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ABSTRACT 

 

The outbreak of the Covid-19 epidemic has had a significant impact on the mode of 

production and life worldwide. For example, all provinces and cities in China initiated a first-

level response mechanism to protect public health. The resulting changes in travel activities 

have produced significant environmental pollutant emission reduction effects. Based on daily 

air pollution data from 74 major Chinese cities that first implemented the new air quality 

standards in China, this paper uses the regression discontinuity method to identify the impact 

of the first-level response policy on urban air pollution and has shown that cities' average air 

quality index and PM2.5 has dropped by 10% and 16% under the first-level response policy. 

The results are still consistent through the robustness test and the placebo test. This unique 

natural experiment allows a better understanding of the contributions of the transportation 

sector to air pollution problems in China. It also allows for an improved understanding of the 

sources of air pollution that are most responsive to transportation changes and the differential 

responses in different geographic locations across the country.    
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I. Introduction 

 
With the rapid development of China's economy and the continuous expansion of 

urbanization, urban air pollution has become the focus of environmental policies. In 2013, China 

created the "Air Pollution Prevention and Control Action Plan", which aims to control air 

pollutants by shutting down outdated production capacity, improving energy efficiency, and 

improving end-of-pipe treatment efficiency. Also, the policy sets different pollutants 

concentration control goals among cities. Notable goals from this effort include intensifying 

comprehensive treatment, reducing multi-pollutant emissions; adjust and optimize the industrial 

structure, promoting industrial transformation and upgrading; speed up the technological change 

of enterprises, improving technological innovation capabilities, etc. (Yang et al., 2020).  

In 2018, China implemented the "Three-year Action Plan for the Defense of the Blue 

Sky," demonstrating its long-term determination to control air pollution. According to the 

Ministry of Ecology and Environmental Protection statistics, by the end of 2019, the PM2.5 

concentration of 337 prefecture-level and above cities in China was 36 μg/m3, which reached the 

minimum standard for the transition period recognized by the WHO. However, there is still a 

large gap from the criterion value of 10 μg/m3. Consequently, urban air pollution control is still 

an important environmental goal for China (Song et al., 2019). 

One challenge that China faces to achieve its air quality goals is the heterogeneity of 

pollution sources, economic conditions, and causes of air pollution problems in different cities 

that impact the effectiveness of environmental policy implementation. Unfortunately, it can be 

difficult to separately identify the effects of the policy from the underlying differences in 

economic conditions, types of production facilities, and city characteristics (e.g., transportation 

modes and extent of travel). Specifically, transportation and production are often regarded as 
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important sources of air pollution, but different cities' traffic conditions and production structures 

are different. Moreover, when the economy is operating normally, most of the characteristics 

overlap, such as commuting in cities, commercial departments, industrial manufacture, etc. Thus, 

evaluation of environmental policies often faces endogeneity issues making it difficult to make 

causal conclusions about the effectiveness of policies in different locations. 

Although the Covid-19 pandemic negatively affected the production of many goods and 

services and lowered the quality of life of residents, air pollution in many cities improved due to 

the economic slowdown and the various policies implemented by governments to slow the 

spread of the disease. Notably, the government shutdowns and travel restrictions reduced the 

number of people and goods transported between and within cities, which benefitted air quality. 

Since this epidemic is a major public health emergency and the related policy exogeneity is also 

strong, its impact on environmental pollution also meets the main assumptions of the quasi-

natural experimental design. Exploration of the disposition effect of the pandemic can enrich the 

main factors of the impact assessment of the epidemic, not limited to economic losses, etc. 

Because these restrictions were put in place based on the public health emergency that Covid 

presented, the policies can be seen as a valuable quasi-natural experimental design. Exploration 

of the disposition effect of the pandemic can enrich the main factors of the impact assessment of 

the epidemic, not limited to economic losses, etc. On the other hand, we can consider urban 

heterogeneity in the experimental design to clarify the reasons for the difference in pollution 

decline performance of different cities and provide additional information on design 

differentiation for future environmental governance.  

In fact, during the epidemic control period, severely polluted weather still occurred 

occasionally in some areas, reflecting the different sources and causes of pollutants and 
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significant differences in the emission reduction effects brought about by the intensity of 

restricted production and travel activities. In response to this problem, although some studies 

have directly compared the continuous changes of pollution concentration before and after the 

epidemic control in the area based on satellite remote sensing information (Yue et al., 2020; 

Bauwens et al., 2020). However, the above conclusions are mixed with many factors such as 

weather and pollution spread in time and space. It is impossible to measure the actual 

environmental impact of epidemic control accurately. At the same time, research is also limited 

to a fixed period and cannot analyze the dynamic impact of epidemic control policies. 

This study investigates the effect of the first-level response mechanism of major public 

health emergencies in various provinces and cities. Under this policy, the provincial headquarters 

will organize and coordinate emergency response work within its administrative area by the 

decision-making deployment and unified command of the State Council. Although the specific 

measures issued by the provinces after the initiation of the first-level response are slightly 

different, they are generally consistent. The main methods for controlling the epidemic in each 

region include investigation of pollution sources, compulsory isolation, reduction of public 

gathering activities, strict inspections at borders and stations and other key places, unified 

material preparation, etc. This policy mainly focuses on the control of the movement of people 

(see Figure 1). Still, reducing public gathering and mandatory isolation requirements will also 

lead to the restriction of personnel on duty production, so there is a dual impact on travel, 

transportation, and production. There is a certain degree of homogeneity in the policy restrictions 

on travel and transportation in various cities. But at the production level, due to the huge 

horizontal differences in the industrial structure between regions, the actual policy constraints are 

also different, which affects the regional heterogeneity of the environmental effects of policies. 
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In this study, I use air pollution data from 74 major cities (Figure 1) across the country 

from January 1, 2019, to April 30, 2020, and I use the initiation of the first-level response to 

public health emergencies as the policy implementation time point from which to assess the 

effects of reduced transportation on air pollution. In addition, I use the regression discontinuity 

method to study the Covid-19 on the national air quality. Dates that each province announces the 

first-level response are shown in Table 1 (excluding Hong Kong, Macao, and Taiwan regions). 

Migration for the first three months of 2019 is also depicted in Figure 2 to provide a reference 

point for comparing the impacts of the policy response. You can see from the Figure that once 

the policy was implemented, there was a sudden and large drop in migration between 2019 and 

2020. 

Additionally, after mid-March in 2020, as the epidemic situation improved, the migration 

trend started to grow and coincide with that in 2019. At the same time, I also selected the data of 

the same period of the lunar calendar in 2019 (orange line in Figure 2) as the control group to 

compare the similarities and differences between the current epidemic and the past "Spring 

Festival effect" on air pollution. "Spring Festival effect" is a large-scale phenomenon of high 

transportation pressure in China around the Lunar New Year, which usually occurs 15 days 

before and 25 days after the Spring Festival. During this period, the number of people returning 

home and going out increased, and the number of tourists across the country continued to rise. In 

2019, the Spring festival holiday was from February 4, 2019, to February 10, 2019, and we can 

see the migration trend largely increase since January 25, 2019, approximately ten days before 

the Spring Festival. However, in 2020, the Spring festival holiday is January 24, 2020, to 

February 2, 2019, the migration rate dropped significantly around the holiday. This paper also 

introduces a heterogeneous local average treatment effect model, examines the difference in 
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policy effects brought about by urban heterogeneity, and brings new evidence for re-examining 

the impact of residents' activities on air pollution.  

 

 

 

 

 

Figure 1. Distribution of 74 major cities in China (Source: Google Maps) 
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(Note: Time span of three black lines is 1/23/20 to1/25/20. The green line is the date when Tibet announced the 

launch of the first-level response mechanism.) 

 

 

 

 

Table 1. Provinces and cities announced the launch of the first-level response mechanism for major public 

health emergencies 

Date Provinces and cities announced the launch of the first-level response for major public health 

emergencies 

1/23/2020 Guangdong, Zhejiang, Hunan 

1/24/2020 Hubei, Tianjin, Beijing, Shanghai, Chongqing, Jiangsu, Sichuan, Jiangxi, Yunnan, Guizhou, 

Shandong, Fujian, Guangxi, Hebei, Anhui 

1/25/2020 Henan, Heilongjiang, Gansu, Liaoning, Shanxi, Shaanxi, Qinghai, Jilin, Ningxia, Inner 

Mongolia, Hainan, Xinjiang 

1/29/2020 Tibet 

Figure 2. Overall Migration Trend over the Country 
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II. Background on Air Pollution and Emissions Policy in China 

 

Although strict quarantine and other measures under the public health level response 

have significantly reduced the spread of the virus (Qiu et al., 2020), the epidemic and various 

measures taken to control the epidemic still have a huge negative impact on the Chinese 

economy (Liu et al., 2020), triggering a series of declines in manufacturing output, shrinking 

household consumption, restrictions on imports and exports, and increasing volatility in the 

capital market (He et al., 2020; Shen, 2020; Yang et al., 2020; Wang & Gao, 2020). 

Institutions such as the World Trade Organization1 and the International Monetary Fund 

predict that China's GDP growth rate in 2020 will drop to -9.9% to 1.2% (IMF, 2020). But on 

the other hand, while economic activities are affected, the country's air pollution has also 

fallen. 

Numerous studies have shown that China's air pollution mainly comes from 

residential activities, urbanization, industrial emissions, automobile exhaust, coal 

consumption, and straw burning, etc. (Liu et al., 2017; Xu & Lin, 2018; Zhang et al., 2018; 

Hao et al., 2020), and the main pollutants show certain periodic and regional characteristics 

(Xu et al., 2019). The periodic characteristic refers to the fact that the air quality of Chinese 

cities in winter is dominated by fine particulate matter, while in summer, the ozone content 

significantly increases. In addition, there are important regional differences. For example, air 

pollution in northern China is more serious than in the South due to heating, low rainfall, and 

more frequent haze and sandstorms (Chen et al., 2017; He et al., 2017). 

 
1 Source: WTO report, Trade Set to Plunge as COVID-19 Pandemic Upends Global Economy, website: 

https://www.wto.org/english/news_e/pres20_e/pr855_e.htm. 
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Among the many sources, industrial production is one of the main sources of air 

pollution in China. Different regions also show regional heterogeneity in air pollution due to 

different industrial scales and structures (Jiang et al., 2018). Taking the sulfur dioxide 

emissions in 2015 as an example, the sulfur dioxide emissions of the iron and steel industry 

in North China and East China accounted for 65.2% of the country's total emissions (Gao et 

al., 2019). Sun et al. (2020) found that Tangshan and Handan in the Beijing-Tianjin-Hebei 

region are more concentrated in energy-intensive industries than other cities and emit higher 

SO2, NO2, and PM2.5. Luo et al. (2018) found that industrial activities are the most 

important source of PM2.5 in China, especially in heavily polluted areas such as Shandong, 

Henan, and Hebei. These papers generally find that the production of high-polluting 

industries such as steel is the main reason for the regional heterogeneity of air pollution 

distribution in China, and it is also the main source of pollutants such as PM2.5. Therefore, 

reducing industrial emissions has always been the focus for pollution control in China's past 

"Five-year Plans."  

Previous pollution control efforts have targeted the end treatment of industrial 

enterprises, including SO2 and PM in China (Wang et al., 2017; Hang et al., 2019). However, 

with the increase in investment and maintenance costs of end treatment as a strategy, more 

interest now is focused on strengthening the industrial emission standards of emission-

intensive industries and eliminate backward industrial production capacity2, that is, the 

adjustment of industrial structure, and promotion of the implementation of energy-saving and 

emission reduction policies and measures etc., are now of increasing interest to meet 

 
2 Under the conditions of a perfect market economy, excess capacity generally includes backward capacity. The 

elimination and withdrawal of backward capacity can change the relationship between supply and demand in the 

market and reduce overcapacity.  
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emission reduction targets (Mao et al., 2014; Tang et al., 2019); Zhang et al., 2019; Zhang et 

al., 2020).  

Due to their technological characteristics, some industries require a large amount of 

fixed asset investment in proprietary equipment during the production process. This 

investment has poor asset reversibility in the short term and is highly tied to related energy 

varieties. However, given the upper limit of end-of-pipe treatment technologies and the long-

term progress in process emission reduction, such industries' short-term emission reduction 

potential is small. In addition, some studies have confirmed that the reduction of production 

scale will directly reduce pollution emissions by lowering the level of activity. However, on 

the one hand, the production of some industries has the characteristics of continuity and is in 

the middle and upper reaches of the national economy. Therefore, reducing production will 

lead to a chain contraction from the input-output relationship, negatively affecting the regular 

economic operation and reducing production. It is also possible to lose the scale effect of 

governance in expanding production scale, such as more adequate removal device cost 

allocation. On the other hand, some industries, such as electricity and heat, are essential 

sectors for the production and life of the people and will continue to maintain production 

even under major public health incidents. As a result, pollution control in the industrial sector 

has a natural "wedge" in the short term. However, environmental governance goals can be 

achieved in the longer term by improving process emission reduction and cleaner production. 

In addition to industrial emissions, travel is also another major source of air pollution. 

In addition to nitrogen oxides, motor vehicles also emit a large amount of PM2.5 and carbon 

monoxide (Hao et al., 2019; Xu et al., 2019). Studies using Structure Decomposition 

Analysis (SDA) and Index Decomposition Analysis (IDA) found that in addition to economic 
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activities, transportation is also the main cause of air pollution in China (Liu & Wang, 2017; 

Dong et al., 2019; Wang et al., 2019; Qian et al., 2020). The amount of motor vehicle activity 

is closely related to residents' travel (Li et al., 2018). With the country's development, 

people's living standards have improved, and their travel habits have systematically changed. 

As a result, the number of residents' motor vehicles has increased year by year, and the 

accompanying traffic pollution is also increasing. Also, increasing investment in 

transportation infrastructure can improve urban air quality, and the increase in road area has a 

better effect on improving air quality than road investment. (Zhang et al., 2014; Sun et al., 

2019). Residents choose to travel for two main reasons: Daily commuting behavior, which is 

closely related to production facilities, and the other is for shopping and entertainment needs, 

which are relatively independent of production. 

In this work, I use the fact that the travel bans put in place in response to the Covid-

19 epidemic will primarily have affected travel, and only to a lesser extent, industrial 

pollution. A schematic of the effects on air pollution appears Figure 3. The epidemiological 

characteristics of this epidemic lead to a restriction of the movement and agglomeration of 

residents through the Initial Response Policy described above. As indicated in Figure 3 in the 

top box (1), residents decide whether to travel depending on their needs and policies that 

control travel. On the one hand, the suspension of work and production in public places and 

the subsequent extension of the Spring Festival holiday have greatly reduced residents' 

commuting, shopping, entertainment, and other needs, and their willingness to travel has 

been greatly reduced; on the other hand, under the first-level response policy, some 

communities have also implemented closed-off management, and some traffic roads have 
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been blocked and checked, which effectively reduces the possibility of residents going out 

freely and ensures that the flow of people can be controlled in the short term. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

At the same time, labor is an important part of the normal operation of enterprises. 

When residents' travel is restricted under the influence of the first-level response to public 

health emergencies, processing and assembly enterprises that require office and labor-

intensive are more affected. And because of the continuous production and capital-intensive 

characteristics of process-based production enterprises, they have ensured continuous 

production during the epidemic (Figure 3)3. According to the latest data released by the 

National Bureau of Statistics, the output of process production industries such as steel, 

nonferrous metals, and cement only slightly declined from January to February 2020.  

 
3 The continuity of the process characterizes process-type production. Representative industries include food, paper, 

oil refining, chemical, metallurgy, etc.; Processing and assembly production are characterized by the process's 

discreteness. Representative industries include automobiles, ships, furniture, electronic equipment, and clothing 

(Chen & Ma, 2016). 

 
Processing and Assembly 
Production Enterprises 

 

Motor Vehicles 
 

Resident Activities 
 

Process-type 
Production Enterprises 

Air Pollution ② 

③ 

① 

Figure 3. Analysis of the Impact Channels of the First-level Response Policy 
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Most of the high-polluting industries are also process-based production industries. 

The continuous production of these companies has primarily contributed to the appearance of 

highly polluting weather during the epidemic.  

Based on this conceptual overview, I propose and test two hypotheses in this study: 

Hypothesis 1: The first-level response to public health emergencies significantly 

reduced air pollution levels in affected cities. 

Hypothesis 2: The decrease in air pollution in this epidemic is mainly due to Path 1 

and 2, which decreases motor vehicle activity caused by the decline in residents' activities 

and the shutdown of processing equipment production enterprises. This decline is less 

affected by Path 3 since process-based production enterprises can still produce continuously 

under the restrictions of residents' going out. 

 

III. Research Design and Data 

 
To test these hypotheses, first, I assess the environmental effects of the first-level 

response policies nationwide, and the above effects are subdivided and explained according to 

different air pollutants. Secondly, I consider the heterogeneity of cities, considering traffic 

conditions and the industrial structure of different cities. 

1. Benchmark Model Design 

This study is designed to answer the research question: what is the impact of the first-

level response policy on air pollution across China? The dates that provinces across the country 

issued the first-level responses are very concentrated (see Table 1 for details) around 23rd 

January 2020 to 25th January 2020. Consequently, I consider that all cities in the country (except 

the cities under the jurisdiction of the Tibet Autonomous Region) were affected by the policy at 
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the same point in time, becoming part of the experimental group. There is no meaningful control 

group, so I adopt a regression discontinuity design to assess the impact of the primary response 

to public health events on air quality. In the evaluation of this policy, the time when the policy 

occurs is the breakpoint. Under the control of other conditions, if there is a sudden change in air 

quality before and after the breakpoint, and there are continuous characteristics around the rest of 

the time point, the first-level response can be argued to be the cause of the change in air quality. 

Following Shi et al. (2017), I use the following benchmark model as follows: 

𝐴𝑄𝐼𝑖,𝑡 = 𝛽0 + 𝛽1𝑌𝑄𝑖,𝑡 + 𝛽2𝑓(𝑥) + 𝛽3𝑌𝑄𝑖,𝑡𝑓(𝑥) + 𝛾𝑋𝑖,𝑡 + 𝜆𝑖 + 𝜇𝑡 + 𝜀𝑖,𝑡                (1)            

Subscript 𝑖 represents the city, 𝑡 represents time. I use day as the date frequency. 𝐴𝑄𝐼𝑖,𝑡 

represents the air quality of city 𝑖 at date 𝑡, and 𝑌𝑄𝑖,𝑡 is a time dummy variable. When the 

province where city 𝑖 is located announces the activation of the first-level response to public 

health incidents after date 𝑡, it is 1; it is 0 otherwise. 𝑥 is the execution variable, which represents 

the number of days from the policy implementation point: it is equal to 0 when the policy is 

implemented, less than 0 before the implementation, and greater than 0 after the implementation. 

And 𝑓(𝑥) is a set of polynomial functions with 𝑋 as the independent variable, used to capture the 

dynamic changes of the policy implementation effect. 𝑋𝑖,𝑡 is a set of weather control variables, 

including variables such as daily average temperature, average wind speed and precipitation; 𝜆𝑖 

is the city fixed effect; 𝜇𝑡 is the weekly time fixed effect; 𝜀𝑖,𝑡 is the residual term. In this paper, 

the standard error is clustered at the city level in the regression. The coefficient 𝛽1 in the above 

formula represents the impact of the epidemic control policy on air quality. If it is less than 0, it 

indicates that the air quality has improved under the epidemic control policy.  

The Science and Technology Standards Department of the Ministry of Ecology and 

Environment of China issued the "Ambient Air Quality Index (AQI) Technical Regulations 



 14 

(Trial) (HJ 633—2012)" in 2012, which was implemented on January 1, 2016. In contrast to the 

graded concentration limits of various pollutants, fine particulate matter (PM2.5), inhalable 

particulate matter (PM10), sulfur dioxide (SO2), nitrogen dioxide (NO2), ozone (O3), carbon 

monoxide (CO), etc., the measured concentration values of the pollutants (PM2.5 and PM10 are 

the 24-hour average concentration) were calculated to obtain the Air Quality Index (English: 

Individual Air Quality Index, IAQI). AQI is to take the maximum value among each IAQI. 

When the AQI is greater than 50, the pollutant with the largest IAQI is the primary pollutant. If 

the IAQI's largest pollutants are two or more, they are listed as the primary pollutants. Pollutants 

with an IAQI greater than 100 are excessive pollutants. 

2. Sample Data 

The time span of air quality data used in this paper is from January 1, 2019, to April 30, 

2020, and includes the AQI of each city and six pollutants of PM2.5, PM10, SO2, CO, NO2, and 

O3, which comes from China's air quality online monitoring and analysis platform. 

Table 2. Descriptive Statistics of Variables under 7 days bandwidth in 2020 

Variable Name Variable Symbol Number of 

Observations 

Full 

Sample 

Before 

Breakpoint 

After 

Breakpoint 

Mean 

Difference 

Air Quality 

Index 

log_AQI 1110 1.837 

(0.010) 

1.877 

(0.012) 

1.790 

(0.015) 

-0.087*** 

(0.019) 

PM2.5 

Concentration 

log_pm2.5 1110 1.658 

(0.012) 

1.712 

(0.015) 

1.597 

(0.020) 

-0.116*** 

(0.024) 

PM10 

Concentration 

log_pm10 1110 1.768 

(0.011) 

1.838 

(0.013) 

1.689 

(0.018) 

-0.149*** 

(0.022) 

SO2 

Concentration 

log_SO2 1110 0.893 

(0.010) 

0.898 

(0.013) 

0.887 

(0.015) 

-0.015 

(0.020) 
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NO2 

Concentration 

log_NO2 1110 1.357 

(0.009) 

1.495 

(0.010) 

1.201 

(0.013) 

-0.294*** 

(0.016) 

CO 

Concentration 

log_CO 1110 -0.011 

(0.006) 

0.018 

(0.008) 

-0.044 

(0.009) 

-0.062*** 

(0.011) 

O3 

Concentration 

log_O3 1110 1.678 

(0.006) 

1.602 

(0.008) 

1.765 

(0.005) 

0.162*** 

(0.010) 

Average 

Temperature 

temperature 1110 4.594 

(0.223) 

4.940 

(0.326) 

4.200 

(0.298) 

-0.741 

(0.446) 

Average 

Windspeed 

windspeed 1110 2.578 

(0.040) 

2.342 

(0.044) 

2.848 

(0.069) 

0.506*** 

(0.079) 

Precipitation precipitation 1110 2.129 

(0.201) 

1.352 

(0.221) 

3.017 

(0.346) 

1.665*** 

(0.400) 

Weekend weekend 1110 0.278 

(0.013) 

0.149 

(0.015) 

0.286 

(0.020) 

0.137*** 

(0.024) 

Industrial Soot 

(Dust) 

Emissions 

SDE 1110 0 

(0.042) 

/ / / 

Industrial Sulfur 

Dioxide 

Emissions 

CSO2 1110 0 

(0.032) 

/ / / 

Industrial 

Nitrogen Oxide 

Emissions 

NO 1110 0 

(0.028) 

/ / / 

Urban 

Secondary 

Industry Output 

IND 1110 0 

(0.026) 

/ / / 
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Green Covered 

Area 

GCA 1110 0 

(0.002) 

/ / / 

(Note: Standard errors are in parentheses. ***, **, and * indicate significance levels of 1%, 5%, and 10%, 

respectively. The tables below are the same. The five urban characteristic variables, SDE, CSO2, NO, IND, and 

GCA, are processed by subtracting the mean value, so the mean value of these variables is 0.) 

 

Because of the important role of weather factors on air quality (Jacob & Winner, 2009), 

such as the diffusion and deposition of atmospheric pollutants, coal-fired heating behavior in 

low-temperature weather, etc., I include weather factors as control variables in the baseline 

regression. The weather data comes from the Global Historical Climate Network Data Set 

(GHCN) published by the National Oceanic and Atmospheric Administration (NOAA). The 

processing of weather data follows Ramcharan (2010). For areas with multiple observing 

stations, I average the data from all observing stations within the city as the city's meteorological 

data; for areas without observing stations, I use the meteorological data from the nearest 

observatory from the city center instead. 

This study also controls whether the day is a weekend (weekend) to control the impact of 

the weekend. The industrial soot (dust) emissions (SDE), industrial sulfur dioxide emissions 

(CSO2), industrial nitrogen oxide emissions (NO), urban secondary industry output value (IND), 

and green covered area (GCA) data for each city are from the 2019 China Cities Statistical 

Yearbook". If the city's data were missing in the "2019 China Cities Statistical Yearbook", I use 

data in the previous China Cities Statistical Yearbook instead. 

The descriptive statistics of various indicators are shown in Table 2. From the table, we 

can see those average concentrations for most pollutants, including PM2.5, PM10, SO2, NO2, 

CO, have decreased after the breakpoint, and the mean differences are significant. And I also 
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include various urban indicators, including SDE, CSO2, NO, IND, and GCA, to further explore 

cities' heterogeneity. To eliminate the influence of variable scaling and alleviate the problem of 

heteroscedasticity, the air pollution data used in this study have been normalized in logarithm for 

comparability. To be more specific, for Air Quality Index, PM2.5, PM10, air pollutants (SO2, 

NO2, CO, O3), the data has been log-transformed. According to the heterogeneous local average 

treatment effect model, the five urban indicators, including SDE, CSO2, NO, IND, and GCA, are 

taken as logarithms and then processed by subtracting the average value of their logarithms. 

Hence, the mean value of these variables is 0. 

 

IV. Regression Results 

 
1. Benchmark Regression Results 

Since the first-level response occurred 1-2 days before the Spring Festival in 2020, 

changes associated with it are also potentially associated with the “Spring Festival effect" as 

described earlier. I use same point in time in the lunar calendar in 2019 as selected the control to 

make the comparison more accurate. The comparison includes the difference in air pollution 

between the time window of the usual Spring Festival holiday and this epidemic. I chose 7 days 

before and after the policy occurrence as the time bandwidth for the benchmark regression. 
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(Note: The horizontal axis is less than 0, indicating that the policy has not yet occurred, and greater than 0 means that the policy 

has been implemented. The straight line is the fitted line of the time trend item.) 

According to the benchmark regression design, after estimating the corresponding 

parameters, the statistical significance of the above-mentioned sudden changes and trend changes 

in air quality can be explained. Table 3 shows the benchmark regression results. The coefficients 

corresponding to YQ2020 represent the impact of the first-level response on air quality, and 

YQ2019 is the possible impact on air quality if a policy shock occurs during the same period of 

the lunar calendar in 2019. Considering the robustness, I use the first, quadratic, and cubic terms 

as the order of the polynomial fx in the regression formula. In the regression model, weather 

variables such as temperature, rain, and snow are controlled, and holidays and time and city fixed 

effects are also controlled. 

From the results in Table 3, after the provinces and cities initiated the first-level response 

to public health emergencies, the national average AQI dropped significantly. It was also 

Figure 4. AQI fitting Curve before and after the First-level Response Breakpoint in Cities 
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significant after controlling for the time trend factor. For comparison, in 2019, when f(x) is a 

first-order term, a quadratic term, and a cubic term, the regression coefficient is positive and 

significant. Taking the first-order term of a polynomial as an example, after the implementation 

of the first-level response, the average AQI of each city in China in 2020 has dropped by about 

10% (the absolute value of the AQI has dropped by about 12). In the same period of the lunar 

calendar in 2019, the average AQI of cities in China increased by about 5%. By comparing the 

two-year regression results, we found that compared with 2019, the average air quality of 

prefecture-level cities across the country under the control of the 2020 epidemic has improved 

significantly, verifying Hypothesis 1. 

Table 3. Regression Discontinuity Results of the Prevention and Control of Covid-19 (launch the first-level 

response) on AQI 

variables Year 2019 Year 2020 

AQI AQI AQI AQI AQI AQI 

Y2019 0.053** 

(0.021) 

0.238*** 

(0.035) 

0.168*** 

(0.056) 

   

Y2020    -0.104*** 

(0.031) 

-0.092** 

(0.036) 

-0.184*** 

(0.055) 

precipitation -0.006** 

(0.002) 

-0.005*** 

(0.002) 

-0.005*** 

(0.002) 

-0.011*** 

(0.001) 

-0.011*** 

(0.001) 

-0.012*** 

(0.002) 

windspeed -0.036*** 

(0.004) 

-0.027*** 

(0.004) 

-0.026*** 

(0.004) 

-0.068*** 

(0.006) 

-0.069*** 

(0.007) 

-0.066*** 

(0.007) 

temperature 0.021*** 

(0.002) 

0.018*** 

(0.002) 

0.018*** 

(0.002) 

0.001  

(0.004) 

0.0005 

(0.003) 

-0.0003 

(0.003) 

weekend 0.008  

(0.009) 

0.011  

(0.009) 

0.022** 

(0.010) 

0.050*** 

(0.011) 

0.049*** 

(0.012) 

0.062*** 

(0.016) 
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2. Bandwidth Sensitivity Analysis 

The size of the bandwidth might affect the results of the breakpoint regression. A small 

bandwidth can effectively fit the sample distribution near the breakpoint, but a too-small 

bandwidth will also lead to excessive sample loss and biased estimation results. On the one hand, 

the disposition effect of the breakpoint may have a long-term effect. On the other hand, the small 

bandwidth may only capture the short-term fluctuations of the target object, and the results are 

not robust. To examine the sensitivity of the results to the bandwidth I choice, I run the model 

using 14 days (twice the bandwidth) and 21 days (three times the bandwidth) before and after the 

policy. The results are shown in Table 4. From the regression results, we can see that the 

coefficients are not sensitive to time trend selection, and the impact of epidemic control in 2019 

and 2020 are quite different. From the regression results, regardless of whether the bandwidth is 

selected for 14 days or 21 days, the impact of epidemic control in 2020 on AQI will be 

significantly negative, effectively reducing air pollution in cities across the country. Through 

bandwidth sensitivity analysis, it can be considered that the impact of epidemic control in 2020 

constant 1.866*** 

(0.018) 

1.897*** 

(0.020) 

1.900*** 

(0.020) 

2.061*** 

(0.026) 

2.081*** 

(0.031) 

2.056*** 

(0.031) 

time trend linear quadratic cubic linear quadratic Cubic 

time fixed 

effects 

Yes Yes Yes Yes Yes Yes 

city fixed 

effects 

Yes Yes Yes Yes Yes Yes 

observations 1110 1110 1110 1110 1110 1110 

𝑅2 0.391 0.460 0.462 0.286 0.288 0.296 
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on air quality is relatively stable, and the choice of different bandwidths and polynomials of 

execution variables does not affect the core conclusions of this paper. 

Table 4. Sensitivity Analysis of Bandwidth for Year 2019 & 2020 

variables 2019-14 days (Double the Bandwidth) 2019-21 days (Triple the Bandwidth) 

AQI AQI AQI AQI AQI AQI 

Year 2019 -0.003  

(0.017) 

0.059** 

(0.025) 

0.136*** 

(0.034) 

-0.072*** 

(0.012) 

0.042** 

(0.021) 

0.133*** 

(0.027) 

control variables Yes Yes Yes Yes Yes Yes 

time fixed effects Yes Yes Yes Yes Yes Yes 

city fixed effects Yes Yes Yes Yes Yes Yes 

time trend linear quadratic cubic linear quadratic cubic 

observations 2146 2146 2146 3182 3182 3182 

𝑅2 0.325 0.342 0.362 0.288 0.317 0.326 

variables 2020-14 days (Double the Bandwidth) 2020-21 days (Triple the Bandwidth) 

AQI AQI AQI AQI AQI AQI 

Year 2020 -0.270***  

(0.020) 

-0.180*** 

(0.026) 

-0.070** 

(0.030) 

-0.051*** 

(0.012) 

-0.050** 

(0.027) 

-0.040** 

(0.021) 

control variables Yes Yes Yes Yes Yes Yes 

time fixed effects Yes Yes Yes Yes Yes Yes 

city fixed effects Yes Yes Yes Yes Yes Yes 

time trend linear quadratic cubic linear quadratic cubic 

observations 2146 2146 2146 3182 3182 3182 

𝑅2 0.158 0.159 0.180 0.258 0.264 0.273 
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3.  Regression Results of Different Pollutants 

The AQI index is a comprehensive calculation of six different pollutants, including 

PM10, PM2.5, SO2, NO2, CO, and O3. Given the definition of AQI, its value can only reflect 

the concentration of the primary pollutant that day. Although most cities in China have used 

PM2.5 as the primary pollutant for most periods in recent years, O3 or NO2 has also appeared in 

some cities depending on the degree of development. It may be the primary pollutant of the day, 

and the pollution sources revealed by different pollutants may also be different. For example, 

compared with SO2, NO2 contains more descriptions of traffic pollution. Therefore, in addition 

to AQI, this article also examines the impact of epidemic control policies on different pollutants. 

The method is the same as the previous one. The corresponding regression results are presented 

in Table 5.  

When the time trend polynomial is a linear term, the policy effect in 2019 has a 

significantly positive impact on all six pollutants, while the 2020 epidemic prevention and 

control policy has a significantly negative impact on four out of six pollutants. This result shows 

that under the epidemic prevention and control policy, the concentration of most types of air 

pollutants has decreased. 

It is worth noting that the degree of decline of different types of pollutants is quite 

different, which also reveals that different sources of pollutants are differently affected by the 

primary response policy. For example, the decrease of NO2 reaches 14.6%, while the decrease of 

SO2 concentration is smaller and not significant, only 1.9%. NO2 mainly comes from fossil 

energy combustion and automobile exhaust emissions during the production process, and SO2 

mainly comes from fossil energy combustion, thus indicating that pollutant sources' scale or 

proportion characteristics may significantly affect the size of the environmental effects of 
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policies. Furthermore, given the fact that there are huge differences in the industrial structure and 

transportation infrastructure conditions of various regions, it can also be expected that different 

cities will have differences in environmental performance under the first-level response policies 

based on their differences in characteristics. 

Table 5. Regression Results of different pollutants for Year 2019 & 2020 

variables PM2.5 PM10 SO2 NO2 CO O3 

Y2019 0.073** 

(0.030) 

0.089*** 

(0.030) 

0.043*** 

(0.014) 

-0.124*** 

(0.015) 

-0.055*** 

(0.014) 

0.042*** 

(0.016) 

control 

variables 

yes yes yes yes yes Yes 

time fixed 

effects 

yes yes yes yes yes Yes 

city fixed 

effects 

yes yes yes yes yes Yes 

time trend linear linear linear linear linear linear 

observations 1110 1110 1110 1110 1110 1110 

𝑅2 0.418 0.473 0.300 0.622 0.283 0.168 

Y2020 -0.164*** 

(0.041) 

-0.154*** 

(0.036) 

-0.019 

(0.019) 

-0.146*** 

(0.019) 

-0.059*** 

(0.021) 

0.030** 

(0.014) 

control 

variables 

yes yes yes yes yes Yes 

time fixed 

effects 

yes yes yes yes yes Yes 

city fixed 

effects 

yes yes yes yes yes Yes 

time trend linear linear linear linear linear linear 

observations 1110 1110 1110 1110 1110 1110 
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𝑅2 0.327 0.362 0.162 0.701 0.200 0.478 

 

4.  Placebo Test 

Benchmark regression verifies that the first-level response policy reduced air pollution, 

but other unobservable variables may also affect air pollution. Therefore, it is also necessary to 

examine the impact of different policies on air pollution when they occur. On January 20, 2020, 

the National Health Commission announced the inclusion of Covid-19 as a Class B infectious 

disease and the adoption of Class A management measures (Class B and A management). Next, I 

use January 20 as the breakpoint to study the impact of Covid-19 on air quality after the novel 

coronavirus is included in the Class B Class A management, which is used as a placebo test. 

Table 6 shows the regression results. The regression results in Table 6 show that when the time 

trend items are linear, quadratic, and cubic terms with control variables, the air quality of cities 

across the country has not changed significantly after announcing the inclusion of Covid-19 in 

Category B and A Management. The regression results passed the placebo test. 

Table 6. The Impact of Class B and A Management Policies on Air Quality 

variables AQI AQI AQI AQI AQI AQI 

Class B and A 

Management 

0.116*** 

(0.039) 

0.048  

(0.032) 

0.069** 

(0.031) 

0.0008 

(0.028) 

-0.029* 

(0.034) 

0.086  

(0.063) 

control 

variables 

No Yes No Yes No Yes 

time fixed 

effects 

yes yes yes yes yes Yes 

city fixed 

effects 

yes yes yes yes yes Yes 

time trend linear linear quadratic quadratic cubic cubic 
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observations 1110 1110 1110 1110 1110 1110 

𝑅2 0.110 0.342 0.114 0.345 0.108 0.337 

 

5.  Non-parametric Test 

The use of parametric estimation faces the problems of bandwidth selection and fitting 

polynomial function setting, and missing variables. The use of non-parametric models can relax 

these restrictions.  Cattaneo et al. (2019) use a non-parametric model for robustness test and their 

model is adopted here. Table 7 shows the regression results. The results show that no matter 

which kernel function is used and whether weather control variables are added, the impact of the 

first-level response policy on air pollution is always significantly negative. 

Table 7. Results of Non-parametric Regression 

variables AQI AQI AQI AQI AQI AQI 

YQ2020 -0.110** 

(0.043) 

-0.070** 

(0.031) 

-0.090** 

(0.043) 

-0.056* 

(0.030) 

-0.087** 

(0.043) 

-0.057* 

(0.030) 

control variables no yes  no yes no yes 

kernel Uni Uni Epa Epa Tri Tri 

optimal bandwidth 20.062 17.129 38.085 23.590 38.134 32.466 

(Note: The control variables include average temperature, average wind speed, precipitation; Uni represents 

Uniform kernel function, Epa represents Epanechnikov kernel function, Tri represents Triangular kernel function.) 

 

6. Validity Test of Model Setting 

In the descriptive statistics in Table 2, the average wind speed and precipitation are not 

continuous before and after the breakpoint, which may affect the validity of the model settings. 

According to Qin and Chen (2020), the model's validity can be verified by gradually adding 

weather variables. The regression results are shown in Table 8. The results show that no matter 
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how the choice of weather variables is changed, the first-level response policy has a significant 

negative impact on air pollution. The coefficient size does not appear to fluctuate wildly, which 

shows that the model set in this paper is effective. 

Table 8. Validity Test of Model Setting 

variables AQI AQI AQI AQI AQI AQI 

Y2020 -0.127*** 

(0.036) 

-0.150*** 

(0.034) 

-0.179*** 

(0.038) 

-0.104*** 

(0.032) 

-0.123*** 

(0.035) 

-0.150*** 

(0.034) 

precipitation -0.012*** 

(0.001) 

  -0.011*** 

(0.001) 

-0.012*** 

(0.001) 

 

windspeed  -0.077*** 

(0.007) 

 -0.069*** 

(0.007) 

 -0.077*** 

(0.007) 

temperature   0.005 (0.005)  0.005 (0.004) 0.0003 

(0.004) 

weekend 0.048*** 

(0.012) 

0.029** 

(0.011) 

0.026** 

(0.011) 

0.050*** 

(0.011) 

0.051*** 

(0.012) 

0.029** 

(0.011) 

constant 1.912*** 

(0.018) 

2.063*** 

(0.024) 

1.854*** 

(0.031) 

2.069*** 

(0.023) 

1.879*** 

(0.027) 

2.061*** 

(0.028) 

time fixed 

effects 

yes yes yes yes yes Yes 

city fixed 

effects 

yes yes yes yes yes Yes 

time trend linear linear linear linear linear linear 

observations 1110 1110 1110 1110 1110 1110 

𝑅2 0.181 0.196 0.065 0.286 0.183 0.196 
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V. Analysis of Heterogeneity 

 
1. Benchmark Regression Results 

Since the biggest feature of this epidemic is highly contagious, the control policy is also 

mainly aimed at the control of crowd movement and gathering. From the perspective of the 

possibility and necessity of crowd movement, the traffic and road facilities in the area can 

provide the conditions for crowd movement. At the same time, in general, cities with higher road 

density and less green covered area tend to be more closely connected with the outside world, 

and the flow of people between regions is also higher; On the other hand, a large part of the 

population flow comes from commuting to work and going out for shopping. Therefore, the first-

level response policy has a greater impact on some labor-intensive or centralized office 

industries. In addition, to ensure normal production and life needs, some industries, iron and 

steel, electric power, etc., have not experienced large-scale shutdowns. At the same time, they 

require fewer crowds in the production process, so they are less affected by the first-level 

response policy. However, due to differences in resource endowments and technological 

accumulation between cities, their industrial structure is highly heterogeneous. For example, in 

Hebei Province in 2018, the profit income of the steel industry accounted for 40% of its entire 

industry. Due to the different proportions of process-based production industries in different 

cities, differences in the impact of epidemic control on air quality need to be further verified. 

Since the classic regression discontinuity model can only solve the local average 

treatment effect of the sample population, this paper refers to Becker et al. (2013) and sets 

the econometric model as follows: 

𝐴𝑄𝐼𝑖,𝑡 = 𝛽0 + 𝛽1𝑌𝑄𝑖,𝑡 + 𝛽2𝑍�̃� + 𝛽3𝑌𝑄𝑖,𝑡𝑍�̃� + 𝛽4𝑓(𝑥) + 𝛽5𝑌𝑄𝑖,𝑡𝑓(𝑥) + 𝛾𝑋𝑖,𝑡 + 𝜆𝑖 + 𝜇𝑡 +

𝜀𝑖,𝑡                                                                                                                                                                                (2)                                                                                                                                                     
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where 𝑍�̃� = 𝑍𝑖 − 𝑍𝑚𝑒𝑎𝑛, is the difference between the city characteristic index 𝑍𝑖 and the 

overall mean 𝑍𝑚𝑒𝑎𝑛, and the meaning of the remaining variables is consistent with formula (1). 

𝛽3 reflects the impact of the first-level response policy on air pollution in cities with different 

characteristics. This section first uses green covered area and the output value of the secondary 

industry to study the impact of urban residents' travel and industrial production heterogeneity on 

policy effects. Second, use industrial smoke and dust emissions as a proxy variable for the output 

value of industries that are less affected by the epidemic, such as iron and steel, nonferrous 

metals, oil refining, chemical, and electric power in various cities. According to the 2015 China 

Environmental Statistics Annual Report, industrial smoke and dust emissions sulfur dioxide 

emissions of these industries accounted for more than 80% of the national total. Therefore, I 

believe that the higher the industrial smoke and dust emissions in a region, the higher the output 

value of the urban process production industry.  

See Table 9 for regression results of green covered area and output value heterogeneity of 

the secondary industry. Among them, YQ2020 is the impact of the first-level response policy, 

while YQ2020×GCA represents the interaction item between the green covered area and the 

first-level response policy, and YQ2020×IND represents the interaction item between the urban 

secondary industry output value and the first-level response policy. From the regression results 

of models (1)-(3) in Table 9, the interaction coefficients of AQI, PM2.5, and PM10 are all 

positive but not significant, indicating that the difference in the value of the green covered area 

between these 74 cities is not significant and does not affect changes in air pollution. In cities 

with higher green covered area, the reduction in traffic flow caused by the reduction of people 

going out under the first-level response policy will be smaller, so the air pollution decline will be 

smaller, which is in line with expectations. As for the output value of the secondary industry in 
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cities (models (4)-(6) in Table 9), the interaction coefficients of AQI, PM2.5, and PM10 are all 

negative but not significant, indicating that the difference in the output value of the secondary 

industry between these 74 cities is not significant and does not affect changes in air pollution. 

Table 9. Regression Results of Green Covered Area and Urban Secondary Industry Output 

variables (1) 

AQI 

(2) 

PM2.5 

(3) 

PM10 

(4) 

AQI 

(5) 

PM2.5 

(6) 

PM10 

YQ2020 -0.103*** 

(0.032) 

-0.163*** 

(0.042) 

-0.154*** 

(0.036) 

-0.106*** 

(0.031) 

-0.166*** 

(0.041) 

-0.156*** 

(0.036) 

YQ2020xGCA 0.135  

(0.182) 

0.253  

(0.259) 

0.069  

(0.213) 

   

YQ2020xIND    -0.020 

(0.013) 

-0.014 

(0.017) 

-0.011 

(0.015) 

constant 2.060*** 

(0.026) 

1.995*** 

(0.035) 

2.012*** 

(0.032) 

2.063*** 

(0.026) 

2.000*** 

(0.035) 

2.015*** 

(0.032) 

control 

variables 

Yes Yes Yes Yes Yes Yes 

time fixed 

effects 

Yes Yes Yes Yes Yes Yes 

city fixed 

effects 

Yes Yes Yes Yes Yes Yes 

observations 1110 1110 1110 1110 1110 1110 

𝑅2 0.287 0.329 0.362 0.289 0.329 0.363 

 

Based on the above regression, this paper further examines the impact of the structural 

heterogeneity of the process-based production industry. The regression results are shown in 

Table 10. The results show that regardless of the use of urban industrial soot (dust) emissions, 
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industrial sulfur dioxide emissions, and industrial nitrogen oxide emissions, the first-level 

response policy coefficient is significantly negative, and the coefficient of the interaction term 

between the policy and the city characteristics is significantly positive, which shows that with the 

increase of urban process production industries, the effect of air quality improvement due to 

epidemic control will be significantly worse. Based on the above results, it can be considered 

that because the production of process-type production enterprises is related to the production 

and life of the people, they are less impacted by the epidemic and still maintain most of the 

output. Therefore, the air pollution changes in cities with more dense enterprises of these types 

of enterprises are small, which verifies Hypothesis 2. 

Table 10. Regression results of Heterogeneity of Urban Industrial Soot (Dust) Emissions, Industrial Sulfur Dioxide Emissions, and 

Industrial Nitrogen Oxide Emissions 

 (1) 

AQI 

(2) 

PM2.5 

(3) 

PM10 

(4) 

AQI 

(5) 

PM2.5 

(6) 

PM10 

(7) 

AQI 

(8) 

PM2.5 

(9) 

PM10 

YQ2020 -0.104*** 

(0.031) 

-0.164*** 

(0.041) 

-0.155*** 

(0.037) 

-0.104*** 

(0.031) 

-0.163*** 

(0.041) 

-0.154*** 

(0.036) 

-0.104*** 

(0.031) 

-0.165*** 

(0.041) 

-0.155*** 

(0.036) 

YQ2020

x SDE 

0.023*** 

(0.007) 

0.058*** 

(0.010) 

0.055*** 

(0.009) 

      

YQ2020

x CSO2 

   0.044*** 

(0.011) 

0.046*** 

(0.014) 

0.041*** 

(0.012) 

   

YQ2020

xNO 

      0.005 

(0.012) 

0.045** 

(0.019) 

0.032* 

(0.017) 

constant 2.061*** 

(0.027) 

1.997*** 

(0.035) 

2.013*** 

(0.033) 

2.061*** 

(0.027) 

1.996*** 

(0.035) 

2.012*** 

(0.032) 

2.062*** 

(0.027) 

1.999*** 

(0.035) 

2.014*** 

(0.033) 

control 

variables 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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time 

fixed 

effects 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 

city fixed 

effects 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 

observati

ons 

1110 1110 1110 1110 1110 1110 1110 1110 1110 

𝑅2 0.286 0.328 0.362 0.286 0.327 0.362 0.286 0.328 0.362 

(Note: The control variables include average temperature, average wind speed, and precipitation; time fixed effects 

include weekend and weekly fixed effects; the time trend term is first order.) 

 

IV. Conclusion 

 
The invasion of the Covid-19 epidemic has caused a non-negligible impact on people’s 

everyday lives. The Chinese government has made many efforts to prevent the spread of the 

epidemic. However, the epidemic has also brought unexpected “welfare” to the country’s air 

quality since it has been improved to a certain extent. 

Using regression discontinuity, this paper studies the changes in air pollution in Chinese 

cities after the first-level response measures to public health incidents. This paper found that 

during the 2020 epidemic, the average air quality in cities across China has significantly 

improved, with AQI and PM2.5 falling by 10% and 16%, respectively, and other air pollutants 

have also declined to a certain extent. Through a series of robustness tests such as bandwidth 

change, placebo test, non-parametric test, and model validity test at the point of time when the 

policy is changed, this paper finds that the above research conclusions are still valid. 

Although this policy is not a choice under an abnormal economy, it exposes the 

interaction between urban economic characteristics and environmental regulation more 
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exogenous. The above characteristics can emerge based on removing complex factors, which is 

difficult to achieve under normal economic operation. It is beneficial to the subsequent targeted 

formulation and implementation of policies. 

Through further analysis of urban heterogeneity, this paper found that for cities with low 

industrial dust emissions and industrial sulfur dioxide emissions, the air quality improvement 

brought about by the first-level response measures will be significantly higher than cities with 

high industrial smoke and dust emissions and industrial sulfur dioxide emissions. This may be 

because cities with industrial dust emissions and industrial sulfur dioxide emissions have a 

higher proportion of enterprises in process production industries such as steel, nonferrous metals, 

and electric power, and these enterprises are less affected by epidemic prevention and control, 

making these cities’ improvement in air quality is even lower. The difference in the output value 

of the secondary industry and the green covered area between cities does not affect air pollution 

changes. 

On the other hand, it is worth noting that short-term effects dominate the impact of 

epidemic control on air pollution. In 2020, the national average intra-city travel intensity 

exceeded the level of the same period in the lunar calendar in 2019 at the end of March. It was 

the same as the intensity before the first-level response at the beginning of May (see Figure 1). 

As residents’ travel returns to normal and the resumption of work and production progresses 

smoothly, air pollution will rise to the original level, and unexpected “welfare” disappears. The 

report of the 19th National Congress of the Communist Party of China pointed out that 

“persisting in green development is a long-term, complex, and arduous historical task.” 

Regarding environmental governance, long-term unremitting persistence and efforts are needed 
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to find scientific methods that can truly reduce pollution to ensure sustainable development in the 

future. 

At the same time, with the help of this quasi-natural experiment, it can help us clarify the 

relationship between human production and operation activities and air pollution and provide 

richer information for future environmental policy design. The first-level response policy, as a 

temporary policy implemented in the state of emergency, is compatible with long-term pollution 

control in that some measures are consistent with conventional emission reduction measures, 

such as restricting the flow of vehicles and complying with the actual traffic restrictions; On the 

other hand, work stoppages and production shutdowns can also correspond to scale emission 

reductions under strict regulations. The intensity of the first-level response is greatly different 

from conventional policies, but the channels for its effect are the same from air quality 

improvement. For cities with high traffic density, implementing current limiting policies has a 

better emission reduction effect. However, high-intensity restrictions will incur great economic 

costs. At the same time, even in the face of the Covid-19 epidemic, a major public safety and 

health incident, the travel mode will not change substantially in the short term. In this sense, it is 

wiser to improve air quality by promoting public transportation, new energy vehicles, etc., and 

reducing traffic emission sources. 
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