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Previous studies have estimated the influence of control measures on air quality in the ecological environment during the COVID-19 pandemic. However, few have attached importance to the comparative study of several different periods and evaluated the health benefits of PM2.5 decrease caused by COVID-19. Therefore, we aimed to estimate the control measures' impact on air pollutants in 16 urban areas in Beijing and conducted a comparative study across three different periods by establishing the least squares dummy variable model and difference-in-differences model. We discovered that restriction measures did have an apparent impact on most air pollutants, but there were discrepancies in the three periods. The Air Quality Index (AQI) decreased by 7.8%, and SO2, NO2, PM10, PM2.5, and CO concentrations were lowered by 37.32, 46.76, 53.22, 34.07, and 19.97%, respectively, in the first period, while O3 increased by 36.27%. In addition, the air pollutant concentrations in the ecological environment, including O3, reduced significantly, of which O3 decreased by 7.26% in the second period. Furthermore, AQI and O3 concentrations slightly increased compared to the same period in 2019, while other pollutants dropped, with NO2 being the most apparent decrease in the third period. Lastly, we employed health effects and environmental value assessment methods to evaluate the additional public health benefits of PM2.5 reduction owing to the restriction measures in three periods. This research not only provides a natural experimental basis for governance actions of air pollution in the ecological environment, but also points out a significant direction for future control strategies.
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INTRODUCTION

The international spread of Coronavirus Disease 2019 (COVID-19) is affecting public health worldwide (Wang et al., 2020a). The first case was detected in Wuhan before it rapidly disseminated throughout China. Afterward, it spread to more than 210 countries and regions (Ali and Alharbi, 2020), developing as an international health threat (Huang et al., 2020). According to the latest real-time statistics of the World Health Organization, as of 16 March 2022, the total number of confirmed cases of COVID-19 reached 4.5847 trillion, and the cumulative death toll reached more than 6 million1. Since the outbreak of COVID-19, China has gone through three critical periods for initial epidemic prevention: the initial outbreak on 23 January 2020, the cluster of epidemic outbreaks in Beijing's Xinfadi market on 11 June 2020, and the policy that people stayed at their current residing localities during the Spring Festival in 2021. As the control measure of the COVID-19 outbreak was an external interference, its impact can be quantified by adopting quasi-experimental approaches. As a result, the three periods provide a unique opportunity to investigate the air quality response to such anthropogenic disruptions. The impact of the blockade triggered by the initial outbreak of COVID-19 in the world has attracted a great deal of attention (Briz-Redón et al., 2021; Gupta et al., 2021; Ju et al., 2021; Querol et al., 2021). People were frightened, and the blockade rules were strictly observed since there was no known drug or vaccine against the disease when COVID-19 first broke out during the Spring Festival in 2020 and the epidemic recurrence in Beijing's Xinfadi market. This is due to the efforts of the government and the fear of the people.

During the policy period of staying in place for Chinese New Year 2021, people were relieved from initial fear following a year of cohabitation with COVID-19, partial vaccination, and partial relaxation in industrial sectors to avoid the economic hardships experienced during the first lockdown cycle (Mahato and Pal, 2022). It is necessary to analyze the impact and differences of control measures in different stages on air pollution along with the results of the differences for a more detailed and scientific air pollution prevention and control strategy. It is universally known that China implemented an array of dramatic control measures during COVID-19 to minimize human interaction and prevent the virus from spreading further (Kraemer et al., 2020), including staying put during the spring festival, closing schools and workplaces and implementing remote office and teaching, canceling public events, restricting gatherings and traffic, carrying out strict home isolation, and even blocking out the entire city2.

Undoubtedly, enacting these restrictions was accompanied by a significant economic loss in addition to affecting the daily lives of people around the world (Anderson et al., 2020; Meo et al., 2020; Brodeur et al., 2021). Firstly, the capital market has been severely impacted due to the disease quickly expanding across the country. Additionally, countries have imposed travel restrictions and restricted production activities to prevent the spread from escalating again, which has triggered concern of an impending economic crisis and downturn (Nicola et al., 2020). In particular, the pandemic has also affected the supply of the energy sector, such as the oil and power sector (Chiaramonti and Maniatis, 2020). The blockade has achieved great success in curbing COVID-19. For it to work, the world has to deal with severe economic crises, chronic hunger, mass unemployment, and a range of other problems (Berkowitz and Basu, 2021; Rasul et al., 2021), all of which the world is still coping with (Kassa and Grace, 2020). In addition, the fiscal policy effectively contributed to the economic development in the time duration of the COVID-19 pandemic thus far (Ren et al., 2022). Generally, the global pandemic of COVID-19 has had an extensive and far-reaching impact on the development of the world economy. It will not only reconstruct the core concepts and fundamental connotations of economic globalization but also reshape the ecosystem of the world economy and promote fundamental changes in the global governance system (Jones, 2020).

Nevertheless, there have been unintentional ecological and environmental benefits during the pandemic. Much empirical research has focused on the impact of prevention measures in the COVID-19 pandemic on air pollution. Zhang et al. (2021) employed a two-way fixed effects model and an interrupted time-series analysis to explore the impacts of the control measures on air pollution during the COVID-19 outbreak. They detected that the related decrease in air pollutant concentrations was more evident over time since the lockdown began. Wang et al. (2021) utilized a difference-in-differences (DID) model to assess the implication of intra-city mobility declines on air pollution in 325 Chinese cities, finding that cities with restriction measures have a 12.2% greater decrease in AQI. Furthermore, this reducing impact varies with distinct types of air contaminants. Lu et al. (2021) constructed a machine learning prediction model to quantify changes in NO2, SO2, PM2.5, and PM10 levels induced by the first-level public health emergency response of 174 cities in China to COVID-19. They found the short-term emission control effect ranges from 53.0 to 98.3% for all cities, and southern cities show a significantly stronger effect than northern cities (p < 0.01). Compared with megacities, small-medium cities show a similar control effect on NO2 and SO2, but a larger effect on PM2.5 and PM10.

Additionally, the change in air pollutants indicated high spatial heterogeneity. The provinces with a reduction in PM2.5 and PM10 >20 and >40% reduction in NO2 during the impact period were mainly concentrated southeast of the “Hu Line.” In addition, different types of cities show different response and resilience patterns to the pandemic (Zeng and Wang, 2022). Although COVID-19's blockade has led to a temporary improvement in air quality (He et al., 2020), it comes at the cost of curbing economic development. Furthermore, most of the reduction in pollutant concentrations in 2020–2021 appears to result from a long-term declining trend rather than COVID-19 (Hwang and Lee, 2022). Moreover, during the resumption of work, the economy recovered, and there was an increase in energy consumption. CO2 and NO2 emissions increased significantly, reaching the level before the blockade (Zhou et al., 2022).

Air pollution has caused great damage to the ecological environment and human health, causing serious economic losses (Hao et al., 2021). As a result, numerous scholars have carried out studies on the health benefits of improving air quality in recent years (Zhang et al., 2007; Chen et al., 2010; Xie, 2011). Several studies have been conducted on the health effects of COVID-19 lockdown through their impact on air quality. Wang et al. (2021) assessed the excess risk (ER) of six pollutants and the AQI based on health risk (HAQI) to determine the health impacts of various air pollutants. They found that PM2.5 was the most health risk factor and HAQI values were all lower during COVID-19. Liu et al. (2021) used a novel COVID-19 government response tracker dataset to quantify the causal impacts of lockdown measures on air pollution using a DID approach. They discovered that across the 76 nations and areas involved in the restriction measures of the COVID-19 outbreak, the estimated avoided premature deaths owing to air pollution decreases range from 99,270 to 146,649 fatalities. Additionally, Shi et al. (2021) studied the long-run health implications of reducing PM2.5 during the Thirteenth Five-Year Plan. They determined the total premature deaths acquiring the relative risk of PM2.5 exposure from former research and found that the yearly PM2.5 level decreased from 49.7 μg/m3 in 2015 to 33.2 μg/m3 in 2020. Premature deaths declined from 1,186,201 and 446,415 in 2015 to 997,955 and 368,786 in 2020, respectively. In Seoul and Daegu, improved air quality has lowered premature mortality and saved health costs (Seo et al., 2020).

Moreover, Lam et al. (2022) selected fifteen cities worldwide to investigate the public health co-benefits of PM2.5 reduction during a period when various non-pharmaceutical interventions (NPIs) were adopted in the COVID-19 pandemic. Due to the high PM2.5 background with a large population, there were tremendous health co-benefits for cities in India and China. New Delhi has received the largest co-benefits, saving over 14,700 premature deaths. Bai et al. (2022) examined the PM2.5 variations between the COVID-19 lockdown and found that the national average of PM2.5 decreased by 18 μg/m3, and the mean PM2.5 for most sites decreased by 30–60%. The total avoided premature death due to PM2.5 reduction is 9,952 in China, with a dominant contribution (94%) from anthropogenic emission changes.

Beijing is one of the capital economic centers. It is regarded as a major metropolis globally, playing a vital role in political, economic, cultural, scientific, and technological innovation. However, air pollution has long been a major concern in this area, particularly during the winter (Vu et al., 2019). Due to the peculiar geography, air pollution in this location is frequently more severe than in other places when weather conditions are adverse (Wang et al., 2017). In addition, Beijing was impacted by contaminants carried from other locations in addition to local air pollution, particularly during periods of serious air pollution (Zhang et al., 2015). Furthermore, since the implementation of the restriction policy after the initial COVID-19 epidemic, except for power plants and large enterprises, almost all factories have been closed and traffic was also restricted. Moreover, Beijing is the city with the highest proportion of people, as high as 70.9%, staying put during the Spring Festival in 20213. Such restrictions should have greatly improved the state of the ecological environment. However, severe regional air pollution persisted despite the adoption of stringent controls, and greater efforts should be made to avert heavy air pollution (Wang et al., 2020b).

There have been substantial studies conducted on the influence of preventive and control measures on air pollutants all over the world since the outbreak of COVID-19 which have drawn some meaningful conclusions. However, there are still at least three deficiencies in most existing studies, which are of great research value or significance. Firstly, most studies merely analyze the situation in a specific period without comparative studies on diverse periods. Suppose the distinctions in different periods and the causes of the differences are ignored. It is not adequate to dig out more factors that need to be considered to prevent and control air pollution. Secondly, the data scale used in most studies is provincial data. However, there are gaps in economic development and the natural environment among various regions in the same province. Therefore, a unified air pollution control strategy cannot be adapted to local conditions. Thirdly, most studies solely analyze its impact on air quality without additional research value. However, our ultimate goal in improving air quality is to minimize the damage to human health and economic losses. As a result, the assessment of related health benefits can make us feel the benefits of air pollution prevention, encouraging human beings to take the initiative to reduce emissions and air pollution. The research focus of this study attempts to make up for the deficiency of the above research. This study aims to (i) determine whether the COVID-19 control measures have a causal impact on the air quality; (ii) evaluate the health benefits and avoidable economic costs due to changes in PM2.5 concentration during COVID-19; and (iii) carry on the comparative analysis of three critical periods in China regarding the impact of restriction measures on air pollution, health benefits, and avoidable economic losses of PM2.5 changes due to COVID-19.

Our study adopted data including daily air pollutant concentrations, meteorological information of 16 urban areas in Beijing, and designed the least squares dummy variable model and DID method to evaluate the implication of the initial COVID-19 breakout, the reemergence of the epidemic in the Xinfadi market, and the policy period that people stayed in place for Lunar New Year of 2021, respectively. We discovered that restriction measures did have an apparent impact on most air pollutants, but there were discrepancies in the three periods. The AQI fell by 7.8%, and SO2, NO2, PM10, PM2.5, and CO concentrations were lowered by 37.32, 46.76, 53.22, 34.07, and 19.97%, respectively, during the initial outbreak of COVID-19 in 2020, while O3 increased by 36.27%. In addition, the air pollutants concentrations in the ecological environment, including O3, reduced significantly, of which O3 decreased by 7.26%, and AQI and PM2.5 fell by 22.61% and 45.12%, respectively, when the epidemic outbreak occurred in Beijing's Xinfadi market. Moreover, AQI and O3 concentration increased slightly in comparison to the same period in 2019, while other pollutants dropped, with NO2 being the most apparent decrease during the policy of staying in place for the Lunar New Year of 2021. And Spring Festival had a great impact on the concentration of NO2 and CO.

In addition, based on health-related data, such as exposed population and outpatient morbidity and mortality, we innovatively estimated the health benefits and avoided economic costs brought by the changes in PM2.5 pollution as a result of the pandemic. Specifically, we applied Poisson regression relative risk models and environmental value evaluation approaches to analyze the avoided health risks and economic losses of PM2.5 reduction in the 16 municipal districts of Beijing in these three periods, adopting the secondary standard limit of 35 μg·m−3. In other words, we used the impact of control measures on changes in air pollutants to calculate the indirect health impacts of the pandemic. We found differences in health effects and avoided economic loss among the three periods in each urban area due to the gaps in PM2.5 changes, exposure population, outpatient incidence, and mortality in different urban areas. In addition, the avoided total health and economic loss owing to the PM2.5 reduction affected by the restriction actions in three pandemic periods were 82,747.65 million yuan [95% CI (3,406.4, 10,879.1)], 11,143.71 million yuan [95% CI (3,826.43, 16,949.1)], and 871.65 million yuan [95% CI (350.54, 1,165.95)], respectively.

The main innovations and contributions of this research are as follows:

(a) Previous research merely studied and compared the air pollutant concentrations over a year or months before and after the outbreak. The unique characteristics of different critical periods have received little attention. In this study, we carried out targeted research for various crucial periods in China. We made comparisons both in the changes in air pollutant concentrations and indirect health benefits of the COVID-19 epidemic by affecting PM2.5 pollutants. Targeted and more detailed control measures for serious air pollution can be formulated by exploring the particularity of different vital epidemic periods.

(b) Most former studies have relied on relatively macro and large-scale data from various countries, provinces, or cities to carry out their research. However, there are distinctions in the ecological environment, resource elements, air quality, and the intensity of control measures in specific regions, such as towns or urban areas, which cannot be generalized. Consequently, district-level and low-scale data are adopted to conduct research for elaborate prevention, control, and governance of regional air pollution.

(c) We still have no idea how the specific value of such changes is reflected in our daily lives if the study solely reports how and to what extent COVID-19 affects variations in air pollutant concentrations. Further research value is assessed in this study, which includes the health effects and economic benefits of PM2.5 reductions induced by COVID-19. This work will present more valuable information for air pollution prevention and control decision-makers. Still, it will also play a vital role in implementing early warning and prevention measures related to air pollution and human health.

The following is the organization of the rest of the study. Section Methodology explains the empirical strategy and the value assessment methods. Section Data describes the data sources and processing. Section Empirical Study on the Effect of Control Measures on Air Quality discloses the effects of restriction efforts on air quality over three periods, respectively. Section PM2.5 Reduction-Induced Health Benefit Evaluation assesses the indirect health effects and avoided economic loss of the prevention actions in the COVID-19 pandemic by affecting air pollution. Section Discussions on Recommendations for Meticulous Control of Air Pollution discusses the recommendations of control measures to improve air quality, and Part 7 contains the conclusions. The flowchart of this study is as follows (Figure 1).
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FIGURE 1. The flowchart of the research.




METHODOLOGY

This section describes the methods adopted in this article, and it consists of two parts. Part one is the empirical strategy and part two is the value assessment methods.


Impact of Restriction Measures on Air Pollution

The empirical model was mainly utilized to evaluate the impact of control measures on air pollutants in three periods. The least-squares dummy variable model and DID model were used in this study.


Least Squares Dummy Variable Model

First, we adopted the least squares dummy variable (LSDV) method to explore the impact of the Chinese New Year in 2020 and COVID-19 restrictions on air pollution. Hence, this study mainly used an urban panel data model with a fixed effect, as follows:

[image: image]

where ln Pit represents the explained variable, which is obtained by logarithmizing the daily average concentration of air pollutants in region i on day t. The value of “Covid” was 1 if the day falls within the initial COVID-19 epidemic period (24 January 2020–29 February 2020). “Covid” denoted the core explanatory variable for this model. If COVID-19's prevention and control measures can improve air quality, its regression coefficient should be significantly negative. “Holiday” was 1 when it falls within Chinese New Year (4 February 2019–10 February 2019 or 24 January 2020–2 February 2020). If not, it has a value of 0. It belongs to a dummy variable. “Other holidays” connotes the dummy variable for vacations except for Chinese New Year. Wit represents the weather variables in region i on day t. They are variables added to control the influence of meteorological conditions on air pollutants. Xit denotes other control factors, incorporating the impact of Month. μi connotes urban fixed effects, which is used to control regional heterogeneity. πt represents the date fixed effects and εit denotes the error term.

Second, we still employed the LSDV model to analyze the influence of the outbreak of COVID-19 in Beijing's Xinfadi market on air contaminants. Our main method is following:

[image: image]

The COVID-19 epidemic broke out in Beijing's Xinfadi market on 11 June 2020, and the number of cases was not cleared until 6 August 2020. As a result, the value of “Market” was 1 if the day falls within the epidemics outbreak period in Beijing's Xinfadi market (11 June 2020–6 August 2020). “Other holidays” is a dummy variable for holidays during the epidemic outbreak in the Xinfadi market. The explanation of [image: image], Wit, Xit, μi, πt, and εit is the same as the equation (1).



Differences-In-Differences Model

The DID model (Jiménez and Perdiguero, 2017) has been frequently utilized to assess the causal influence of control measures taken by the government on the atmosphere and to distinguish policy effects from other impacting variables. These models may avoid uncontrolled and unexpected factors in the time leading up to and after adopting the regulations (Li and Lin, 2017).

As the policy of staying put during the Spring Festival in 2021 coincided with the Chinese Spring Festival in 2021, which influences factory production, people's travel, and entertainment, separating the impact of the Spring Festival holiday effect becomes indispensable (Fu and Gu, 2017). Consequently, this study uses the DID model to estimate the impact of a policy, which stated that people stayed in place for the Lunar New Year in 2021, on air quality. The experimental group consisted of air quality data from 2021, while the control group consisted of data from the same time in 2019 due to the unusual epidemic and complicated situation in the Chinese New Year 2020. We collected data for 10 days before and after the Chinese New Year in 2021 (1 February 2021–21 February 2021) and 2019 (25 January 2019–13 February 2019). The DID model goes like this:

[image: image]

where “Treat” belongs to a grouping dummy variable whose value was 1 if it falls within 2021, and it took the value 0 for 2019. The value of “Holiday” was 1 when it falls after the Chinese New Year (4 February 2019 or 11 February 2021) during the sample period. The interaction term “Holiday × Treat” connotes the policy effect of staying put during the holiday of Lunar New Year's Eve in 2021.

Hausman test is applied to determine whether the model is valid, and we have corroborated that the usage of fixed effects in Equations (1, 2) is reasonable. The explained variables in all equations take the value of its logarithm to eliminate potential heteroscedasticity and decrease data fluctuations. The relative variations are easier to grasp (Bel and Holst, 2018; Lin and Zhu, 2019).




PM2.5 Reduction-Induced Health Effects and Economic Benefits

This section is the methods employed in three steps of health benefits assessment. First, we evaluated the environmental health effect combined with the Poisson regression relative risk model and the relation coefficient β of exposure-response model. Second, we assessed the environmental health value using the value of a statistical life. Third, we evaluated the health and economic benefits according to the calculated results of each health endpoint's health effects and unit economic value in the previous two steps.


Environmental Health Effect Assessment

Below, the estimation equation simulates the associated population health risks (Huang et al., 2012). This expression illustrates the correlations between changes in PM2.5 concentration and changes in human health endpoints.
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where C denotes the daily PM2.5 concentration and C0 represents the limit of the secondary concentration of PM2.5 pollutants. In this article, we chose 35 μg/m3 as C0. P is the number of exposed populations. This study selects the resident population at the end of the year to replace. β indicates a coefficient in the explosion-response relationship that connotes the percentage of the health impacts of variation for each 10 μg/m3 rise in PM2.5 levels, as indicated in Table 1. E and E0 are the health effects under C and C0 concentrations, respectively, and ΔE is the change of health effects. According to the existing research (Huang and Zhang, 2013; Xie et al., 2014; Li et al., 2017a), the selected health endpoints affected by PM2.5 are premature death, respiratory disease hospitalization, cardiovascular disease hospitalization, internal medicine clinic, pediatrics clinic, acute bronchitis, chronic bronchitis, and asthma. Additionally, the variations of the health impacts (ΔHE) induced by PM2.5 can be acquired utilizing the formula below based on the exposure population (Pop).

[image: image]


Table 1. Exposure-response coefficients of PM2.5 and the occurrence rates under health endpoints.

[image: Table 1]

Research on exposure-response relationship coefficients was conducted to increase the reliability of air pollution damage to residents and reduce errors as much as possible. Numerous scholars, such as Kan et al. (2004); Xie et al. (2009); Lv and Li (2016), have ultimately proposed an exposure-response relationship coefficient that is suitable for China taking into account differences in pollutant concentrations at home and abroad and also the different effects of pollutants such as PM2.5 on various races and populations. Table 1 shows the relationship coefficient (β) of exposure-response model and the benchmark incidence (E value) of corresponding health endpoints based on previous research findings.

This study adopted the achievement reference method since the relative deficiency of the latest analyzed data in China. The incidence of premature death was acquired from the Beijing Regional Statistical Yearbook (CSY., 2020) and the Statistical Bulletin of National Economic and Social Development 4 published on the Beijing Bureau of Statistics' official website. The hospitalization rates of respiratory and cardiovascular diseases were attained from the Fifth National Health Service Survey and Analysis report released by the Statistical Information Center of the National Health and Family Planning Commission 5 in 2015. Additionally, the incidence of medical and surgical outpatients was estimated from the percentage of Beijing's medical and surgical outpatients in the total number of outpatients according to the literature (Kip Viscusi et al., 1991; Xie et al., 2015; Lv and Li, 2016). Finally, the baseline incidence (E value) of acute and chronic bronchitis and asthma was determined concerning the research results of predecessors.



Environmental Health Value Evaluation

The value of a statistical life (VOSL) is how residents are willing to lower the risk of death by employing money. This study applied the VOSL method to assess the economic cost of premature death due to PM2.5 based on VOSL research results in Beijing (Xie, 2011; Huang and Zhang, 2013). In recent years, Beijing residents' statistical life expectancy value has been estimated by adopting per capita gross domestic product (GDP) and the Consumer Price Index (CPI) (Matus et al., 2012; Lu et al., 2017; Giannadaki et al., 2018; Maji et al., 2018). The following is the calculation method:

[image: image]

where VOSL t and VOSL k are Beijing's statistical life value in t and k years, respectively, %ΔP and %ΔG are the growth rates of CPI and per capita GDP in Beijing from k to t years. β1 is the coefficient of income elasticity, and its value in this study is 0.8 (Lanzi et al., 2016).

The disease cost approach is utilized to estimate outpatient and hospitalization expenses in this study. The economic loss induced by outpatient and hospitalization expenses includes two parts: the outpatient and hospitalized medical costs per capita and the lost work time due to disease treatment. The unit cost estimation formula is as follows (Zhang et al., 2007):

[image: image]

where i is the ith health endpoint, ECi is the unit economic loss of outpatient or hospitalization, ECi, p is the per capita medical expense, including direct and indirect medical expenses, GDPp represents the cost of absenteeism per capita on a daily basis, estimated by the daily per capita GDP, and Ti, L is the number of days of absenteeism caused by treating ith health endpoint diseases. The time spent missing work in the outpatient clinic is calculated using a 0.5-day rule (Wei and Shi, 2018; Han et al., 2019). In addition, the outpatient expenses are taken from the China Health and Family Planning Statistical Yearbook of 2020 issued by the National Health and Family Planning Commission. The hospitalization expenses and length of stay are obtained by adopting Wei and Shi's (2018) estimation method.

Since chronic bronchitis treatment is slow, the treatment costs are difficult to calculate. Consequently, the disease cost method is not suitable for determining its economic cost. This study applied the achievement reference method to estimate chronic bronchitis according to 32% of Kip Viscusi's et al. (1991) statistical life value. Additionally, the unit economic loss of acute bronchitis was calculated by outpatient cost according to Huang and Zhang's (2013) ratio of the unit economic value of outpatient clinic to acute bronchitis. Table 2 shows the average hospitalization or outpatient days, medical expenses, and unit economic loss cost for each health endpoint.


Table 2. Days of hospitalization, outpatient service and their medical expenses for health endpoints and unit economic loss value in 2020.

[image: Table 2]



Health and Economic Benefits Evaluation

Eventually, the overall economic loss of health impacts induced by PM2.5 can be evaluated utilizing the formula below (Yin et al., 2017).
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where EL denotes the overall health and economic benefits of residents brought by PM2.5 reduction and Vi connotes the unit economic value of the i th health endpoint, obtained by the equation below (Hammitt and Robinson, 2011).
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where IncomeBeijing_2009 and IncomeBeijing_2020 represent Beijing's income in 2009 and 2020 correspondingly, e is the elastic coefficient, and then the VBeijing_2009 and VBeijing_2020 are the values of 2009 and 2020 correspondingly in Beijing. The economic value in 2020 (VBeijing_2020) can be acquired referring to the IncomeBeijing_2009 in Hammitt and Robinson (2011) and Equation 10.





DATA

This section describes the data sources and processing in empirical analysis and health benefits assessment of PM2.5 pollution, respectively, including air quality and meteorological data required in empirical analysis, and related data employed in health benefits assessment of PM2.5 pollution.


Air Quality and Meteorological Data

Air quality data was taken from the Qingyue Open Environment Data Center 6. We attained relevant air quality data, including the daily AQI, PM2.5, PM10, SO2, NO2, CO, and O3 concentrations from 16 urban areas in Beijing from the following periods: (i) 1 January 2019–29 February 2020, the period containing the Chinese New Year 2020 and the initial COVID-19 outbreak; (ii) 11 June 2020–6 August 2020, the period including the outbreak of Beijing's Xinfadi market from the beginning to the end; and (iii) 1 February 2021–21 February 2021, the period containing the implementation of policy that people stayed in place for Lunar New Year in 2021. Meteorological data were sourced from Huiju data7 and the National Meteorological Information Center8. We gathered daily meteorological data of three periods same as air quality information, including mean temperature, mean relative humidity, mean wind speed, and precipitation (accumulated over 8 h) on a daily basis for 16 urban districts in Beijing. Table 3 presents the summary statistics of our important variables.


Table 3. Summary statistics of key model variables.

[image: Table 3]



Data Related to Health Benefit Evaluation of PM2.5 Pollution

The GDP, per capita GDP, CPI, and year-end resident population (exposed population) data in various districts of Beijing are obtained from the Beijing Regional Statistical Yearbook of 2020 (CSY., 2020) or the Beijing Bureau of Statistics (or government), the Beijing District Bureau of Statistics (or government), and the official website of the National Bureau of Statistics9, etc. In addition, the mortality, morbidity, per capita hospitalization, and outpatient expenses were obtained or estimated from the Beijing Regional Statistical Yearbook of 2020, the Statistical Bulletin on National Economic and Social Development of Beijing in 2020 published by the Beijing Municipal Bureau of Statistics10, the Statistical Information Center of National Health and Family Planning Commission11, and survey data from the China Asthma Alliance.

It is challenging to acquire or estimate detailed data, such as mortality, the statistical value of life, prevalence rate, outpatient, hospitalization expenses, and length of stay, for each district in Beijing. Therefore, this study uniformly adopts the corresponding data of Beijing in the same year. Moreover, this article uses the corresponding data in the next year or the preliminary accounting data from the district people's government and the Bureau of Statistics to supplement the missing or unpublished data.




EMPIRICAL STUDY ON THE EFFECT OF CONTROL MEASURES ON AIR QUALITY

This section indicates the effect of restriction measures during the COVID-19 outbreak on the air pollutant concentrations in three significant periods. Each period has two parts: the graphical analysis and empirical model regression results.


The Initial COVID-19 Outbreak in 2020

In this part, we firstly analyzed the changes in air contaminants during the initial COVID-19 outbreak in 2020 based on the variation of pollutant concentration distribution diagrams. Secondly, we conducted a further simulation and indicated the influence of preventive measures on air pollution based on LSDV model regression results.


The Variation of Pollutant Concentration Distributions

As a visual demonstration of changes in air pollutants, the mapping tool in ArcGIS10.2 was employed to graphically portray the pollutant concentration distributions of 16 urban areas in Beijing. The work is achieved by comparing the emissions of air contaminants in each urban area before and after taking measures to stop the further spread of the COVID-19 epidemic. As shown in Figure 2, the temporal and spatial distribution of different air pollutants in various urban areas has obvious heterogeneity. Specifically, except for no significant change in the O3 concentration, the AQI and other air pollutant concentrations seem to be much lower than the normal concentration during the epidemic prevention and control measures, which provides supporting evidence for the effectiveness of epidemic control efforts to decrease air pollution. In the following section, we further simulate the effect obtained by the LSDV model.


[image: Figure 2]
FIGURE 2. Variations of AQI, SO2, PM2.5, PM10, NO2, CO and O3 concentration distribution before and after control measures.




The Impact of Control Efforts on air Pollution

First, we conducted a regression employing the LSDV model on the influencing variables of air pollution from 1 January 2019 to 29 February 2020, as shown in Table 4. We discovered that except for the increase in O3, which increased by 36.27%, other air pollutant concentrations declined significantly when restriction measures were implemented, indicating that they have alleviated the air pollution. The AQI dropped by 7.8%, while NO2 reduced by 46.76%. At the same time, PM2.5, SO2, PM10, and CO had different degrees of decline, which fell by 34.07, 37.32, 53.22, and 19.97%, respectively. Spring Festival had a great impact on the concentration of NO2. Furthermore, other holidays reduced pollutants even if their impact on PM10 and O3 was small. In addition, related weather variables explain plenty of changes in air pollutant concentrations. The time variable (month) shows the long-run temporal tendency of the monthly fluctuation of air pollutants (Wang et al., 2010) and substantially impacts air quality. These constants are statistically crucial because they effectively balance the errors that other terms in the model do not take into account and ensure that the residual's average value is zero.


Table 4. Panel model regression results using least squares dummy variable (LSDV).
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Mobility restrictions and rapid reduction of pollutants emitted by vehicles and industry following the lockdowns are possible explanations for short-term air quality improvement (Dang and Trinh, 2021; Jiang et al., 2021). The decline in economic activity and traffic restrictions during the epidemic directly led to changes in China's energy consumption, resulting in a decline in carbon emissions and air pollution levels, alleviating ecological and environmental pollution (Muhammad et al., 2020). Due to the restrictions on human activities and traffic, the pollutant concentrations in China have sharply dropped in a few days, especially NO2 and PM10 (Dutheil et al., 2020; Liu et al., 2020). O3 participates in photochemical reactions, and its concentration is often opposite to the change of emission due to the non-linear characteristics of the chain reaction (Kim et al., 2017).




The COVID-19 Resurgence in the Xinfadi Market

In this part, we firstly analyzed the variations in air quality during the cluster of COVID-19 outbreaks in Beijing's Xinfadi market based on the changing trend of pollutant concentrations diagrams. Secondly, we further simulated and revealed the relationship between control measures and air quality based on LSDV model regression results.


The Changing Trend of Pollutant Concentrations

As a visual demonstration of changing trend in pollutant concentrations, we used the mapping tools in Minitab19 to graphically describe the time trend of each pollutant. This is achieved by comparing the emissions of air pollutants in 16 urban areas of Beijing before and after the outbreak in the Xinfadi market. As illustrated in Figure 3, the pollutant concentrations in each urban area briefly decrease after taking measures, in which PM2.5 is the most obvious and the decline of AQI is relatively slow. In addition, the concentrations of PM2.5, CO, and AQI have an upward trend after a period of control measures. The time trends of different air pollutants in various urban areas are generally similar, proving evidence of the effectiveness of epidemic control measures to reduce air pollution. Below, we will further simulate the effect derived from the LSDV model.


[image: Figure 3]
FIGURE 3. The changing trend of pollutant concentrations before and after the COVID-19 outbreak in Beijing's Xinfadi market. The vertical open black line denotes the start of the cluster of epidemic outbreaks in the Beijing's Xinfadi market.




The Effect of Restriction Actions on Air Quality

Second, we still implement a regression applying the LSDV method on the contributors impacting air pollution from 11 June 2020 to 6 August 2020 (Table 5). Similar to the first period, findings revealed that enacting prevention measures during Beijing's Xinfadi market outbreak significantly lowered air pollutant concentrations. The AQI dropped by 22.6% and NO2 reduced by 34.6%. Meanwhile, PM2.5, SO2, PM10, and CO concentrations fell by 45.1, 35.0, 46.7, and 18.5%, respectively, indicating that control measures improved air quality. PM10 and PM2.5, related to vehicle exhaust emissions and industrial processes, declined most obviously. Compared with the first period, the reduction of PM10, SO2, NO2, and CO was less. The recurrence of the outbreak in the Xinfadi market was only a small-scale aggregated outbreak in Fengtai District and was brought under control in about a week. Furthermore, Industrial sectors return to work and production with partial relaxation of the epidemic's control measures to avoid the economic hardships experienced during the first lockdown. In addition, appropriate people's travel and traffic flow are allowed, which might explain these results. It is worth mentioning that the O3 concentration has also decreased by 7.26%, which may be the reduction and dispersion of emissions in NOx and volatile organic compounds (VOCs) precursors (Yang et al., 2019). Other festivals have a greater impact on PM10 and PM2.5 and less impact on NO2, SO2, CO, which may be due to restrictions on travel, play, and related activities since the initial outbreak of COVID-19 in 2020. Thus, NO2, SO2 and CO levels have few changes during the epidemic outbreak of Xinfadi market. Meteorological factors also show strong explanatory power that is coherent with the previous regression findings.


Table 5. Panel model regression results adopting LSDV model.
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The Policy Period of Staying in Place for Lunar New Year in 2021

In this part, we first compared the air quality changes in the policy period of staying in place for Lunar New Year based on the comparison of pollutant concentrations variations between 2020 and the same period in 2019. Secondly, we further simulated and indicated the impact of control measures on air quality based on DID model regression results.


The Comparison of Pollutant Concentrations With 2019

For a visual representation of the comparison between the control and the treatment groups in air pollution, we used the mapping tools in Minitab19 to graphically describe the time trends before and after the Spring Festival in 2019 and 2021. As shown in Figure 4, except for O3, the concentrations of all pollutants decreased during the Spring Festival policy in 2021, especially that of AQI, PM2.5, and PM10. In addition, for a period after the end of the policy, the concentration of pollutants in 2020 was often lower than that in 2019, which provides evidence of the effectiveness of epidemic control measures to reduce air pollution. Below, we will further simulate the effect acquired from DID model.


[image: Figure 4]
FIGURE 4. The comparison of pollutant concentrations changes between 2020 and the same period in 2019. The vertical solid black line connotes the beginning of Chinese New Year holiday, while the vertical solid red line denotes the end of Chinese New Year holiday.




The Influence of Control Measures on Air Quality

Finally, we adopted the DID model to explore the impact of the policy period people stayed put during the Spring Festival in 2021 on air quality. This model can quantify the net impact of prevention efforts on air pollutants in the COVID-19 pandemic by separating restriction measures from the Chinese New Year holiday effect. The air quality data in 2019 were chosen as the control group (no controls), and the air quality data for 2021 were used as the treatment group. The DID analysis (Table 6) revealed that prevention efforts had improved air quality in comparison to the same time in 2019, with the most significant impact on NO2. The pollutant was primarily related to a decline in economic development and transportation constraints, which resulted in reduced energy usage and lowered emissions (Filonchyk et al., 2020). This was followed by PM10, SO2, and CO, which dropped by 30.35, 42.38, and 39.13%, respectively. However, AQI increased during this period compared to the same time in 2019, and no significant effect on PM2.5 was observed.


Table 6. Regression results according to the DID model.
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On the one hand, some pollutant concentrations have not significantly fallen in comparison with the first period. People staying at their current residing localities during the Spring Festival in 2021 may reduce the migration index but has a relatively small impact on the urban travel intensity index. On the other hand, several major pollutant concentrations in the third period declined more than in the second period, probably due to the large flow of people during the Spring Festival. The prevention and control measures of the COVID-19 pandemic are more stringent than the second period to prevent the large-scale recurrence of the epidemic similar to the Spring Festival in 2020, which might the explanations of these results.




Test on Parallel Trend Assumption

The DID model requires consistency in the development tendency over time between the experimental and the control group (Wan et al., 2019). Therefore, we tested the parallel trend hypothesis to ascertain if the pollutant concentration trends of the control and the treatment groups are parallel before the implementation of the intervention measure. Firstly, it can be seen that before the implementation in Section The Comparison of Pollutant Concentrations With 2019 (Figure 4), the trend of air pollutants in the control group (2019) and the treatment group (2021) was basically the same before the intervention. Consequently, our research may be able to pass the parallel trend hypothesis test. The residual diagram of the estimated coefficients of the model equation (3) was drawn to exhibit the policy effect better. Figure 5 shows the time trend of residuals of air quality for 10 days before and following the Spring Festival after excluding weather effects and other potential complicating variables. In both the control and treatment groups, the residual errors are standardized to zero, as can be observed (Li et al., 2017b).


[image: Figure 5]
FIGURE 5. Time trends 10 days prior to and after the Chinese New Year.


We conducted further counterfactual research utilizing the model below (Equation 11) to examine the parallel trend assumption with greater rigor (Guo et al., 2020). Specifically, we included interaction terms between the grouping variable “Treat” and the temporal tendency of the 10 days before carrying out the restriction work to validate the parallel tendency of the 10 days before enacting the prevention efforts. The commencement of the intervention actions and the following 3 days were incorporated to avoid complete collinearity. The parallel tendency hypothesis is met if the interaction items of 10 days before implementing the restriction efforts exist no apparent impact on the independent variables.

[image: image]

where d denotes the days since the beginning of the intervention policy, trendid indicates the time tendency, and γ1 is a series of estimated coefficients for the 10 days before the preventative measures start, indicating the divergence in pollutant indexes between the control and treatment groups when making a comparison to the time before implementing the intervention policy.

Table 7 presents the estimated results of model 11. Most of the estimated results for the first 10 days before the prevention efforts are near zero. Besides, most of the coefficients are not statistically significant, as we can observe. In addition, Figure 6 depicts the tendency of AQI estimation coefficients. We find that the coefficients are mostly close to zero before carrying out the measures, and that there is no obvious trend. The findings above indicate that the treatment and experimental groups have the same tendency before enacting the control measures (Zhang et al., 2020).


Table 7. Tests on parallel trends hypothesis adopting model 11.
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[image: Figure 6]
FIGURE 6. Tests on parallel trends hypothesis. The vertical dashed gray line denotes the initiation of the policy of staying in place for Lunar New Year of 2021.




Robustness Tests

Further evidence is provided to prove the robustness of our empirical findings. First, we evaluate if our conclusions are still true if the width of the sample window changes. The initial sample window of our research includes 10 days before and after the Chinese New Year. We removed the head and tail for 1–3 days, respectively, and re-evaluated our model. Table 8 show the findings of our research. The majority of the coefficients had similar orientations and magnitudes to our earlier results (i.e., coherent with Table 6).


Table 8. Robustness test utilizing various sample windows.
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Furthermore, considering that Chaoyang District, Haidian District, and Xicheng District intensified control efforts in the COVID-19 epidemic, we further confirmed whether the estimated results are robust by excluding Chaoyang District, Haidian District, and Xicheng District to prevent interference in economically developed areas. Table 9 shows only the impact of the other 13 urban areas. All the estimated results are robust to this series of changes, which indicates that our research results are not dominated by the super-developed urban areas most impacted by the pandemic.


Table 9. Robustness test of 13 urbans, excluding Chaoyang, Haidian, and Xicheng.
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PM2.5 REDUCTION-INDUCED HEALTH BENEFIT EVALUATION

We estimated the health effects and health economic benefits of PM2.5 reduction induced by COVID-19 epidemic control measures in three periods based on the results of previous studies. The estimation process adopts the PM2.5 concentration, resident population, GDP data, and related calculation formulas. We utilized the secondary standard limit of the annual average value of PM2.5 in China's Environmental Air Quality Standard (GB3095-2012) 35 μg·m−3. Specifically, we determined the PM2.5 concentration in the absence of the COVID-19 epidemic (P1) using the percentage decrease of PM2.5 concentration (Z%) due to the COVID-19 epidemic and the actual PM2.5 concentration data (P2) in each district of Beijing: P1 = P2/(1-Z%).

First, the P1 and exposed population data were substituted into the Poisson regression relative risk model (equations (4) and (5)), and the change of health effect (ΔE1) when there was no COVID-19 epidemic could be estimated. The change of health effect (ΔE2) when the COVID-19 occurred in each district of Beijing can be acquired through P2 in the same way. Then, the difference in the change of health effect (ΔE3 = ΔE1−ΔE2) can be obtained. The variation of health effect (ΔE4) attributed to the PM2.5 decrease owing to the restriction measures of COVID-19 outbreak can be obtained by dividing by the sum of days of the year (d) and multiplying by the number of days of each sample period (m):ΔE4 = Δ E3*m/d.

Finally, ΔE4 is brought into the model (9) to determine the monetary value of each health endpoint's economic benefits owing to the variation of PM2.5 concentration employing the unit economic value of each health effect. This section mainly consists of two parts: estimation and analysis of the avoided health risk owing to PM2.5 changes in Beijing during the initial epidemic outbreak in 2020, the epidemic outbreak in Beijing's Xinfadi market in 2020, and the policy period of staying in place for Lunar New Year of 2021. Besides, the health and economic benefit assessment results due to the PM2.5 changes in Beijing during these three special periods are estimated and analyzed, as described below.


Avoided Health Risk Assessment

In this part, we evaluated the health effect of each health endpoint of PM2.5 reduction caused by the COVID-19 epidemic. Then, we assessed the total health effects of 16 urban areas in Beijing by adding up the health effects of all health endpoints.


Health Endpoint Effects Assessment

We summarized the avoided health risks' estimation results of health endpoints in Beijing's 16 urban areas during the above three epidemic periods. Generally, the findings demonstrate that PM2.5 reduction induced by restriction efforts has impacted each health endpoint, as observed in Table 10. Additionally, the degree of health endpoints affected by PM2.5 pollution varies depending on PM2.5 concentration, exposure population, outpatient incidence, and mortality in various urban areas. Similarly, the health effects of the same area are also various in distinct epidemic periods. Specifically, the health effects between different periods exist differences. It is estimated that the health effect of the PM2.5 decrease induced by the outbreak in the Xinfadi market is the greatest. It has a more extended sample period. For this reason, there is a greater impact of PM2.5 reduction than that of the other two periods, which are possible explanations. On the contrary, the policy of staying in place for the Lunar New Year in 2021 has a relatively short duration, so it brings a small influence due to PM2.5 reduction. As a result, its health effect is smaller than the former two. Furthermore, the number of health beneficiaries in divergent regions is also heterogeneous. The three periods have the greatest impact on the health of Chaoyang District and Haidian District while having little effect on Mentougou, Huairou, and Yanqing areas. The top three health endpoints for the health benefits owing to PM2.5 decrease are acute bronchitis, internal medicine clinic, and chronic bronchitis, accounting for about 80% of the total health effects. Cardiovascular diseases are relatively uncommon among hospitalized patients. Besides, the decline in PM2.5 caused by control measures in the three epidemic periods probably avoided premature deaths of 1,117 cases [95% CI (328, 1,676)], 1,273 cases [95% CI (339, 2098)], and 115 cases [95% CI (33, 175)], respectively.


Table 10. Evaluated amount of health effects induced by PM2.5 reduction caused by the COVID-19 epidemic of 16 districts of Beijing in three periods (C0= 35 μg/m3).
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Total Health Effects Assessment

Table 11 shows the results of the three-period evaluation and ranking of the total health effects of PM2.5 pollution changes in each of Beijing's urban areas. As observed, the total quantity of beneficiaries induced by the PM2.5 decline resulting from COVID-19's epidemic control measures in the three periods are 35,968 cases [95% CI (17,238, 47,646)], 45,146 cases [95% CI (18,621, 67,876)], and 3,752 cases [95% CI (17,64, 55,035)], respectively, and this is the total number of avoided premature death, respiratory disease hospitalization, cardiovascular disease hospitalization, internal medicine clinic, pediatrics clinic, acute bronchitis, chronic bronchitis, and asthma. In terms of different urban areas, the total number of health beneficiaries brought about by PM2.5 pollution changes is highest in Chaoyang District and lowest in Huairou, Miyun, Yanqing, and Mentougou. For example, at the beginning of the outbreak in 2020, the total health benefits of Chaoyang reached 5,598 cases [95% CI (2,657, 7,462)]. The second is Haidian with 5,213 cases [95% CI (2,508, 6,879)], followed by Daxing with 3,520 cases [95% CI (1,753, 4,530)], and Yanqing with 532 cases [95% CI (246, 723)]. The main reasons are as follows: on the one hand, the PM2.5 concentrations are higher in urban areas with more beneficiaries. On the other hand, the exposed population in these urban areas is relatively large. For example, the exposed population of Chaoyang district in 2018 is about nine times that of Huairou. The resident distribution is fairly dense and Huairou's per capita occupation area (5,128 m2) is about 39 times that of Chaoyang (131 m2).


Table 11. Health effects and ranking of PM2.5 reduction caused by the COVID-19 epidemic of 16 districts of Beijing.
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Avoided Economic Loss Evaluation

In this part, we assessed the health and economic benefit of various health endpoints and summarized the total health endpoint benefits of PM2.5 reduction due to the COVID-19 epidemic in various urban of Beijing.


Economic Benefits Evaluation of Health Endpoints

This section uses the methods in Section PM2.5 Reduction-Induced Health Effects and Economic Benefits to estimate the initial outbreak of COVID-19 in 2020, the outbreak of the Xinfadi market in Beijing, and the policy period of celebrating the Chinese New Year 2021 in place based on the evaluation results of health effects in Table 10 and the unit economic value of each health endpoint in Table 2. Table 12 shows the estimations of the health endpoint benefits of residents under the condition of PM2.5 reduction induced by prevention efforts. Generally, the corresponding economic benefits of health endpoints in Beijing and its 16 urban areas have the same characteristics as the number of health effects in terms of different epidemic periods. Additionally, the economic benefits of various health endpoints caused by the PM2.5 reduction are diverse due to differences in PM2.5 concentration, benchmark incidence, economic value per unit of health endpoints, and exposure population. For example, the health and economic benefit of the PM2.5 decrease in Beijing due to early death was 4,183.79 million yuan [95% CI (1,228.81, 6,278.53)]. In comparison, the health and economic benefit of hospitalization was 29.47 million yuan [95% CI (8.73, 48.38)] during the initial COVID outbreak in 2020. Furthermore, the health benefit of chronic bronchitis was the greatest, followed by early death, acute bronchitis, asthma, and hospitalization, while the health benefit of the outpatient clinic was the smallest.


Table 12. Avoided economic loss of the health effects induced by PM2.5 reduction caused by the COVID-19 epidemic of 16 districts of Beijing in three periods (C0= 35 μg/m3, unit: million yuan).
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Total Economic Benefits Evaluation

Table 13 summarizes the health and economic benefits of PM2.5 pollution changes caused by three-period epidemic prevention and control measures in Beijing and various regions. The total health and economic benefits induced by changes in PM2.5 pollution in Beijing and various districts over three periods are heterogeneous according to the assessed results in Table 13. Additionally, the per capita health economic benefits and total health benefits of various districts in Beijing are dissimilar or even quite divergent in the three periods, mainly due to divergences in resident population and PM2.5 concentration changes among Beijing's urban areas. Specifically, the avoided total health and economic loss induced by the PM2.5 reductions owing to the control measures in three epidemic periods are 82,747.65 million yuan [95% CI (3,406.4,10,879.1)], 11,143.71 million yuan [95% CI (3,826.43,16,949.1)], and 871.65 million yuan [95% CI (350.54, 1,165.95)], which accounted for 0.23% [95% CI (0.09%, 0.3%)], 0.31% [95% CI (0.11%, 0.47%),] 0.02% [95% CI (0.1%, 0.03%)] of the GDP of Beijing that year, respectively. Furthermore, Chaoyang, Haidian, Tongzhou, and Fengtai are still the areas that benefit the most from the changes in PM2.5 concentration in terms of health and economy. For instance, the health and economic benefits of the four urban areas were 2,154.15 million yuan [95% CI (751.53, 3,229.36)], 1,965.49 million yuan [95% CI (687.41, 2,942.39)], 1,148.71 million yuan [95% CI (400.8, 1,722.54)], 850.61 million yuan [95% CI (285.52, 1,319.71)], while the health and economic benefits of Yanqing, Mentougou, Huairou, and other districts are relatively low during the outbreak of the Beijing Xinfadi market.


Table 13. Health benefits of PM2.5 reduction caused by the COVID-19 epidemic of 16 districts of Beijing in three periods.
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DISCUSSIONS ON RECOMMENDATIONS FOR METICULOUS CONTROL OF AIR POLLUTION

China has enacted various stringent controls to prevent the epidemic of COVID-19 from spreading, such as closing factories and restricting traffic. However, Beijing still suffers from severe air pollution in extreme weather. People hold divergent perspectives on how to prevent and control air pollution effectively. Rigorous empirical research is required to quantify the causal impact of control actions on air pollution in the COVID-19 epidemic. Firstly, the methods and findings of this research provide a valuable natural experiment for exploring the causal effects of blockade efforts on air pollution. In our study, real-time observation data are used to demonstrate the changing air quality trend before and after the outbreak of COVID-19. Subsequently, LSDV and DID models are constructed to determine the causal impact of epidemic restriction efforts on air pollution and keep weather, holidays, and other influential factors from interfering. The execution of regulatory efforts improved air quality and provided empirical evidence for ascertaining the causal relation of blockade actions to air pollution in the COVID-19 pandemic. Furthermore, we could carry out targeted control of air pollution by comparing the influence of the pandemic on air pollutants in various periods and analyzing the causes of the distinction. What deserves our attention is that adopting lower-scale data is beneficial for the meticulous prevention, control, and governance of air pollution.

The study's two conclusions are critical for future air pollution mitigation. Firstly, traffic restrictions are crucial for controlling NO2 pollution in densely populated urban areas, which indicates an essential direction for NO2 pollution prevention. The management of traffic activities should focus on NO2 pollution control in the future. With the gradual lifting of traffic restrictions at the end of February 2020, epidemic prevention actions for public transport, such as buses and subways, continue to be strict. This may lead to an increase in the utilization of personal automobiles (Lee et al., 2020). Therefore, calling on urban daily travel to return to green safety is the government's primary concern. In this case, walking and cycling are advisable for personal travel. The infrastructure for non-motorized transportation, such as walking and cycling, is supposed to be optimized regularly, which will have dual benefits for pandemic control and air pollution mitigation in the long run. Additionally, the index system of travel intensity in the city can be established to accomplish precise management and control through the real-time observation of the big data system. Meantime, proper management, and motivations can be constituted to lower the strength of urban traffic, such as tail number restrictions, rising oil prices, public transportation subsidies, and others.

Secondly, the health and economic benefits of changes in PM2.5 concentrations are quantified in this study. The health effects were related to the exposure population, the change in PM2.5 concentration, the standard concentration threshold, the exposure-response relationship coefficient, and the baseline incidence. For each urban area of Beijing, the concentration of PM2.5 in the urban areas with more health benefits is higher, and the base of exposed population in these urban areas is larger. For example, the exposed population in Chaoyang District in 2018 is about nine times that of Huairou, and the distribution of residents is relatively dense. Therefore, the control of PM2.5 pollution concentration and the health and safety protection of residents in these urban areas will undoubtedly have great potential for health effects in the future. The health effects and health economic benefits owing to the PM2.5 decrease, along with the corresponding 95% confidence interval, provide a reference value for Beijing to meet the air quality standards, control severe ambient air pollution, and implement health early warning system.

Finally, the experimental importance of control efforts in reducing severe air pollution is also discussed in our study. The COVID-19 pandemic is a special public health event as it is particular and uncertain, providing an exceedingly unusual natural experiment for controlling the social and economic activities that impact air quality. Large-scale pollution outbreaks, such as haze pollution in the winter, have occurred in northern China, particularly in the Beijing area. Extreme air pollution is harmful to people's health and affects the regular operation of the social economy, particularly in regions with high population density and developed economies (Archer-Nicholls et al., 2016; Vu et al., 2019). Consequently, high-intensity limitations on population, transportation, and economic activities should be adopted to lower their damage and cope with serious urban pollution. For instance, in the event of an extreme air pollution incident, the remote work and online teaching system emerging during COVID-19's blockade will be immediately employed. This study provides significant evidence for the development of contingency designs for comprehensive socio-economic governance strategies in cases of severe pollution.



CONCLUSIONS

The COVID-19 epidemic has been around for a long time. However, it is not yet over and is entering the normalization stage. Outbreaks still occur in different regions. Therefore, it is still worthy of further study and remains an important issue to determine the causal impact of restriction efforts on air quality in the ecological environment. Here, by establishing LSDV and DID models, we quantitatively determine and compare the causal impact of control and blockade measures on air quality across three significant periods in China. We find that restriction measures have a significant positive influence on improving the air pollution in the ecological environment, and the effects of the three periods are different. As expected, during the initial outbreak in 2020, except for the increase in O3 concentration, the execution of control actions decreased the AQI by 7.8% and NO2, and SO2 by 46.76% and 37.32%. At the same time, the level of PM2.5, PM10, and CO had different degrees of decline, which fell by 34.07, 53.22, and 19.97%, respectively. Additionally, during the outbreak of the Xinfadi market in Beijing, the air pollutant concentrations, including O3, decreased significantly, of which O3 decreased by 7.26% and AQI and PM2.5 dropped by 22.61 and 45.12%, respectively, compared with the first period. During the policy period of staying in place for the Lunar New Year of 2021, except for slight decline in AQI and O3 levels, other pollutants decreased compared with the same period in 2019, among which NO2 decreased most obviously.

PM2.5 concentrations in the ecological environment beyond a particular threshold will raise the risk of cardiovascular and respiratory disorders, pose a potential threat to human life, and impose a significant economic cost on society. To this end, we also studied the health benefits of PM2.5 reductions due to control measures in three periods. Firstly, we discovered that the health effects of the same area are various in distinct epidemic periods, and that the number of health beneficiaries in different regions is also heterogeneous. Chaoyang, Haidian, Tongzhou, and Fengtai are the urban areas that have benefited most from the PM2.5 reduction, as evidenced by the COVID-19 outbreak in Beijing's Xinfadi market. Secondly, acute bronchitis, internal medicine clinics, and chronic bronchitis are the top three health endpoints for health benefits owing to the PM2.5 decrease, accounting for about 80% of the total health effects. Meanwhile, the decline in PM2.5 caused by control measures in the three epidemic periods probably avoided premature deaths of 1,117 cases [95% CI (328, 1,676)], 1,273 cases [95% CI (339, 2,098)], and 115 cases [95% CI (33, 175)], respectively. Furthermore, the total health and economic benefits owing to the PM2.5 reduction affected by the restriction actions in three pandemic periods were 82,747.65 million yuan [95% CI (3,406.4, 10,879.1)], 11,143.71 million yuan [95% CI (3,826.43, 16,949.1)], and 871.65 million yuan [95% CI (350.54, 1,165.95)], respectively.

It is necessary to indicate two fields that require further study. Although these control measures have led to unprecedented improvements in air quality, air pollution in the ecological environment remained high during the blockade. Other factors contributing to air pollution, such as coal-fired winter heating systems and unfavorable weather conditions, might be responsible for air pollutant concentrations (Chen et al., 2013; Ebenstein et al., 2017). Second, the positive impact on air quality is transient since the study noticed that restriction efforts in the COVID-19 pandemic only reduced China's air pollutant concentrations in the short term. Nevertheless, in the long run, when COVID-19 control measures are lifted, large amounts of energy consumption and industrial activities may bring about more severe air pollution (Wang and Su, 2020). Maintaining this improvement in air quality remains a major challenge. Finally, as air pollution is consistent with human life and economic activities, the improvement of air quality belongs to a prolonged fight. Despite the strong restriction actions on dealing with public health crises, such as the COVID-19 epidemic, which have alleviated air pollution in the ecological environment, they have led to great impairment on society and the economy. Consequently, an essential task for improving the air quality in Beijing is the establishment of sustainable development strategies that consider the economic, social, and ecological environment factors (Wang and Watanabe, 2019; Lee et al., 2020).
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8The National Meteorological Information Center. Available online at: http://www.nmic.cn/.

9The National Bureau of Statistics. Available online at: http://www.stats.gov.cn/.
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Variables Unit Obs. Mean Std. Dev. Min

Panel A. 2020 sample: the initial COVID-19 outbreak

AQl NA 6800 8781 48.35 15
Phas ng/m® 6800 4556 89.21 3
PMio ng/m* 6800 7074 46.71 2
50, ng/m* 6800 4516 8245 1
NO, ng/m® 6800 3495 18.24 2
co mg/m® 6800 0726 0.421 0.100
[N ng/m* 6800 9239 5821 2
Temperature °C 6,800 11.95 11.49 —8.500
Humidity % 6800  47.77 18.48 10
Windspeed ~ m/s 6800 1615 0810 0.300
Precipitation ~ mm 6800 1060  4.166 0

Panel B. 2020 Xinfadi sample: the epidemics outbreak in Beijing’s
Xinfadi market

AQl NA 2544 8590 3650 30
PMzs ng/m® 2,544 33.28 21.85 3
PMio ng/m® 2544 6323 35.14 11
$0, ng/m® 2544 3395 1.926 1
NO, ng/m® 2544 2357 11.05 2
co mg/m® 2544 0545 0.257 0.100
Oz ng/m® 2,544 127.9 48.46 30
Temperatue G 2544 2011 7.471 2100
Humnicity % 2544 4891 18.78 1"
Windspeed ~ m/s 2544 2779 2072 0.800
Precipitation ~ mm 2544  1.226 3.902 0

Panel C. CNY2021 sample: the policy period of staying in place for
Chinese New Year 2021

AQl N/A 640 8017 56.69 27
PM,s ng/m® 640 50.89 49.89 4
PMio ng/m® 633 8031 5587 1"
$0, ng/m® 640 5370 3.307 1
NO, ng/m® 640 2759 1630 2
co mgm® 640 0762 0474 0.200
0s nrg/m* 640 64.05 17.49 18
Temperature  °C 640 00950 3792  -7.300
Humicity % 640 3452 1831 11

Wind speed mws 6840 1.940 0.984 0.600
Precipitation mm 640 0.0300 0.159 [
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Diseases Health EValue (%) B Value (95% Cl)

endpoints

Death Early death 0539 0.296 (0,076, 0.504)

Hospital Disease of 1.33 0.109 (0.000, 0.221)

admissions respiratory
system
Cardiovascular 0.69 0,068 (0.043, 0.093)

Outpatient Department of 7.25 0056 (0.020, 0.090)

senvice pedatrics (<14
years old)

Internal medicine  22.33 0,049 (0.027,0.070)
(>15 years old)

Diseases Acute bronchial 872 0.790 (0270, 1.300)
Chronic 0,694 1.009 (0366, 1.559)
bronchitis
Asthma 094 0210 (0.145,0.274)

Sources from Kan and Chen (1989), Xie et al. (2009), and Liu et al. (2010); Beiing
Municipal Bureau of Statistics; Statistical Information Center of National Health and Family
Planning Commission. B represents the percentage increase (%) of the morbidity and
mortality per 10 ng/m?® of the PMy s rise. Cl, confidence interval.
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Hospitalization
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respiratory system Yuan per person) Yuan per person)
(unit: Yuan per person)
374.7 13466.4 347485 807.4

Average outpatient days per case(unit: Yuan per case)

Average outpatient
expenses per case
(unit: Yuan per case)

Indirect cost per case

Hospitalization

Outpatient service

05

561.4

706

20

Acute bronchial (unit: Yuan per person)

3915.9

Chronic bronchitis (unit:
Yuan per person)

1199

Asthma (unit: Yuan per
person)

16032.9

Average GDP per
person per day (unit:
Yuan)

452

The data are derived from Xie et al. (2015) and the relevant literature described in Sections Environmental Health Value Evaluation or are estimated through the formulas, and related

methods in Section Environmental Health Value Evaluation of this study.
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Districts The initial outbreak of The outbreak in the Xinfadi market in The policy of staying put during the Spring

COVID-19 in 2020 2020 Festival in 2021
Total health effect Order Total health effect Order Total health effect Order

Dongcheng 1,118 (524, 1,507) 10 1,589 (650, 2,405) 10 125 (60, 166) 10
Xicheng 1,833 (880, 2,422) 9 2,865 (1,205, 4,233) 7 194 (92, 258) 9
Chaoyang 5,508 (2,657, 7,462) 1 8,782 (3,674, 13,080) 1 599 (288, 801) 1
Haidian 5,213 (2,508, 6,879) 2 8,018 (3,360, 11,880) 2 542 (255, 725) 2
Fengtai 3,442 (1,678, 4,497) 5 3,417 (1,381, 5,239) 5 353 (167, 470) 4
Shijingshan 956 (463, 1,256) 1 1,376 (569, 2,066) 11 98 (46, 131) 11
Mentougou 622 (202, 837) 14 268 (106, 419) 16 62 (28, 86) 15
Fangshan 2,363 (1,191, 3.016) 7 2,393 (970, 3,655) 9 207 (28, 286) 8
Tongzhou 3,084 (1,489, 4,057) 6 4,684 (1,960, 6,949) 3 331 (160, 436) 6
Shunyi 2,057 (956, 2,787) 8 2,779 (1,133, 4,220) 8 233 (111, 310) 7
Daxing 3,620 (1,753, 4,530) 3 3,140 (1,266, 4,819) 6 349 (166, 465) 5
Changping 3,491 (1,615, 4,747) 4 3,551 (1,431, 5,452) 4 356 (160, 494) 3
Pinggu 781 (381, 1,020) 12 646 (259, 994) 13 84 (41, 110) 13
Huairou 615 (273, 865) 15 764 (309, 1,169) 12 73 (33, 99) 14
Miyun 744 (332, 1,043) 13 441 (175, 687) 14 93 (45, 124) 12
Yanding 532 (246, 729) 16 431 (178, 665) 15 52 (28, 73) 16
Beiing 35,968 (17,238, 47,646) - 45,146 (18,621, 67.876) - 3,752 (1,764, 5,035) -

It's the value of 95% Cl in parentheses.
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Period Districts Death In hospital Outpatient service Diseases. Total estimated
number
The respiratory Cardiovascular Department of Internal  Acute bronchial  Chronic Asthma
system pediatrics (<14 medicine (15 bronchitis
years old) years old)
The initial Dongcheng 34 (10, 52) 36 (0, 68) 12 (8, 16) 103(37,162)  278(156,802)  503(227,684) 107 (64, 124) 46(33,68) 1118 (524, 1607)
outbreak of Xicheng 57 (17,85) 60(0, 114) 20 (13, 27) 174(64,274)  472(263,665)  805(378,974)  168(90, 187) 77(55,97) 1833 (880, 2422)
COVID-19 in Chaoyang 173 (60, 261) 181 (0, 345) 60 (39, 81) 524 (191,825) 1417 (791,2000) 2487 (1145,3064) 523 (274,593) 283 (167,293) 5598 (2657, 7462)
G Haidian 162 (48, 243) 172 0, 325) 57(37,77) 497 (181,782) 1345 (752, 1897) 2284 (1076,2753) 476 (256,527) 220 (158,275) 5213 (2508, 6879)
Fengtai 108 (32, 160) 115(0,217) 38(25,52) 334(122,525) 905 (506, 1275) 1487 (717,1753) 307 (170,332) 147 (106, 183) 3442 (1678, 4497)
Shijingshan 30(9, 44) 320, 60) 117, 14) 92 (34, 145) 249(139,351) 416 (198, 496) 86 (47, 94) 41 (29, 51) 956 (463, 1256)
Mentougou 195, 29) 20(0,38) 74,9 57 (21,90) 155 (86,219) 280 (126, 351) 59(30, 69) 26 (18, 82) 622 (202, 837)
Fangshan 76 (23, 109) 82(0, 163) 27 (18,87) 241(88,376)  652(365,916) 983 (603,1094)  198(118,201)  104(75,129) 2363 (1191, 3016)
Tongzhou 96 (28, 144) 102 (0, 193) 3422, 46) 296(108,465) 800 (447, 1128) 1346 (638, 1611)  280(152,307)  130(94,163) 3084 (1489, 4057)
Shunyi 63 (18, 96) 65(0, 124) 22 (14,29) 187 (68,295)  505(282,714) 932(415,1188)  199(100,234)  84(60,106) 2057 (956, 2787)
Daxing 112 (34, 163) 121(0, 226) 40 (26, 54) 352(129,552) 954 (634, 1342) 1486 (744, 1689) 302 (175,314)  153(111,190) 8620 (17583, 4530)
Changping 1086 (30, 163) 110(0, 210) 36 (23, 49) 315(115, 498) 852 (475, 1205) 1589 (701,2040) 340 (169, 403) 142 (101,179) 3491 (1615, 4747)
Pinggu 25(7,36) 260, 49) 9(6,12) 76(28,119)  206(115,200) 337 (163, 396) 6939, 75) 33(24,42)  781(381,1020)
Huairou 18(5,29) 18(0,36) 6(4,8) 52(19,83) 142(79,201) 290 (120,397) 6429, 81) 24(17,31) 615 (273, 865)
Miyun 22(6,35) 22(0,43) 7(6,10) 64 (23, 101) 173(96,245) 350 (146, 475) 77 (35, 96) 29(21,87)  744(332, 1043)
Yanging 165, 25) 17(0,32) 6(4,7) 48(17,76) 130(72,183)  242(107,811)  52(26,61) 22(15,27) 532 (246, 723)
Beijing 1117(328,1676)  1179(0,2283) 391 (251,527) 8412 (1246, 5871) 9235 (5158, 15817 (7404, 3307 (1766, 3696) 1509 (1085, 1894) 35968 (17238,
13024) 19227) 47646)
The outbreakin  Dongcheng 45 (12, 74) 430, 86) 14(9,19) 121(44,194) 827 (181,466)  796(292, 1226) 184 (73, 265) 58(40,75) 1589 (650, 2405)
the Xinfadi Xicheng 82 (22, 133) 80(0, 159) 26(17,36) 207(82,363)  613(389,872) 1400 (687,2089) 21(133,444) 107 (75,138) 2865 (1205, 4239)
Market in 2020 Chaoyang 250 (67, 409) 244 (0, 485) 80(51,109) 691 (249, 1104) 1866 (1033, 2655) 4334 (1640, 6471) 990 (407, 1379) 326 (228, 420) 8782 (3674,
13030)
Haidian 228 (61,373) 223(0, 443) 73(46,99)  633(228,1010) 1708 (045,2429) 3953 (1499, 5888) 902 (372, 1253)  208(200,384) 8018 (3360,
11880)
Fengtai 95 (25, 159) 91(0, 183) 30 (19, 40) 257(02,411)  692(382,987) 1727 (622,2704) 403 (156,500)  123(86,159) 3417 (1381, 5233)
Shijingshan 39(10, 64) 33(0,75) 12(8,17) 107(38,170) 287 (159,400)  685(255, 1041) 158 (63, 224) 51(35,65) 1376 (569, 2066)
Mentougou 7@, 12) 700,14 22,3 20(7,31) 53 (29, 75) 137 (48, 221) 32 (12, 49) 10(7,12) 268 (106, 419)
Fangshan 67 (18, 111) 64(0, 128) 2118, 29) 181(65,280) 487 (269,604) 1207 (436,1882) 281(109,410)  86(60,112) 2393 (970, 3656)
Tongzhou 133 (36, 218) 1300, 259) 43(27,58) 369(133,589) 996 (551, 1416) 2312 (875,3450) 528(217,735)  174(122,224) 4684 (1960, 6949)
Shunyi 7821, 129) 75(0, 150) 24 (16,33) 211(76,338)  570(315,812) 1396(509,2159) 324 (127,468)  101(70,131) 2779 (1133, 4220)
Daxing 87 (23, 146) 840, 168) 27 (17,87) 235(84,877)  634(350,908) 1580 (570,2497) 71(143,546)  113(78,146) 3140(1266, 4819)
Changping 99 (26, 165) 95(0, 190) 31(19,42) 266(95,426)  717(396, 1021) 1798 (644,2825) 420 (162,618)  127(88,165) 3551 (1431, 5452)
Pinggu 185, 30) 17(0,34) 6(4,8) 48(17,77) 130(72,185) 327 (117,517)  77(29,113) 23 (16, 30) 646 (259, 994)
Huairou 21(6,36) 20(0, 41) 74,9 57 (21,92) 155(86,221)  386(139,603  90(35, 132) 28(19,86)  764(309, 1169)
Miyun 123, 20) 12/(0,28) 42,5 32(12,52) 87 (48, 124) 225 (79, 362) 5320, 80) 16(11,20) 441 (175, 687)
Yanging 123, 20) 11(0,28) 42,5 32(12,51) 86(48, 129) 219 (78, 847) 51(20,76) 15 (11,20) 431 (173, 665)
Beijing 1278(389,2098)  1235(0,2459) 403 (256,549) 8487 (1253,5574) 9407 (5202, 20500 (8338, 5186 (2078, 7383) 1655 (1155, 2137) 45146 (18621,
13393) 34289) 67876)
The policy of Dongcheng 4(1,6 40,8 1(1,2) 124,19 32 (18, 45) 55 (26, 68) 126, 13) 5(4,7) 125 (60, 166)
staying put Xicheng 629 6(0,12) 2(1,9) 18 (7, 29) 4927, 70) 86 (40, 106) 1810, 20) 8(6,10) 194 (92, 258)
during Spring Chaoyang 185, 28) 19.(0,87) 64,9 56 (20, 88) 151(84,213)  268(122,33)  56(29,64) 25 (18, 81) 599 (283, 801)
Festival in 2021 Haidian 175, 25) 17(0,33) 6(4,8) 50(18, 79) 136(76,192) 242 (110, 301) 51(26,58) 22(16,28) 542 (255, 725)
Fengtai 11(3,16) 11(0,22) 42,5) 33(12,52) 89(50, 126) 157 (72, 194) 33(17,87) 1510, 18) 353 (167, 470)
Shijingshan 3(1,9 3(0,6) 11,1 93, 14) 25 (14, 35) 44 (20, 55) 9(5,11) 4(3,5) 98 (46, 131)
Mentougou 2(1,9 2(0,4) 10.1) 52,9 158, 21) 29 (12, 88) 6,8 22,9 62 (28, 86)
Fangshan 6(2,10) 60, 12) 2(1,9) 187, 29) 49 (27, 69) 96 (41, 128) 21 (10, 26) 8(6,10) 207 (98, 286)
Tongzhou 10(3, 15) 11(0,21) 42,9 32(12,50) 86 (48, 121) 145 (68, 174) 30(16,33) 1410, 18) 331 (160, 436)
Shunyi 7@ 11) 8(0, 14) 32,9 22 (8,34) 59(33, 83) 103 (48, 127) 22 (11, 24) 10(7, 12) 233 (111, 310)
Daxing 113, 16) 110, 21) 42,5 33(12,51) 88 (49, 125) 155 (71, 191) 33(17,87) 15 (10, 18) 349 (166, 465)
Changping 1@3,17) 110, 21) 4(2,5) 31 (11, 49) 84 (47, 119) 166 (70, 221) 36 (17, 44) 14 (10, 18) 356 (160, 494)
Pinggu 3(1,4 3(0,5) 11,1 8(3,13) 22(12,31) 36 (18, 43) 8(4,8) 4(3,5) 84 (41,110)
Huairou 2(1,3) 2(0,4) 10, 1) 72,10 18(10, 25) 33 (15, 43) 74,8 3(2,4) 73(33,99)
Miyun 3(1,4) 300,6) 10,1) 9(3,14) 24.(13,34) 41 (19, 50) 9(5,10) 4@,5) 93 (45, 124)
Yanging 2(0,2) 20,9 10.1) 4@ 12(7,17) 25 (10, 34) 5@,7) 2(1,9 52(23,73)
Beijing 115 (33, 175) 1200, 229) 40 (26, 54) 346(126,546) 937 (6522, 1328) 1682 (762,2108) 356(183,400) 155 (111,196) 8752 (1764, 5035)

It's the value of 95% Cl in parentheses; the actual average annual concentration of PMay is less than or equal to 35 ug/m®, and its health effect is 0.
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Districts The initial COVID-19 outbreak in 2020

Total health
benefit (u
million yuan)

Dongcheng 260.55
(104.20.349.77)
Xicheng 42138
(173.58,552.43)
Chaoyang 1294.46
(626.91,1715.78)
Haidian 1196.87
(495.08,1566.41)

78461
(830.2,1013.55)

218.99 (91.56,284.22)

Mentougou  144.54 (57.84,193.85)
Fangshan  528.59 (232.1,662.06)

Tongzhou  706.68 (293.7,920.9)

Shunyi 480,57
(190.53,649.94)
Daxing 793.36
(342.7,1004.48)
Changping 817.78
(822.07,1110.29)
Pinggu 178.06 (74.91,229.42)
Huairou 146.8 (54.92,207.47)
Miyun 177.16 (66.81,249.61)
Yanging 124.27 (49.2,168.93)

8274.65
(3406.4,10879.1)

Its the value of 95% Cl in parentheses; "

benefit is set to 0.

Proportion of
GDP (unit: %)

0.09(0.04,0.12)

0.08(0.03,0.11)

0.18 (0.07,0.24)

0.14(0.06,0.18)

0.42 (0.18,0.55)

026 (0.11,0.33)

058 (0.23,0.77)

065 (0.29,0.82)

064 (0.27,0.89)

026 (0.1,0.35)

085 (0.37,1.08)

0.71(0.28,0.97)

0.63(0.26,0.81)

037 (0.14,0.52)

052 (0.2,0.74)

0.64 (0.25,0.87)

023 (0.09,0.3)

Per capita health
benefit (unit:
yuan)

367.6
(147.13,498.47)
380.93
(156.91,499.39)
374.93
(152.62,496.97)
381.9
(167.97,499.81)
383.42
(163.47,501.76)
385.54
(161.2,500.38)
368.15
(147.33,498.77)
402,64
(176.8,504.31)
384
(159.6500.41)
362.97
(143.9,490.89)
397.95
(171.9,503.85)
360.34
(141.91,489.22)
389.36
(163.81,501.69)
332,89
(124.54,470.45)
335.72
(126.61,473.01)
359.46
(142.31,488.67)
377.96
(156.59,496.92)

The outbreak in the Xinfadi market in 2020

Total
health benefit
(unit:
million yuan)

393.46
(134.02,608.14)
701.11
(246.74,1046.85)
215415
(751.53,3229.36)
1965.49
(687.41,2942.39)
850,61
(285.52,1319.71)
339.21
(11651,515.54)
67.77
(22.53,106.95)
595.04
(200.24,920.4)
1148.71
(4008,1722.54)
689.56
(233.56,1059.32)
782.76
(261.64,1216.8)
835.21
(295.71,1876.46)
161.2
(68.71,251.43)
190,51
(63.92,294.89)
11089
(86.77,174.8)
108.04
(35.8,168.5)
11143.71
(3826.43,16949.1)

Proportion of
GDP (unit: %)

0.13(0.05,0.2)

0.14(0.050.21)

0.31(0.11,0.46)

023 (0.08,0.35)

0.46 0.15,0.71)

0.4(0.14,0.6)

027 (0.09,043)

0.73(0.25,1.14)

1.04 (0.36,1.56)

0.37 (0.12,057)

0.84(0.28,1.3)

0.7 (0:26,1.2)

0.57 (0.19,0.88)

048 (0.16,0.74)

0.33(0.11,052)

0.56 (0.18,0.87)

031(0.11,047)

Per capita health
benefit (unit:
yuan)

556.1
(189.08,850.94)
633.8
(223.05,946.35)
623.94
(217.68,935.37)
627.15
(219.34,938.86)
421,09
(141.35,653.32)
597.2
(205.12,907.64)
172.63
(67.38,272.42)
453.26
(152.53,701.1)
624.2
(217.79,936.01)
520,81
(176.41,800.09)
392,63
(131.24,610.36)
390,05
(130.3,606.5)
352.51
(117.45,549.81)
431.99
(144.94,668.69)
21044
(69.69,331.25)
312.52
(103.57,487.41)
50001
(174.78,774.18)

The policy of staying put during the Spring Festival in 2021

Total
health benefit
(unit:
million yuan)

2884
(11.78,38.06)

44.91
(18.32,59.33)
138.96
(66.26,184.65)
125.7
(60.69,167.52)

816
(33.16,108.24)

22.77 (9.2,30.49)
14.58 (6.6,20.41)

48.98
(18.60,68.03)

75.96 (315,99.26)

53.83
(21.99,71.09)
80.69
(32.78,106.78)
84.43
(82.22,117.37)
19.25 (8.15,24.7)

17.14 (6.68,23.16)
21.49 (8.82,28.36)
12,5 (4.71,17.57)

871.65
(350.54,1164.95)

Proportion of
GDP (unit: %)

0.01(0,0.01)

001(0,001)

0,02 (0.01,008)

0,01 (0.01,002)

0,04 (0.02,0.06)

0,03 (0.01,0.04)

0,06 (0.02,0.08)

0,06 0.02,0.08)

0,07 (0.03,0.09)

0,03 (0.01,0.04)

0,09 (0.04,0.11)

007 (0.03,0.1)

0.07 (0.08,0.09)

0,04 (0.02,0.06)

0,06 (0.03,0.08)

0.06 (0.02,0.09)

0.02(0.01,003)

Per capita health
benefit (unit:
yuan)

40.69
(16.61,53.69)

40,6 (16.57,63.64)
40.25(16.3,63.48)

4011
(16.18,53.45)

40.4(16.41,53.58)

40.09
(16.19,53.57)
37.14
(14.25,51.99)
37.31
(14.2351.82)
4128
(17.12,53.94)
40.66
(16.61,53.69)
40.47
(16.44,53.56)
37.2(14251.72)

42.1 (17.82,54)

38.87
(15.15,52.52)
40.72
(16.72,53.74)
36.17
(18.63,50.84)
39.81
(16.01,53.21)

‘means that Chaoyang GDP in 2019 has not been released and cannot be calculated for the time being. If the actual annual PMp 5 concentration is less than or equal to 35 ug/m?, the health
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Period Districts Death In hospital Outpatient service Diseases Total economic
loss (million yuan)
Therespiratory Cardiovascular Departmentof  Internal  Acute bronchial  Chronic Asthma
system pediatrics (<14 medicine (>15 bronchitis
years old) years old)
The initial Dongcheng 128.41 048(0092)  0.41(0.26055) 008003013 022(0.13032) 197 (089.2.48) 128.24 0.74/(0.53,0.99) 26055
CoVID-19 (87.12,195.84) (65.33,148.6) (104.29,349.77)
outbreak in 2020 Xicheng 21364 081(0,153) 069045098 0.14(0.05022) 0.38(021054) 3.15(1.483.81) 20138 124(0.89,1.56) 42138
(625,320.08) (108,223.75) (173.58,552.43)
Chaoyang 647.74 2440464 200(134281) 042(015067) 114064169 974 (4.48,12) 627.14 3.73(268,4.7) 1204.46
(180.02,078.81) (628.6,710.54) (626.91,1715.78)
Haidian 607.97 2810487 198(128267) 0.4(0.15063) 1.09(0.61,1.58 895 4.21,10.78) 570.66 352 (2.53,4.41) 119687
(178.79,910.62) (807.51,631.38) (495.08,1566.41)
Fengtai 40455 155(0,292)  1.33(0.86,1.79) 027 (01042 073(0.41,1.08) 582 (281,687 367.99 235 (1.7,2.94) 784.61
(120.46,600.01) (203.88,397.57) (830.2,1013.55)
Shijingshan 11212 043(0081)  037(02405) 007(0080.12) 02(0.11.028  1.63(0.78,1.94) 108,51 0.65(0.47,0.81) 21899
(83.33,166.67) (56.61,113.09) (91.56,284.22)
Mentougou 7121 027(0051)  023(0.15031) 005(002007) 0.13(0.070.18) 1.09(0.49,1.37) 715 0.41(0.200.52) 144.54
(20.45,108.71) (36.36,82.18) (57.84,193.85)
Fangshan 282.96 1.11(0.206)  096(0.62129) 0.19(007.0.9 058(0.290.74) 886 (1.97,4.29) 237.38 166 (1.21,2.06) 52850
(86.37,410.24) (141.57,241.00) (282.1,662.06)
Tongzhou 36061 187(0.250)  1.18(0.76,1.58) 0.24(0.00,038) 0.65(0.36,091) 527 (25631) 335.27 2.09(15,262) 706.68
(106.44,538.27) (182.06,368.24) (293.7,920.9)
Shunyi 23485 087(0.167)  075(0481) 0.15(0.05024) 0.41(023058) .66 (1.62,4.65) 23854 135 0.96,1.7) 48057
(67.43,359.86) (119.76,280.24) (190.53,649.94)
Daxing 41895 163(0,304)  1.4(09188)  028(01045 077(0.43,108) 582(291661) 362.06 2.45(1.77,3.05) 793.36
(126,52,612.19) (210.06,376.24) (842.7,1004.48)
Changping 307.78 148(0.28% 1260817 025(0000.4) 060(0.38097) 6.22(2.75,7.99) 407.87 2.28(1.62,2.89) 817.78
(118.64,610.62) (202.78,482.9) (322.07,1110.29)
Pinggu 9205 035(0066)  03(0.19,0.41)  006(0.020.1) 0.17(0.090.28) 132(064,1.55 8327 (46.380.82) 0.53(0.39,0.67) 178,06
(27.27,135.99) (74.91,229.42)
Huairou 68.18 025(0048)  021(0.13028) 0.04(002007) 0.11(0.060.16) 1.14(0.47,1.56) 76.48 0.39/(0.27,0.49) 146.8
(18.94,107.58) (35.03,96.85) (64.92,207.47)
Miyun 8258 03(0059)  025(0.16034) 0.05(0.02008 0.14(00802) 1.37(057,1.86) 92(4254,11563) 0.47 (033,0.6) 177.16
(23.11,180.31) (66.81,249.61)
Yanging 6023 (17.42928 022(0043)  0.19(0.12026) 004 (001006 0.1(0.060.15)  0.95(0.42,1.22) 62.18 0.35(0.25,0.44) 124.27
(80.91,7357) (492,168.93)
Beijing 4183.79 15.88(0,30.07) 1359 (8.73,18.31) 2.76(1.01,4.34) 7.46 (4.16,1052) 61.94 396508 24.2(17.09,30.36) 827465
(1228.81,6278.53) (28.99,75.29)  (2117.3,4431.69) (3406.4,10879.1)
The outbreakin  Dongcheng 45 (12, 74) 43(0,86) 14(9,19) 121(44,194) 827 (181,466) 796 (292, 1226) 184 (73, 265) 58(40,75) 1589 (650, 2405)
the Xinfadi
market in 2020 Xicheng 82 (22, 139) 800, 159) 26(17,36) 207(82,363)  613(300,872) 1400 (537,2089) 321(133,444) 107 (75,138) 2865 (1205, 4233)
Chaoyang ~ 250(67,409) 244 (0, 485) 80(51,100) 691 (249, 1104) 1866 (1083, 2655) 4334 (1640, 6471) 990 (407, 1879) 326 (228, 420) 8782 (3674, 13030)
Haidian 228(61,373) 2230, 443) 73(46,99)  633(228,1010) 1708(945,2420) 3953 (1499, 5888) 902 (372, 1258) 298 (209,384) 8018 (3360, 11880)
Fengtai 96 (25, 159) 910, 183) 30(19, 40) 267(02,411)  692(382,987) 1727 (622,2704) 403(156,580)  123(86, 159) 3417 (1381, 6233)
Shijingshan 39 (10, 64) 38(0,75) 128,17) 107 (38, 170)  287(169,400) 685 (255, 1041) 168 (63, 224) 51(35,65) 1876 (569, 2066)
Mentougou 7@212) 700,14 22,9 20(7,31) 53 (29, 75) 187 (48, 221) 32(12, 49) 10(7,12) 268 (106, 419)
Fangshan 67 (18, 111) 64(0,128) 21(13,29) 181(65,289) 487 (269,604) 1207 (436, 1882) 281(109,410)  86(60,112) 2893 (970, 3655)
Tongzhou  133(36,218)  130(0, 259) 43(27,58) 969 (133,589) 996 (551,1416) 2312(875,3450) 528(217,785)  174(122,224) 4684 (1960, 6949)
Shunyi 78(21,129) 750, 150) 24(16,33) 211(76,338)  570(315,812) 1396(500,2150) 324 (127,468)  101(70,131) 2779 (1133, 4220)
Daxing 87 (23, 146) 840, 168) 27 (17,87) 235(84,377)  634(350,903) 1580 (570,2497) 71(143,546)  113(78,146) 3140 (1266, 4819)
Changping 99 (26, 165) 96 (0, 190) 31(19, 42) 266(95,426)  717(396,1021) 1798(644,2826) 420(162,618)  127(88,165) 3551 (1431,5452)
Pinggu 18(5,30) 17(0,34) 6(4,8) 48(17,77) 130(72,185) 827 (117,517)  77(29,113) 23 (16, 30) 646 (259, 994)
Huairou 21(6,36) 20(0, 41) 74,9 57 (21,92) 155 (86,221)  386(139,609  90(35, 132) 28(19,86) 764 (309, 1169)
Miyun 123,20 12(0,29) 4.5 32(12,52) 87(48,124)  225(79,362) 53(20,80) 16 (11,20) 441 (175, 687)
Yanging 12(3,20) 110,29 42,5 32(12,51) 868,128 219(78,847) 51(20,76) 15 (11, 20) 431 (173, 665)
Beijing  1273(330,2008) 1235(0,2459)  403(256,549) 3487 (1253,5574) 0407 (5202, 22500 (8338, 5186 (2078, 7383) 1655 (1155,2137) 45146 (18621,
1339) 34283) 67876)
The policy of Dongcheng 4(1,6) 40,8 1(1,2) 12(4,19) 32(18, 45) 55 (26, 68) 12 6, 19) 5.7 125 (60, 166)
staying put Xicheng 6(2.9) 60,12 2(1,9) 18 (7, 29) 49(27,70) 86 (40, 106) 1810, 20) 8(6,10) 194 (92, 258)
during Spring Chaoyang 18(5,28) 19(0, 37) 6(4,9) 56 (20, 88) 151 (84, 213) 268 (122, 332) 56 (29, 64) 25 (18, 31) 599 (283, 801)
Festival in 2021 Haidian 17 (5, 25) 170, 39) 6(4.8) 50 (18, 79) 136(76,192) 242 (110, 301) 51(26,58) 22 (16, 28) 542 (255, 725)
Fengtai 11,16 11(0.22) 42,5 33(12,52) 80(50,126) 157 (72, 194) 33(17,37) 15 (10, 18) 353 (167, 470)
Shijingshan 3(1,5 30,6 10,1 9, 14) 25(14,35) 44 20, 55) 95, 1) 46,5) 98 (46, 131)
Mentougou 21,9 2(0,4) 10,1 52,9 158, 21) 20(12,38) 6(,9 22,9 62 (28, 86)
Fangshan 62,10 600,12 2(1,9 18(7,29) 49(27,69 96 (41, 128) 21(10,26) 8(6,10) 207 (93, 286)
Tongzhou 103, 1) 11(0,21) 429 3212, 50) 86(48,121)  145(68, 174) 30(16,33) 14(10, 18) 331 (160, 436)
Shunyi 72,11 80,14 32,9 22(8,34) 5933, 83) 108 (48, 127) 22(11,24) 10, 12) 233 (111,310)
Daxing 113,16 110,21) 42,5 33(12,51) 88(49,125 15571, 191) 33(17,37) 15 (10, 18) 349 (166, 465)
Changping 113,17) 11(0,21) 42,5 3111, 49) 847,119 166(70, 221) 36(17, 44) 14 (10, 18) 356 (160, 494)
Pinggu 3(1,4) 300, 10,1 88 19) 22(12,31) 36(18, 43) 84,8 46,5) 84 (41,110)
Huairou 21,9 2(0.4) 10,1 72, 10) 18(10,25) 33(15,43) 74,9 3.4 733, 99)
Miyun 3(1,4) 3(0.6) 14,1 9@, 14) 24(13,34) 41(19,50) 9(5,10) 4@.5) 93 (45, 124)
Yanging 2(0.2) 2(0.9) 10,1 @7 12(7,17) 25(10,34) 52,7 2(1,9) 5223, 73)
115(33,175)  120(0,229) 40(26,54)  B46(126,546) 937 (622,1320) 1682 (762,2108) 366(183,409)  165(111,195) 3752 (1764, 5085)

It's the value of 95% Cl in parentheses; the actual average annual concentration of PMay is less than or equal to 35 ug/m3, and its health effect is 0.





