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The Assessment andAppraisal Method for Ecological Construction Targets (the Method) was promulgated in 2016, which provided a concrete instruction for China’s air pollution control and established an explicit standard for reducing air pollutant concentration. This study implements a sharp regression discontinuity (RD) design and makes an assessment on air quality control effectiveness of the Method based on the high-volume big data acquired from 173 cities in China. The results show that the Method has significantly improved air pollution control on the overall air quality index (AQI) and reducing concentrations of PM2.5, PM10, SO2, NO2, and CO across the country in the observation periods. However, no reduction effect was observed for O3. The robustness tests support the conclusion as well. Besides, the heterogeneity analysis illustrates that the policy had a significant short-term treatment effect in East, South, Central, North, Northwest, Southwest, and Northeast China. However, the Method’s effect is found to decline over time either nationwide or regionally according to the persistence analysis. Therefore, this article puts forward several suggestions regarding the formulation of long-term regulations for air pollution control, the transformation of the growth model for sustainable development, and optimization of the incentive system for improved pollution control and prevention.
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INTRODUCTION
With China’s rapid economic growth and ever-accelerating increase in resource consumption, air pollution has become the primary problem threatening the country’s sustainable development. Data showed that in 2016, 81% of the Chinese population were exposed to ambient fine particulate matter (PM2.5) higher than the WHO IT1 (or CAAQS) standard (35 μg/m3), and 50% of the population were exposed to an annual average PM2.5 mass concentration of 48.2 μg/m3 or above (Song et al., 2017). In China, air pollution is estimated to cause 1.6 million deaths per year, accounting for roughly 17% of all deaths nationwide (Rohde and Muller, 2015). Air pollution is also identified as a cause of mental illnesses for which the associated health expenditures are USD 22.9 billion annually in total (Chen S. et al., 2018). The disease burden and health economic loss which resulted from ambient air pollution in China are greater than those in the remaining parts of the world as the country with one of the highest levels of air pollution and the largest size of the affected population (Niu et al., 2017). With increasing severity requiring government response, China has implemented a series of environmental protection policies and regulations to tackle air pollution.
In December 2016, the State Council of the People’s Republic of China launched the Assessment and Appraisal Method for Ecological Construction Targets (the Method). The Method, which specified higher requirements on air pollution control in its special assessment of eco-environmental protection, was proposed to center on the completion of critical targets of ecological civilization construction in each region, strengthen the awareness of responsibility in ecological civilization construction of provincial Communist Party of China (CPC) committees and governments, and supervise and urge regions to promote ecological civilization construction on their own initiatives.
Specifically, the Method, combined with the Green Development Index as a quantitative basis, stipulated a comprehensive assessment from many aspects, including regional resource utilization, environmental improvement, ecological conservation, the level of high-quality development, green life, public satisfaction, etc. The goal of the Method is to ensure that all provinces and cities strictly follow the guidelines of the central government when implementing these pollution control measures. Especially, the assessment and appraisal results of the Method would be an important index of general assessment, appraisal, awarding, promotion, and dismissal of leading carders and other local officials. The region with good performance of the appraisal would be commended, while the region with poor performance would be named and shamed, and its officials would be accountable.
In general, the Method impacts environment protection through the below mechanism. It sets ecological civilization construction targets as appraisal indexes for the environmental supervision system. Hence, the leaders of the Party who rule the local bureaucracy and the local government are stimulated to make cooperated efforts and take measures to address the pollution threat.
Although the Method targeted many aspects of the ecological civilization, this study will try to concentrate on air quality. We would like to verify whether the Method has provided the necessary incentives for the local governments to achieve the appraisal goal. Especially, to what degree has the mechanism worked to improve the air quality? Are the improvements made temporary or sustainable? An assessment of the Method and an exploration of its effect will provide necessary suggestions for policymakers on how to improve and optimize the air pollution control and regulations in the next period. From this perspective, this article attempts to use a sharp regression discontinuity (RD) design to accurately evaluate the effectiveness of the Method’s implementation based on the environmental big data collected among 173 cities in China.
Existing research studies evaluating the effect of air pollution regulation policies tend to focus on the following areas: first, research studies have been carried out to explain the reasons to implement air pollution regulations and illustrate their models. The market mechanisms cannot solely solve the environmental pollution problems because of the externalities of environmental pollution and the characteristics of the environment as a public good. Environmental regulations have therefore been crucial for remedying market failures and solving environmental problems (Fan and Sun, 2020). Environmental regulations on market entities’ pollutant discharge behavior can be roughly classified into three subtypes: government-oriented environmental regulations, market-oriented environmental regulations, and voluntary environmental regulations. To cope with growing resource and environmental pressures, the current environmental regulation approach in China is developing from the government-oriented only to the coordination of the government-oriented and the market-oriented (Zhao et al., 2009). Other environmental regulations may indirectly affect air pollution through three possible paths: adjusting the industrial structure (Chen S. et al., 2019; Yu and Wang, 2021), enhancing technological innovation (Jebaraj and Iniyan, 2006; Li et al., 2017; Chen X. et al., 2018), or attracting foreign direct investment (Wu and He, 2017). A second research focus is to evaluate the effect of environmental protection policies and regulations. It is confirmed that environmental regulations are effective in reducing harmful gas emissions and alleviating air pollution according to the studies of environmental regulations’ effect on the ecological environment and on the energy resource protection including the effect of implementing renewable energy policies, coal substitution policies, and other environmental policies (Neves et al., 2020; Ouyang et al., 2019; Shou et al., 2020; Wang et al., 2019). Some scholars argue that environmental inspection at the behest of central authorities has a significant effect, but the effect lasts for a short time (Tan and Mao, 2021). A third research focus is on the effects of regional environmental protection policies. For example, Yang et al. (2019) found that a unified air control policy was more effective in Shanghai, Jiangsu, and Zhejiang, while one with various types of emission control was more effective in the Pearl River Delta region (Hou et al., 2019). As for the Beijing–Tianjin–Hebei region, research has found that air control policies can reduce the region’s annual gross domestic product (GDP) growth rate by 1.4% and that the annual GDP growth rate will drop by 2.3% when the policies are rigidly enforced (Li et al., 2019). In addition, many scholars have started to use big data for environmental assessment research. Zhang et al. (2019), for example, assume that big data analysis (BDA) is helpful to provide decision makers with a sound scientific advice on solving global sustainable development problems. Therefore, BDA is gradually used in forecasting air pollutant concentrations (Alaoui et al., 2019; Al_Janabi et al., 2019; Xu et al., 2020) and other research fields.
Policy evaluation uses a range of research methods to systematically investigate the effectiveness of policy interventions, implementation, and processes and to determine their merit, worth, or value. There are four major methods to evaluate the public policies, including instrumental variable (IV), difference in difference (DID), propensity score matching (PSM), and regression discontinuity design (RDD) (Chang et al., 2018; Jia and Chen, 2019; List et al., 2003; Tu et al., 2020). The IV method could easily generate estimate results, but a suitable instrumental variable is difficult to define. Moreover, the method has a precondition that the heterogeneity of a chosen policy’s effect should be independent of the policy’s overall effect, which is a rigorous hypothesis. Therefore, Heckman, 1997 argues that a heterogeneity result would be invalid when the IV method is adopted. DID has many strengths such as focusing on changes of factors instead of noises, but it is based on strong assumptions. In particular, the conventional DID estimator requires that there should be no time-varying distinction between the treated group and the control group. Besides, the Method is a nationwide policy, and it is impossible to set the control group under such a situation; thus, a DID method cannot be applied to the estimate based on nationwide city-level data.
The RD design possesses several strengths compared with DID and propensity score matching (PSM). The RD design requires relatively less strict assumptions which permit a nonlinear time trend. It yields an unbiased estimate of the local treatment effect. As a quasi-experiment, RD does not require ex-ante randomization and circumvents theoretical issues of random assignment. It can be seen as a randomized experiment in measuring a treatment effect for the purpose of a policy evaluation methodology.
Different from most previous studies, there are three main contributions of this article. First, the evaluation of the air pollution policy is improved. The environmental big data across the country are used and the national factors are considered, which enhance the applicability and credibility of the assessment. Second, the introduced model based on the sharp RD design is capable of reducing the endogeneity problems, which makes the conclusion more robust. Finally, this study is of great practical importance. The heterogeneity analysis is conducted to evaluate the regional effect of the Method’s release on air pollution control nationwide.
The structure of this article is presented as follows: after the Introduction, the second section discusses the research materials and methods, including the big data acquisition and processing, the description analysis, and model setting. The third section presents the results, including an analysis of baseline regression results, the robustness test, persistence analysis, and heterogeneity analysis. The final section consists of the article’s conclusion and suggestions.
MATERIALS AND METHODS
Big Data Acquisition and Processing
The composite air quality index (AQI) is a rating indicator for reporting the ambient air pollution recorded at monitoring sites on a particular time scale like daily (Kai-guang et al., 2019). The statistic shows that the air pollutants in Chinese cities mainly include six pollutant items such as fine particulate matter (PM2.5), inhalable particles (PM10), sulfur dioxide (SO2), nitrogen dioxide (NO2), carbon monoxide (CO), and ozone (O3) (Liu et al., 2013). Although it is observed by satellite monitoring that the concentration of SO2 showed a decreasing trend (Calkins et al., 2016; Wang and Wang 2020), satellite observations are not seeing ground-based levels of air pollution. The AQI is defined according to the six pollutants and simplifies separately their concentration values into a conceptual index value (Individual Air Quality Index, IAQI), which is the maximum value of the conceptual index values (Zhang et al., 2019). The main objectives of AQI are to inform and caution the public about the risks of exposure to pollution levels and to enforce required regulatory measures. The overall ambient air quality of a specified area can be assessed in a better way and quantified in terms of AQI since it represents the collective effect of all the pollutants. The Chinese Government has collected mass air pollutant data across the country to monitor real-time air quality since 2013.
As mentioned, the Method was launched in 2016 and the first round of annual assessment on ecological environment protection was completed by August, 2017. In order to provide an up-to-date policy effectiveness evaluation research, the high-volume data collected for the period ranging from November 2015 to February 2018 have been processed to explain the change of air quality based on the daily measured indicators including AQIind, hPM2.5avg, hPM10avg, hSO2avg, hNO2avg, hCOavg, and hO3avg, each of which represents its daily average concentration. A total of 1,066,898 observations are collected from selected locations of residential areas. Among the indicators, AQIind is denoted as a description of the overall air quality, and the other indicators of the six pollutants are used to analyze how air quality changes specifically and respectively.
To focus on the impact of the policy on air quality, weather conditions must be controlled in the analysis (Wu et al., 2020). We take the highest temperature (Htmpt), the lowest temperature (Ltmpt), weather conditions (Wthcdt), and wind force (Wndfrc) as the control variables, amounting to 609,656 observations. For weather conditions, we construct a dummy variable: rainy and snowy weathers are counted as “1”, while other conditions are “0”. Wind forces are recorded as “1.5” when lower than 3, “3.5” for the range of 3–4, and “4” for changing from 3–4 to 4–5, and so on. Besides, rapid industrial development and the dominance of economic growth in political decision-making have threatened the environment and air quality in China. Apparently, the economic indicators including the gross regional product (Grorgpdut), per capita gross regional product (PcptlGRP), and gross regional product growth rate (GRPgwrate), amounting to 457,242 observations, should also be controlled for their potential influences on air pollution (Wu et al., 2021). The annual economic indicators are transformed into daily data, and all the variables except dummy ones are standardized.
In summary, in this study, 173 cities at or above the prefecture level are eventually covered because the data of the other cities are excluded from the sample for their data being unavailable or unable to match. Some missing values are filled by the linear interpolation method, and 3,647,669 valid observations in total are acquired as the big data sample. All the data are collected from Chinese Research Data Services (CNRDS), and the analysis is conducted through Stata.
Data Description and Analysis
This article focuses on the impact of the Method on improving air quality based on air quality data from 173 cities at or above the prefecture level across China during 1 year before and after the Method’s implementation (2015–2017). First, by comparing the mean of each air quality indicator data in the different sample time periods, the result is that the value of AQI decreased by 1.343 units 1 year after the Method’s implementation, which reached the expectation. Table 1 summarizes the mean of the sample cities’ AQI and air pollutant indicator data. The results of 1 year before and after the Method’s release periods are presented, respectively, in columns 1 and 2. The mean difference of the comparison between columns 1 and 2 is presented in column 3.
TABLE 1 | Comparison of air quality indexes before and after (mean).
[image: Table 1]In the light of the policy’s effects of continuity and hysteresis, this article extends the sample time span. A line chart (Figure 1) plots the changes of AQI for 3 years before and after the Method implementation. It can be seen in Figure 1 that in the next 2 months after the Method, the value of AQI decreased significantly and kept at a low level. Also, its value in the year after the release was significantly lower than that in the year before the release from the overall trend of the year. Therefore, it can be preliminarily concluded that the AQI declined because of the implementation of the Method. However, it should be noted that national AQI dropped sharply on December 22, 2016, and then rebounded immediately. This is likely because it was the time for the public heating system in China to operate, which twisted the effects of the Method’s implementation temporarily.
[image: Figure 1]FIGURE 1 | Changes in national AQI (mean).
To further find out the effectiveness of the Method on air quality improvement, the mean values of AQI of November, December, and January were compared for the same period among the year before the release (2015), the year of release (2016), and the year after the release (2017). The results are presented in Table 2. The data show that the AQI declined immediately in the next month after the Method’s release. However, the year-on-year growth rates of AQI were all positive in December and January in the pre-Method period and the year of release. It can be inferred that the Method is effective in improving air quality in a short time, but its continuous effect is relatively nominal. However, the effectiveness of the Method cannot be clearly estimated from the raw descriptive statistics, and a more comprehensive analysis needs to be done.
TABLE 2 | AQI comparison for the same period of the month (2015–2017).
[image: Table 2]Model Specification
Studies designed as a quasi-experiment to assess the public policy always encounter the problem of endogeneity. In other words, individual behavior is usually affected by other factors before and after the introduction of the policy, which does not meet the exogenous conditions of a natural experiment. The resulting problem of endogeneity is difficult to completely overcome in public policy evaluation. The so-called policy endogeneity problem is usually a case of “manipulation” and “heap” of data (Chen L. et al., 2019). The biggest difficulty in evaluating the effect of the Method’s implementation lies in evaluating its own effect excluding the impact of other policies, especially due to the Method requiring ecological progress evaluated annually and assessed every 5 years. Big data’s role in the policy evaluation process is essentially the same as that of the corresponding traditional sample data. Thus, common policy evaluation methods can be adopted when big data are used to evaluate public policy evaluation. Lee (2008) believes that the method of RD design can effectively avoid the endogeneity problem in a parameter estimation to truly reflect the causal link between two variables when a randomized experiment cannot be carried out. Since the Method start date can be regarded as a mutation variable of influence, the method of RD design can distinguish the interaction and effect of the Method from other continuous variables. In this way, we can analyze the causal impact of the Method implementation on the jump cut point of outcome variables. In this article, if we can accurately identify whether there are abrupt changes in various pollutant concentration indicators before and after the Method start date while the control variables are continuously changing by using RD, it can be concluded that the Method’s implementation led to the changes in air quality, thereby proving the Method’s effectiveness. Otherwise, the Method is inefficient.
To analyze the influence of the air pollution control policy on the air quality, it is assumed that the improvement of air quality relies solely on the implementation of the relevant policy that could be set as a binary treatment variable, for which treatment is assigned to units with the consistent variable exceeding the cut point c. Let the receipt of treatment be denoted by the binary variable D, and let D = 1 if treatment is received and D = 0 otherwise. When c = 0,
[image: image]
The cities affected by the policies or not are denoted, respectively, by (y0i,y0i). Then, we need to compare whether average outcome gains resulting from treatment differ from both groups. Considering the time period (c−ε, c+ε), it could be assumed that all other factors determining Y of observations are evolving smoothly with respect to x close to the cutoff. The observations after the cut point can be divided into the treatment group, while those before the cut point can be divided into the control group.
Since the Method was released on a specific date, we use sharp RD design to study the impact of the Method’s implementation on air quality referring to RD design. The regression estimation equation is given below:
[image: image]
where AIRit is the outcome variable representing the air quality index (AQI) and the daily average concentrations of six pollutants (including PM2.5, PM10, SO2, NO2, CO, and O3) at city i on date t; Policy represents a dummy variable for the Method, whose value is 0 before the start date; otherwise, it is 1; D (t)τ is a time trend variable, which is used to fit the trend in air quality changes in sample cities before and after the Method start date. We multiply the dummy variable Policy and the time trend variable D (t)τ to ensure the differentiation trend of air quality before and after the Method start date. τ is the time indicator variable. Limited to the range of the bandwidth, the value of τ of 0 represents the Method’s start date, 1 represents the following day, −1 represents the previous day, −2 represents the date 2 days before the release, and the like. Xit is denoted as the control variable, meteorological and economic factors influencing air quality, including the highest temperature (Htmpt), the lowest temperature (Ltmpt), weather conditions (Wthcdt), wind force (Wndfrc), gross regional products (Grorgpdut), per capita gross regional products (PcptlGRP), and GRP growth rate (GRPgwrate). μi represents the regional fixed effect, including public transportation systems, green areas, and populations. δt represents the time fixed effect, and εit represents the random disturbances.
RESULTS
Discussion on the Validity of the Cut Point
Normally, after selecting a certain bandwidth, if the outcome variable presents a sudden change at the cut point, the effectiveness of adopting RD design is considered to be verified and vice versa. As for determining the bandwidth, considering the fact that local officials might pursue the short-term performance and referring to the existing literature (Tu et al., 2020), this study picks the bandwidth of 30 days. After controlling for the effects of meteorological and economic variables on the national air quality, air pollutant concentration trends were fitted for the 30 days before and after the Method’s release. To estimate the model’s effectiveness, whether the Method’s start date (the treatment date) can be seen as a cut point should be examined. All the results are shown in Figure 2. It is illustrated that except O3, the concentrations of PM2.5, PM10, SO2, NO2, and CO demonstrate obvious sudden changes at the start date, which suggests that the decrease in AQI might be owing to the sharp decrease in the five pollutants. On the other hand, O3 is an indirect emission that is not directly emitted by the residents or factories. Its generation process is sophisticated, and no sudden change was observed. Therefore, it is reasonable to conduct the empirical analysis based on a sharp RD design.
[image: Figure 2]FIGURE 2 | (A) Changes in the concentration of AQI 30 days before and after the Method was released. (B) Changes in the concentration of various pollutants 30 days before and after the Method was released.
Baseline Regression
The selection of an optimal bandwidth involves a trade-off between accuracy and bias in linear hypotheses. On the one hand, using a larger bandwidth yields more precise estimates as more observations are available to estimate the regression. On the other hand, the linear specification is less likely to be accurate when a larger bandwidth is used, which can biased in the estimation of the treatment effect (Lee and Lemieux, 2010). There are multiple outcome variables in this article, so there is a different optimal bandwidth for each one. Therefore, a bandwidth of 30 days is selected for unified regression estimation to better evaluate the short-term effect of the Method.
Table 3 illustrates the baseline sharp RD design results of the AQI and six pollutant indicators with a bandwidth of 30 days prior to and following the cut point. Except for O3, the estimated coefficients for AQI and five pollutant indicators are significantly negative, which proves that the Method implementation can significantly improve the air quality. Due to the local governments’ quick response to the Method through the strong executive power, the significant improvement effect of air quality was achieved in a short period of time. For one thing, they strengthened the implementation of air pollution control. For another, they supervised enterprises’ pollution emissions strictly. However, the Method implementation has not been able to significantly reduce the O3 concentration because lower atmospheric O3 is a secondary product of automobile pollutant emission under the irradiation of sunlight.
TABLE 3 | Results of the sharp RD design for AQI and six pollutant indicators.
[image: Table 3]Robustness Test
The estimator of RD design is considered to be biased if the assignment variable is manipulated or a large observation heap is found (Barreca et al., 2011). To ensure that the estimation results are unbiased and valid, the following test approaches are employed:
1) Examine the influence of incorporating the covariates;
2) Examine the continuity of pretreatment covariates, which means to examine whether the distribution of covariates also exhibits discontinuity at the cut point;
3) Examine the influence of different bandwidth choices;
4) Examine sample selection sensibility, also known as the “donut hole” test, which reveals the results of omitting the observations that are vulnerable to be selected for certain reasons.
The robustness tests are conducted as follows.
First, the influence of incorporating the covariates is examined. Since the influence of the covariates is ignored in the baseline regression, according to the article contributed by Lee and Lemieux (2010), and the inclusion of covariates in the regression should reduce the residual square of the model and increase the interpretation efficiency but should not exhibit significant differences in estimation coefficients. Therefore, the covariates are included in the RD design as a part of the robustness test. The experimental results in Table 4 show that the results remain roughly constant compared to the baseline regression results, which supports the validity of the results.
TABLE 4 | Results of the sharp RD design with control covariates.
[image: Table 4]Second, the continuity of pretreatment covariates should be checked, which means that the baseline covariates should be continuous at the threshold. It is necessary to examine the possibility that other changes are occurring at cutoff, which could confound our analysis. That is to say, changes in the air pollutant concentration might be caused by other factors, and the assumption that the Method’s release significantly affects the air pollutant concentration could not be proved. It is reasonable to assume that the treatment effect illustrated in the model is caused by the assignment variable when the control variables are continuous and stable around the cut point.
The results are shown in Table 5. It exhibits the significant influence of the highest temperature, the lowest temperature, weather conditions, and wind force on air quality before and after the Method’s release, while the other variables did not, such as Grorgpdut, PcptlGRP, and GRPgwrate. Considering the lowest temperature, its coefficient is negative, which suggests that air pollution became worse as the temperature dropped. The change in the lowest temperature should have nothing to do with the remarkable improvement in air quality. Although weather conditions and wind force had significant coefficients, their values are −0.0667 and 0.0913, respectively, which should be relatively too small to contribute to the notable improvement of air quality. In conclusion, none of the control variables jumps at the cut point generally and should not affect the results, which further convinces that the release of the Method improved the air quality.
TABLE 5 | Results of the control variable continuity test.
[image: Table 5]Third, various bandwidth selections are tested. When bandwidths are narrow, they tend to guarantee the unbiasedness of the local linear regression. However, narrow bandwidths would also enlarge estimation variance, and the regression results might remain inconsistent as bandwidths expand. Therefore, the study has re-estimated, respectively, with bandwidths 0.5 times and 2 times as wide as that in the baseline regression (Lee and Lemieux, 2010; Tu et al., 2020)—that is, 15 and 60 days before and after the cut point. The results of the treatment effect under the two bandwidths are shown in Table 6. The results under two different bandwidths are essentially consistent with those in the baseline regression, which shows that the result is not sensitive to the bandwidth choices and confirms the robustness of the results.
TABLE 6 | Results of different bandwidths.
[image: Table 6]Fourth, the sample selection sensitivity, which is of great importance to guarantee the validity of RD, has been tested. The present study tries to verify it from both the perspective of the economic factors and the release time of the Method. First, compared to other regions, economically developed cities could lower the AQI more effectively, relying on their better industrial structure, stronger public awareness of environmental protection, and more advanced pollution treatment technologies rather than policy incentives. However, the other cities may count more on policy promotion to achieve the purpose of air pollution control. Considering the gap in environmental governance at the city level, samples of the first-tier cities are excluded to examine the robustness. Second, the closer the time is to the Method’s release, the higher possibility the air quality is to be manipulated during the period close to the cut point. Therefore, 5% of the observations close to the cut point are omitted in order to avoid a very steep change in air quality. The test results are shown in Table 7. The results remain generally consistent compared with the baseline regression results, which support their validity.
TABLE 7 | “Donut hole” test results.
[image: Table 7]Policy Effect Persistence
Since the baseline regression model limits the sample to a 30-day bandwidth, only the short-term effects of the Method can be shown. The persistence or time variation of the Method effectiveness is also of particular interest.
Table 8 shows regression results of the AQI and six air pollutants in the preceding and following half-year (180 days), year (360 days), one and a half years (540 days), and 2 years (720 days) from the release of the Method. It is suggested that the Method can effectively improve air quality in the next half a year after its release, but the coefficients turn positive despite the treatment effect being significant 1 year after the release. In addition, the coefficient of AQI increases by 0.134 from 1 year to one and a half years but increases only 0.035 from one and a half years to 2 years. Although the coefficient takes on a slightly declining trend, the findings still indicate the concern that the air quality improvement effects have weakened after the assessment ends.
TABLE 8 | Persistence analysis of the Method.
[image: Table 8]Heterogeneity Effects
It is known that China has a vast territory with discrepancies of air pollution control among different regions, which might result in varied effects from the Method. Regional disparity should also be taken into consideration (Wu et al., 2021). To do so, we have classified the country into seven regions as East, South, Central, North, Northwest, Southwest, and Northeast China according to the locations. Then, the AQI and the six air pollution indicators by the sharp RD design on these groups are estimated, and the policy persistence analysis is performed as well.
Table 9 and Table 10 illustrate the evidence for the heterogeneity of the policy effect on AQIind and the other indicators along with the results of the policy effect persistence analysis across regions with different air pollution levels. In the model with a bandwidth of 30, the treatment effect in the seven regions is significant overall, which indicates that the remarkable and sudden reduction in air pollutant concentration should be attributed to the fact that the local government of different regions actively responded to the Method and strengthened the regulations. Especially, the Method allows local governments to decompose the assessment targets scientifically and reasonably according to the regional discrepancy factors including the economic development level, resources, natural endowment, and other factors of all regions.
TABLE 9 | Sharp RD design results for the seven regions of China.
[image: Table 9]TABLE 10 | Persistence analysis for the seven regions of China.
[image: Table 10]However, the result presented in Table 10 also reveals that 1 year after the Method’s release, the coefficients of AQIind in each region have become positive, which reaffirms that the effect of the Method decayed throughout the months and years afterward. Although the coefficient has decreased relatively a little, the necessities for a more sustainable air pollution control system are still suggested.
CONCLUSION AND DISCUSSION
This study uses environmental big data on seven air quality indicators from 173 Chinese cities at the prefecture level to construct a Sharp RD design and evaluates the effectiveness of the top-down environmental governance instrument, namely, Assessment and Appraisal Method for Ecological Civilization Construction Targets (the Method) on air quality across the country and the regions. The persistence effect is tested, and heterogeneity effects are analyzed further. The empirical analysis results include the following:
1) In the short term, the Method has had an overall significant treatment effect on various indicators nationally, which is consistent with the findings from many other relevant studies that one policy released by the central government will be very effective in the short term. This article examines the changes of air pollutant concentration 30 days before and after the release of the Method, and almost all single-pollutant indicators had significantly negative coefficients, except for the concentration of O3 having a positive one. In addition, the national AQI decreased significantly by 0.683 units, indicating that the Method meets the expectations of improving overall national air quality in the short term.
2) In the long term, the Method has a less significant effect of improvement. The treatment effect remains significant nationwide half a year after the Method promulgated. The regression coefficients of all indicators become positive when taking intervals of a year, a year and a half, and 2 years after the Method though. Although the coefficient has declined slightly in the long run, the findings still illustrate that the air quality improvement effects lessen as time goes on.
3) The Method’s effect on air quality improvement and its persistency are generally similar across different regions. Especially, compared with some previous studies which did not show significant impacts on all the regions, in a short period, East, South, Central, North, Northwest, Southwest, and Northeast China all show a significant improvement in air quality in this study. However, the Method’s effect is also found to decline over time according to the regional persistence analysis.
Based on this study’s empirical results, the following suggestions are proposed for the further improvement of air quality: first, considering effects of the environmental policies, which are effective at the beginning but decay as time goes by, it is necessary to formulate continuous and dynamic regulations for long-term air pollution control. The air pollution treatment is a vast but precise systematic project, and its success requires top-level institutions, effective execution, and good coordination with other relative regulations. Second, local governments of some regions should support innovations and optimizations in the technology, equipment, and service modes and improve related policies and mechanisms so as to facilitate the sustainable development of energy-efficient and environmentally friendly industries. Third, an optimized system of incentives for improved pollution control should be upgraded. The Government should encourage research and development on the industrial application of new technologies and equipment, such as those for low-grade waste heat power generation, fine particular matter control, and coordinated multi-pollutant treatment.
This study expounds on the effectiveness of the Method at the first stage and implies that a more sustainable air pollution governance system is necessary. Some recommendations on the formulation and improvement of environmental policies for governments are suggested. Several future research directions for this study are likewise presented. The continuous effect can be analyzed through empirical research based on a longer period, which may provide more precise and practical results. How to establish an effective and robust long-term environmental protection mechanism replacing traditional campaign-style policy enforcement could also be a challenging and meaningful direction for future research.
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