084, in the central region from 0.900 to 0.934, and in the western region from 0.768 to 0.826. The pattern of “decreasing from East to West” of Ecological well-being performance did not change. In terms of the range of change, the eastern region has the largest increase, followed by the western region and the central region. This shows that compared with the eastern and western regions, excluding environmental factors and random interference has the least impact on the central region, that is, the external development environment itself in the central region is relatively good. In addition, an increasing gap between the eastern and central, western and eastern, central and east-west ecological benefits performance level by adjusting the average gap before rose to 0.150, 0.258, 0.117, 0.249, suggesting that the East high and is not dependent on the performance of a good external environment and the good results of random disturbance, but the eastern region for energy and do have higher utilization of resources and management level.
At the provincial level, after removing the influence of environmental factors and random disturbance, the ecological well-being performance of most provinces increased, but only Beijing, Shanxi, Shanghai, Jiangxi, Henan, Hainan, Sichuan, and Yunnan showed a decline. As stated earlier, Beijing, Shanghai, “city level” make them enjoy more policy tilt, Hainan has advantaged advantage “endowment,” Shanxi, Jiangxi, Henan, Sichuan, and Yunnan are due to its “development stage,” eliminating environmental factors lead to the area lack of good external environment, thus there is an obvious ecological benefits performance decline. After adjusting the ecological benefits of performance levels ranking among the top three, Zhejiang, Guangdong, and Tianjin, respectively up nine and five, ten, the above areas are in the eastern region, influenced by “well-being threshold” is stronger, thus eliminating environmental factors and random disturbance, the resulting ecological benefits performance reflects the actual management of energy, resources and utilization level.
5 TEMPORAL AND SPATIAL EVOLUTION
To explore the evolution of the ecological well-being performance of 30 provinces (municipalities and autonomous regions) in China from 2004 to 2017, this study uses the super-SBM model to conduct in-depth analysis from temporal and spatial perspectives.
5.1 Temporal evolution of ecological well-being performance
Based on the results of the third-stage Super-SBM model, the average evolution trend of ecological well-being performance levels in China and the three regions of eastern, central, and western China was drawn (Figure 2).
(1) Nationally, the average performance level of ecological well-being in each year is above 0.90, indicating that there is still room for improvement after excluding the influence of environmental factors and random interference. From 2004 to 2017, the national ecological well-being performance showed a trend of decline in fluctuation, and maintained a stable state from 2004 to 2011, with a large decline from 2012 to 2017.
(2) By region, the eastern region has always had the highest level of Ecological well-being performance, while the western region has always had the lowest level, and the central region is closest to the national average. From 2004 to 2014, the eastern region maintained a declining state in fluctuations and recovered from 2015 to 2017. The possible reason is that the eastern region was the first to be affected by the “well-being threshold” and at the same time took the first regulatory measures, so the Ecological well-being performance level recovered first among the three regions. The central region keeps rising in fluctuation, which indicates that the central region is in a dynamic balance between the consumption of natural resources and the generation of social well-being. Western region ecological benefits performance levels held steady from 2004 to 2011, the basic state, there is an obvious decline in 2012–2017, the possible reason is accepted in the east part of the “high pollution, high energy consumption and high emissions” enterprise after the transfer, the western region for energy and resource management efficiency is not high seriously affected the ecological benefits performance levels, then lower the average national ecological benefits performance.
[image: Figure 2]FIGURE 2 | The evolution of the average value of Ecological well-being performance in China and the three major regions.
To more clearly display the temporal evolution of Ecological well-being performance of provinces (cities and districts), the non-parametric Kernel density function with Gaussian normal distribution was adopted. The years 2004, 2008, 2013, and 2017 were selected as observation points for Kernel density estimation, and the distribution conditions at different time points were obtained (see Figure 3). As can be seen from the figure, the center of the distribution curve of the overall Ecological well-being performance level in China remained around 1.1, indicating that most provinces reached a relatively effective state in the observed years. Main peak height over time down after rising first, and the curve width increasing, especially the curve on the left side of the widening trend obviously, this shows that the whole observation period, the national ecological well-being performance levels showed a trend of decline, the absolute difference between provincial exists a certain degree of increase, part of the province’s performance obvious downward trend. At the same time, it is not difficult to see that the distribution curve of the national overall ecological well-being performance level has an obvious right trailing phenomenon during the observation period, and its distribution ductility shows a shrinking trend, indicating that provinces with high ecological performance level have decreased during the observation period. In terms of the number of peaks, the level curve of ecological well-being performance presented a bimodal distribution of “low left and high right.” The bimodal distribution was not obvious in 2004, but gradually became obvious and the side peak height kept rising. This is because, over time, provinces have different management levels of energy and resources, leading to the “polarization” trend of ecological well-being performance.
[image: Figure 3]FIGURE 3 | Kernel nuclear density estimation of China’s Ecological well-being performance.
5.2 Spatial evolution of ecological well-being performance
5.2.1 Spatial correlation of ecological well-being performance
To analyze the spatial correlation of ecological well-being performance level, Moran’s I index of each year can be calculated according to the ecological well-being performance level of 30 provincial cities in China from 2004 to 2017 by using a 0–1 adjacency weight matrix and geographical distance weight matrix respectively, as shown in Table 6.
TABLE 6 | Global spatial autocorrelation test results of China’s Ecological well-being performance levels from 2004 to 2017.
[image: Table 6]As can be seen from Table 6, both in 0–1 adjacency weight matrix and geographical distance weight matrix, the Moran’s ⅰ index of China’s ecological well-being performance from 2004 to 2017 was positive, and both passed the significance test at the level of 10%. This shows that there is a significant positive correlation between China’s ecological well-being performance. In other words, the distribution of ecological well-being performance value in China is not random distribution, but spatial distribution has a certain agglomeration phenomenon. Provinces with higher ecological well-being performance value tend to cluster together, and vice versa. From the perspective of spatial correlation intensity, China’s ecological well-being performance experienced a “weak-strong-weak” fluctuation state, and the Moran’s ⅰ index in both spatial weight matrices reached the highest value in 2011. The possible reason is that with the closer communication among regions, the spatial correlation of ecological well-being performance level gradually increased from 2004 to 2011. From 2012 to 2017, China’s industrial transformation accelerated, gradually shifting from factor and investment-driven development to innovation-driven development, and there was a certain differentiation of ecological well-being performance among provinces, resulting in a certain decline in spatial correlation.
5.2.2 Spatial difference of ecological well-being performance
ArcGIS software was used to analyze the spatial differences of ecological well-being performance of 30 provinces (cities and districts) in China from 2004 to 2017, and the natural breakpoint method was used to classify ecological well-being performance into five levels from high to low. We selected 2004, 2008, 2013, and 2017 as observation points at intervals of 4 or 5 years, which clearly showed the changing trend of the spatial distribution pattern of EWP (Figure 4). As can be seen from Figure 4, there are significant spatial differences in China’s ecological well-being performance:
(1) In 2004, EWP in Xinjiang, Inner Mongolia, Gansu, and Shanxi provinces was at a low level. EWP in Heilongjiang, Jilin, Liaoning, Qinghai, and Hubei was in the middle and low level. The EWP of Beijing, Shanghai, Anhui, Zhejiang, Fujian, Guangdong, and Guizhou were in the middle and high level, and these provinces mainly concentrated in the southeast coastal area. Finally, only Hainan province has a high level of EWP.
(2) In 2008, EWP decreased significantly in almost all provinces. Heilongjiang, Liaoning, Qinghai, Gansu, Jiangsu, Fujian, Guangdong, and Guizhou all dropped by one level. However, only Beijing jumped from medium to high level, while Henan jumped from medium to high level.
(3) In 2013, EWP in Jilin, Henan, Zhejiang, and Hainan provinces dropped by one level. On the other hand, EWP in Jiangsu, Tianjin, Hunan, and Guizhou rose by one level each. In this year, a total of seven provincial capital cities were at low level, distributed in the northeast and western regions, and the eastern coastal areas, except Liaoning, were at medium or medium-high level, with the gap between them decreasing.
(4) In 2017, Sichuan, Guizhou, Hunan, Tianjin, and Anhui experienced a decline in ecological well-being performance. However, the level of ecological well-being performance in Heilongjiang, Jilin, Gansu, and Henan has risen. The declining regions are generally medium or high level provinces, while the rising regions are mostly low level or medium and low level provinces, which reflects the “catch-up” phenomenon of backward regions, indicating that there is a certain convergence trend of ecological well-being performance.
[image: Figure 4]FIGURE 4 | Spatial differences in China’s Ecological well-being performance levels from 2004 to 2017.
In general, the leading provinces of ecological well-being performance in 2004 were mainly concentrated in the southeast coastal areas, and then gradually moved to the central region, leading to the gradual “convex” distribution characteristics, that is, the number of leading provinces of Ecological well-being performance in the central region was more than that in the East and West regions. From the region, it can be seen that the gap within the western region is the largest, followed by the eastern region, and the smallest gap within the central region.
6 CONCLUSION
This study measures the ecological well-being performance of 30 provinces (municipalities and autonomous regions) in China from 2004 to 2017 by using the three stage super-efficient SBM-DEA model and analyzes the temporal and spatial evolution of the ecological well-being performance. Our results draw the following thoughts/conclusions on EWP.
First, the overall ecological well-being performance in China has a downward trend from 2004 to 2017; The distribution pattern was highest in the East, second in the middle, and lowest in the West. EWP is the latest index to measure the level of economic and social development. It can further bring the level of social welfare into the analysis framework on the basis of production efficiency and ecological efficiency. The downward trend of EWP means that policy makers should pay attention to the relationship among economic growth, ecological protection and improvement of people’s livelihood and well-being.
Secondly, the improvement of environmental regulation, urbanization level, and economic development level has a positive effect on factor input redundancy, and then hurts the improvement of Ecological well-being performance; The level of openness to the outside world and the level of technology hurt factor input redundancy, which is conducive to the improvement of Ecological well-being performance. The industrial structure has different effects on the redundancy of different factor inputs.
Third, after excluding the influence of environmental factors and random interference, the overall performance level of ecological well-being in China has been improved, and the gap between East-central and East-West regions has been widened. Few provinces have seen a decline in the performance level of ecological well-being, while the most obvious increase is concentrated in the eastern region.
Fourthly, from the perspective of time series, the Ecological well-being performance of the three regions showed a downward trend from 2004 to 2017, especially after 2012, the regional differentiation became more obvious and the “bipolar” differentiation trend of the provincial Ecological well-being performance was strengthened.
Fifth, the level of ecological well-being performance has an obvious positive spatial correlation, showing a “weak-strong-weak” fluctuation state in intensity; At the same time, the provinces with higher ecological well-being performance shifted from the southeast coast to the inland, resulting in a certain “convex” spatial layout.
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