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Abstract: The main purposes of government environmental policy include improving the objective
natural environment as well as reducing the health risk of the public. A majority of studies have
tested the means of achieving the first goal. In this paper, we aimed to gather empirical evidence
pertaining to the realization of the second goal by drawing on a quasi-natural experiment that was
conducted based on the “Action Plan on Air Pollution Prevention and Control” issued in 2013
(AP2013). The research data came from the tracking data of 17,766 individuals from 112 prefecture-
level cities of China in 2012 and 2014. Through ordinal logistic regression and DID analysis, a causal
relationship between the AP2013 policy and public health risk perceptions was verified, indicating
that this policy can significantly decrease public health risk perceptions. By constructing different
subsamples, an inverted U-shaped relationship between the causal effect and the length of the policy
implementation window was established, which demonstrated the short-term signal effect and
long-term implementation effect of this policy. The conclusions can help with the communication
and implementation of a government’s policy.

Keywords: air pollution control; public health risk perception; signal effect; implementation effect

1. Introduction

One of the main objectives of government policymaking is regulating public expec-
tations and behaviors [1]. Government policy can be regarded as a gradual process from
formulation to promulgation, integrating experience and knowledge, current problems,
and social and public expectations [2], aiming to solve the problems facing or to be faced
by the public. China’s rapid development of the economy has resulted in a large range of
factors contributing to environmental pollution in many cities, which has seriously affected
the health and happiness of the public.

To solve this problem, a number of environmental policies have been issued by China’s
State Council and local governments. On September 10, 2013, to address the regional
atmospheric environmental problems characterized by inhalable particulate matter (PM10)
and fine particulate matter (PM2.5), China’s State Council promulgated the “Action Plan on
Air Pollution Prevention and Control” (AP2013) and issued ten measures for the prevention
and control of air pollution. Since then, local governments have successively issued
local air pollution prevention and control policies. Thus, AP2013, the landmark policy of
environmental governance in China, has been implemented in many regions, providing
us with a good opportunity and an excellent research window to study the impact of
environmental policies on public health risk perceptions.
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The main actions of AP2013 are to strengthen the comprehensive treatment of pol-
lution and reduce the emissions of multiple specified pollutants; optimize the industrial
structure, while promoting industrial transformation and upgrading industry; accelerate
the adjustment of China’s energy structure and increase the supply of clean energy; clar-
ify the responsibilities of the government, enterprises, and society to mobilize the whole
population to participate in environmental protection. The specific target was to reduce
the concentration of inhalable particulate matter in cities at and above the prefecture level
by more than 10 percent by 2017, with the number of fine days increasing year by year.
In particular, the concentration of fine particulate matter in the Beijing–Tianjin–Hebei re-
gion, Yangtze River Delta, and Pearl River Delta were to decrease by about 25%, 20%, and
15%, respectively.

Several studies have attempted to demonstrate the effects of AP2013 on China’s society
and economy, as it is known as the most stringent action plan for air pollution control
ever in China. M. Li et al. (2020) found that this policy had a significant negative impact
on the total factor productivity of regulated enterprises in A-share listed companies, and
the stock performance of polluting industries was significantly lower than that of other
industries [3]. The implementation of the policy greatly improved air quality and public
health, a fact which has been empirically verified by many researchers. From 2013 to
2017, the implementation of AP2013 significantly reduced the air pollution in cities across
the country and eliminated more than 50% of the winter pollution problems caused by
heating in northern China [4]. By 2017, the PM10 concentration in 338 cities had decreased
by 22.7% on average compared with 2013, and the PM2.5 concentration in 74 key cities
decreased by 34.3% overall [5]. The monthly average emissions of PM2.5, PM10, sulfur
dioxide, nitrogen dioxide, carbon monoxide, and other pollutants in the Beijing–Tianjin–
Hebei region, Yangtze River Delta, Pearl River Delta, and other regions were significantly
reduced [6–9]. According to research on Beijing, from 2013 to 2017, the emissions of the
pollutants PM2.5, PM10, nitrogen dioxide, and sulfur dioxide decreased by 34%, 24%, 17%,
and 68%, respectively [10,11]. The benefits coming from reducing losses to human health,
agriculture, building materials, and cleaning in Beijing increased from CNY −1.928 billion
in 2013 to CNY 22.33 billion in 2017 [12]. According to an estimate of Peking University,
the improvement of air quality brought about by the implementation of AP2013 reduced
the death toll in 74 Chinese cities by 47,240 in 2017 compared with 2013 [13].

However, as a policy that aims to improve the living environment of the whole society,
few studies have paid attention to its impact on public health awareness. This paper seeks to
remedy this issue. Previous research has found that there are many factors affecting public
health risk perceptions. Epidemiological data analysis shows that education level, income,
age [14,15], working environment [16], recreational and sports activities [17], gender, foreign
language proficiency [18,19], nutrient level [20], smoking habits, and objective physical
health conditions, such as cardiovascular diseases [21], are all related to health awareness.
The pollution of the surrounding environment has also been proven to be an important
factor that has a serious impact on the public’s perception of their health. The public’s
perception of their health is deteriorated by exposure to organochlorine pollutants and
dioxins in the working environment [22]; pests, molds, and poor ventilation found in
the family living environment [23]; the use of fire in a home stove [24]; and particulate
pollutants in the air [25]. Air pollution with an excessive PM2.5 concentration harms public
mental health [26].

The promulgation of the government’s environmental policy may affect public health
risk perceptions through two channels: the signal released by the policy and the actual
effect produced by the policy. These, respectively, are called the policy signal effect and
policy implementation effect in this paper. The signal effect means that the government
sends signals to the market and the public through intervention to achieve a certain goal.
The fundamental concern of the signal effect is to reduce information asymmetry between
the government and the public. The policy signal effect is reflected in the environmental
governance policy issued by the government, which transmits to the public the signal that
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the government is about to strictly control air pollution, making the public increase their
expectations of environmental improvement and health improvement, which is expected
to reduce the public’s perception of health risks. The policy implementation effect is
reflected when the environmental policy issued by the government effectively changes
the environmental situation, and the public feels the improvement of the environment,
thus lessening the public’s perception of health risks. Since Spence (2002) put forward
the signal effect theory [27], the signal effect has been studied in many fields, such as
corporate governance [28], innovation and entrepreneurship [29], venture capital [30], and
human resource management [31]. However, there is no relevant research in the field of
environmental policy. In this paper, we study the policy signal effect of AP2013 on public
health risk perceptions and its differences from the implementation effect of that policy.

The main innovations of our study are as follows. A quasi-natural experiment is
constructed based on AP2013 to study the causal relationship between government en-
vironmental policies and public health risk perceptions. From the perspectives of the
policy signal effect and policy implementation effect, this paper analyzes the inverted
U-shaped relationship between the length of the policy implementation time window and
public health risk perception. Based on two-period tracking data and combined with the
Difference-in-Differences (DID) method, the research conclusion is accurate and robust.

The paper is organized as follows. Section 2 describes the methodological framework.
Section 3 presents the empirical results of several versions of the function. Section 4 concludes
the paper.

2. Methodological Framework
2.1. Data and Sample

In this research, 112 prefecture-level cities in 29 provinces and autonomous regions
in China in 2012 and 2014 are selected as research samples. We use the China Labor-force
Dynamics Survey (CLDS), which is a large-scale continuous nationwide research project
planned by Sun Yat-sen University and implemented by the Social Science Survey Center
of Sun Yat-sen University. The purpose of the research project is to systematically collect
information about China’s labor force through regular tracking, summarize the long-term
trends of social changes, discuss issues of major theoretical and practical significance,
and provide information for government decision making and international comparative
research. CLDS provides three levels of sample surveys about the labor force: the individual
level, family level, and village level. Detailed questions are set in the questionnaire for
each level. This paper mainly uses the survey results from the individual level and family
level. At the level of the individual laborer, questionnaires are set to glean the aspects
of basic information, educational experience, occupational status, nonagricultural work
history, job status and participation process, social participation and support, labor status,
reproductive history, and health status. At the family level, questionnaires are used to
gather aspects of basic information, daily life, housing conditions, family economy, floating
population family, agricultural production, family history, and the occupations of family
members. When using CLDS data, this paper mainly uses the panel data for 2012 and 2014
and obtains individual and family tracking data of the same labor force in 2012 and 2014
by tracking individual identification numbers.

The urban control variables used in this paper are from the China City Statistical
Yearbook. China’s National Bureau of Statistics conducts a survey every year to assess
urban development, and the China City Statistical Yearbook contains detailed statistical
data on the social and economic development of 658 Chinese cities, including administra-
tive divisions, population, labor force, comprehensive economy, industry, transportation,
post and telecommunications, education, etc., comprehensively reflecting the social and
economic development of Chinese cities.

In response to air pollution, China’s State Council and local governments at all levels
have promulgated various policies to control air pollution. On 27 September 2012, China’s
State Council approved the “12th Five-year Plan for Air Pollution Prevention and Control



Int. J. Environ. Res. Public Health 2022, 19, 3040 4 of 15

in Key Areas” (referred to herein as the Plan). The Plan delimited 13 key areas for air
pollution prevention and control, including the Beijing–Tianjin–Hebei, Yangtze River Delta,
Pearl River Delta, Jiangsu urban agglomeration, and Shandong urban agglomeration areas,
setting governance and improvement objectives for problems of high concern, such as
PM2.5 and haze weather. Many aspects of the Plan are the same as AP2013, such as
optimizing the energy structure and the control of coal use, improving the way coal is used
and promoting the clean use of coal, strengthening the control of industrial smoke and
dust, and vigorously reducing the emissions of particulate matter. The key measures to
control air pollution in the Plan are also the key policies of AP2013. Therefore, referring
to the research of Li Haoran (2018), this paper regards the release time of the Plan as the
release time of AP2013 [4].

We determined the specific implementation time of AP2013 (the Plan) in 112 cities; the
implementation times in some cities are shown in Table 1 as examples. The implementation
time of AP2013 varies from October 2012 to October 2014 in different cities. In this paper,
the dummy variables for AP2013 are generated according to the time interval of the
implementation time of AP2013 in each city and questionnaire survey.

Table 1. Implementation time of AP2013 in some cities.

City Name Time City Name Time City Name Time

Beijing Sep. 2013 Xuzhou Jun. 2014 Luoyang Jan. 2014
Tianjin Sep. 2013 Yangzhou May 2014 Pingdingshan Sep. 2014

Baoding Sep. 2013 Hangzhou May 2014 Shangqiu Jun. 2014
Xingtai Nov. 2013 Jiaxing Apr. 2014 Xinyang May 2014

Langfang Sep. 2013 Ningbo Jun. 2014 Xuchang Dec. 2014
Tangshan Oct. 2013 Taizhou May 2014 Zhengzhou May 2014

Zhangjiakou Oct. 2013 Wenzhou Apr. 2014 Wuhan Feb. 2014
Taiyuan Oct. 2013 Hefei May 2014 Jinmen Oct. 2014
Linfen Oct. 2013 Huainan Mar. 2014 Jingzhou Nov. 2014

Jincheng Nov. 2013 Liuan Mar. 2014 Xianning Feb. 2014
Ulanqab Nov. 2013 Xuancheng Feb. 2014 Huanggang Feb. 2014
Jinzhou Jun. 2013 Bouzhou Mar. 2014 Changsha Mar. 2014

In the final dataset, 17,766 individual tracking data are obtained from 29 provinces
(including autonomous regions), 112 prefecture-level cities, and 11,090 families in mainland
China. The dataset omits information for Hong Kong, Macao, Taiwan, Tibet, and Hainan
due to a lack of CLDS data.

2.2. Methodology

From 2012 to 2014, public health risk perceptions changed because of many factors.
In this paper, we study the effect of policy treatment, that is, the change in public health
risk perceptions caused by the implementation of AP2013. This study uses the phased
implementation characteristics of AP2013 in various cities, takes this exogenous event
as a quasi-natural experiment, and clarifies the causal relationship between the AP2013
environmental policy and public health risk perceptions. The basic idea is this: on the one
hand, the health risk perception of the same individual changed from 2012 to 2014; on
the other hand, at the same time, differences appear in health risk perceptions between
individuals in cities with and without the implementation of AP2013, and the Difference-
in-Differences method (DID) can effectively identify the effect of policy treatment. By
constructing the experimental group and the control group, the DID model compares the
difference between the average change of the experimental group from 2012 to 2014 and
the average change of the control group to test the treatment effect of the policy. As an
exogenous event, AP2013 provides a quasi-experimental opportunity to use DID to solve
the endogeneity problem. The experimental group of this study is the public of cities that
implemented the AP2013 policy one month before the 2014 questionnaire survey, and the
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control group is the public of cities that did not implement the AP2013 policy before the
2014 questionnaire survey.

This study uses various control variables and individual fixed effects to control the
differences among different individuals. Since the dependent variable to be explained is a
categorical variable taking a value from 1 to 5 (see Section 2.3.1), we use ordinal logistic
DID regression to test the impact of the implementation of AP2013 on public health risk
perceptions. The baseline DID model is as follows:

PHRPict = α + θTimet ∗ Airtenict + γTimet + βAirtenict + δXict + µi + εit (1)

where the dependent variable, PHRPit, is the public health risk perception of individual
i in city c at year t. Timet is the time dummy variable. Airtenict is the dummy variable
of AP2013, which refers to whether the city c that individual i is in has implemented
the AP2013. Timet ∗ Airtenict is the cross term of the time dummy variable and AP2013
dummy variable, which is the core explanatory variable of concern in this study. Finally,
Xict represents the control variables, and µi is the individual fixed effect.

2.3. Variables
2.3.1. Dependent Variable: Public Health Risk Perceptions

This study measures Public Health Risk Perceptions (PHRP) at the individual level of
the labor force, with data from the China Labor-Force Dynamics Survey (CLDS). The health
risk perception data for this study comes from the following item in the questionnaire:
“What do you think of your current health?” The options are: 1. Very healthy, 2. Healthy,
3. Average, 4. Unhealthy, 5. Very unhealthy.

According to the setting of the questionnaire, the higher the score, the stronger the
health risk perception of the individual laborer.

2.3.2. Independent Variables

This study uses dummy variables for AP2013. In this study, the time difference
between AP2013 and CLDS is used as the basis for the division of the experimental group
and control group. The implementation time of CLDS is from June to August 2012 and
from June to August 2014. The survey time of each labor force can be specific to a certain
month. If the implementation time of AP2013 is one month before the CLDS in the city
where a labor force is located, that is, if the time window is more than one month, then the
city is considered to have implemented AP2013 and is classified as the experimental group
and the Airten variable set as 1; otherwise, it is classified as the control group, with the
Airten variable as 0.

Dummy variables are also used for time variable. CLDS was conducted in 2012 and
2014. Because China’s society has changed rapidly, the public’s health risk perceptions also
change significantly with time, so a time variable is used in this analysis. If the sample is
from 2012, Time is taken as 0; otherwise, it is 1.

2.3.3. Control Variables

The control variables are implemented at the microscopic level. Studies have shown
that people of different ages have a large difference in their perception of health risk [15],
and that economic conditions have a significant impact on public health perceptions [14],
and better and more convenient medical conditions [32] have improved the level of health
services and their own health. Therefore, this study used individual age, annual household
income, and distance from the home to the nearest health point to control for age, economic,
and health factors at the microscopic level.

Control variables are also present at the city level. Regional industrial development
level and regional pollution [22,33] also have a certain correlation with public health
risk perceptions. Therefore, this paper adds the proportion of the output value of the
secondary industries in GDP (i.e., the proportion of industrial output value in GDP) and the
comprehensive utilization rate of urban industrial solid waste as urban control variables.
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2.3.4. Statistical Analysis

According to the descriptive statistical analysis results of full-sample variables in
Table 2, the mean value of PHRP is 2.455, which was intermediate between “Average” and
“Healthy” in the corresponding questionnaire. This level indicates that public health prob-
lems were prevalent from 2012 to 2014, which was consistent with the overall development
of China at the time.

Table 2. Descriptive statistical analysis of variables.

Variables Meaning Number of
Samples Mean Standard

Deviation

PHRP perception of health risk 17,766 2.455 0.99
Time dummy variable for time 17,766 0.500 0.5

Airten dummy variable for AP2013 17,766 0.610 0.48
Age age 17,702 45.69 12.84

AHIncome annual household income (CNY) 16,980 48,474.29 107,388.7

DFNMed distance between the family and
the nearest medical service (km) 17,702 1.422 2.35

IOPGDP proportion of the output value of
the industry in GDP (%) 112 48.83 9.35

CURIndus comprehensive utilization rate of
industrial solid waste (%) 112 81.76 22.72

Note: PHRP: abbreviations of perception of health risk; AHIncome: abbreviations of annual household in-
come (CNY); DFNMed: abbreviations of distance between the family and the nearest medical service (km);
IOPGDP:abbreviations of proportion of the output value of the industry in GDP (%); CURIndus: abbreviations of
comprehensive utilization rate of industrial solid waste (%).

3. Empirical Results
3.1. Results of Ordinal Logistic Regression Analysis

Before the regression analysis, a collinearity test and parallelism test were performed
to ensure that the ordinal logistic DID equation (1) is suitable for this case. The results
of the basic analysis are shown in Table 3. For the PSM matched sample data, when the
control variables are not considered, the partial regression coefficient of Time*Airten is
negative, indicating the trend that the AP2013 has significantly decreased public health risk
perceptions. The results remain significant after controlling for the microscopic and city
control variables, with a coefficient of −0.122, and the odds ratio (OR) is 0.885. At the same
time, comparing the regression analysis results of the PSM matched and unmatched data in
Table 3, we can find that the Time*Airten coefficients of all models in Table 3 are negative.
The analysis results show that the effect of AP2013 on the overall health risk perceptions of
the public is significant.

In addition, the regression results of the control variables are also consistent with our
expectations. From the coefficient of the control variables, we know that with the growth
of age, the health risk perception of an individual generally increases, and the increase in
family income can significantly reduce the public’s health risk perceptions. The farther the
nearest medical service from the family is, the higher the public’s perception of health risk
is. The level of urban industrialization shows the development level of the city. From the
results, the higher the level of urban industrialization and the higher the comprehensive
utilization rate of urban industrial waste, the smaller the public’s health risk perceptions.

Table 3. Results of ordinal logistic regression analysis.

PSM Unmatched PSM Unmatched PSM Unmatched
(1) (2) (3) (4) (5) (6)

Time −0.155 **
(0.045)

−0.202 ***
(0.052)

−0.075
(0.052)

−0.135 **
(0.056)

−0.090 *
(0.054)

−0.154 ***
(0.059)
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Table 3. Cont.

PSM Unmatched PSM Unmatched PSM Unmatched
(1) (2) (3) (4) (5) (6)

Airten −0.156 ***
(0.047)

−0.228 ***
(0.052)

−0126 **
(0.049)

−0.152 **
(0.052)

−0.091 *
(0.054)

−0.068
(0.059)

Time*Airten −0.054
(0.050)

−0.009
(0.057)

−0.102 *
(0.058)

−0.047
(0.062)

−0.122 **
(0.060)

−0.065
(0.064)

Age 0.039 ***
(0.001)

0.038 ***
(0.001)

0.039 ***
(0.001)

0.039 ***
(0.001)

DFNMed 0.038 ***
(0.006)

0.040 ***
(0.007)

0.038 ***
(0.007)

0.040 ***
(0.007)

LnAHIncome −0.366 ***
(0.016)

−0.367 ***
(0.017)

−0.361 ***
(0.017)

−0.360 ***
(0.017)

CURIndus −0.007 ***
(0.001)

−0.007 ***
(0.001)

IOPGDP −0.010 ***
(0.002)

−0.010 ***
(0.002)

Individual FE No No No No Yes Yes
N 15,842 17,766 15,842 17,766 15,842 17,766

Pseudo R2 0.0017 0.0018 0.0507 0.0505 0.0545 0.0543

Note: Standard errors are reported in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively. PSM: Propensity Score Matching.

3.2. The Analysis of the Mechanism of the Policy

For the experimental group for the previous results, we selected the public in cities
where AP2013 had been implemented for at least one month before the questionnaire
survey in 2014. In this section, we select different time window periods, from 1 month to 6
months, to generate other experimental groups, respectively denoted as “window 1” to
“window 6”, to analyze the effects of AP2013 at different times. Our base case of one month
is already performed as window 1. The people in cities that did not implement the AP2013
before the survey continue to be the control group, which together with the experimental
group constitute a subsample.

Taking the 1-month and 6-month time windows as examples, we will explain how
to generate subsamples of the experimental group. Assume that the focal individual was
surveyed in August 2014. If the implementation of AP2013 in the individual’s city is
after August 2014, the individual will be classified as the control group, and the value of
Airten is 0. As shown in Figure 1, if the individual was surveyed in August 2014 and the
individual’s city implemented AP2013 in July 2014, then the individual will be classified
into the experimental group in the 1-month time window subsample, and Airten is taken
as 1. If the implementation time of AP2013 of the city is some other time, the data will
be discarded.
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As shown in the other part of Figure 1, if the individual’s city implemented AP2013 in
February 2014, the individual will be classified into the experimental group of the 6-month
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time window subsample, and Airten is taken as 1; if the implementation time of AP2013 in
that city was another time, these data are discarded.

According to the results in Table 4, in the short term (one month) and long term
(six months) after the promulgation of the environmental policy, the public’s perception
of health risk significantly decreased. The OR of Time*Airten was calculated, and the
results of each time window were plotted, as shown in Figure 2. In a period of time after
the promulgation of AP2013, the public perception of health is an inverted “U” shaped
curve. There is a transition period of two to four months after the promulgation of the
environmental policy in which the public’s perception of health risk increases, although
the coefficient is not significant.

Table 4. Results of different time window ordinal logistic regression analysis.

Time Window
(Months) 1 2 3 4 5 6

Airten −0.031
(0.088) 0.035(0.087) −0.062

(0.101)
−0.049
(0.094)

−0.056
(0.079)

0.013
(0.116)

Time −0.123 *
(0.064)

−0.122 *
(0.064)

0.119 *
(0.064)

−0.098
(0.065)

−0.138 **
(0.063)

−0.162 ***
(0.063)

Time*Airten −0.219 **
(0.099)

−0.024
(0.101)

0.044
(0.112)

0.105
(0.118)

−0.055
(0.092)

−0.282 **
(0.132)

OR of DID coffe. 0.803 1.023 0.957 1.111 0.947 0.754
Control Var. Yes Yes Yes Yes Yes Yes

Individual FE Yes Yes Yes Yes Yes Yes
N 3960 3908 3578 3536 4360 3158

Pseudo R2 0.0536 0.0520 0.0667 0.0621 0.0525 0.0573

Note: Standard errors are reported in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively. Nubers from 1–6 in the table mean the number of months of time window. OR means odds ratio.
Control Var. means control variables. FE means fixed effect. N means the number of the variables. R2 means the
regression square of the model.
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The results for window 6 shows that the Time*Airten coefficient is significantly nega-
tive, with the OR equal to 0.754. This indicates that there is a long-run effect of the policy
(i.e., six months after the promulgation of the AP2013 policy). That is, the significantly
improved air pollution at that time, which has been found in the research of Zhang et al.
(2016) [34], can reduce the public’s health risk perceptions. Compared with the signal effect
conveyed by the policy, the actual improvement of the environment brought by the policy
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has a stronger encouraging effect on the public, which we know from the analysis result
that the policy result effect (0.754) is stronger than the policy signal effect (0.803).

Two to four months after the promulgation of the AP2013 policy, the public’s percep-
tion of health risks ascended. Wei, Zhao, and Liang (2009) put forward three information
diffusion models [35]. We believe that the information diffusion of the policy follows the
decreasing information diffusion model, so it will take some time for AP2013 to come into
effect from promulgation to implementation, and more time still for the impact to be felt. In
this process, the effect of information diffusion gradually diminishes, and the policy signal
effect weakens gradually. At that point, the policy has not brought significant improvement
to the environment yet, causing the public’s health risk perception to improve, reaching a
peak of 1.111 four months later. Then, the actual effect of the policy gradually emerged,
and the public’s health risk perception gradually decreased.

3.3. Heterogeneity Analysis

Due to the externalities of air pollution, it has different effects on different regions and
different groups of society. We explore the heterogeneous impact of the AP2013 policy on
public health risk perceptions from three aspects: region, gender, and age.

Here, we analyze regional differences. The State Council of China divides the central,
western, eastern, and northeastern economic regions according to the level of economic
development, our analysis is based on this division, of which the northeast region is
discarded due to a small amount of data. It can be seen from the results in Table 5 that in the
western, central, and eastern regions of China, the AP2013 has played a role in determining
public health risk perceptions. The policy effect in the eastern region is greater than that
in the central and western regions, and the effect is not significant in the western region,
showing that the public in the western region is relatively less affected by this policy. From
the regression results of the subsample, the short-term policy effect in the central region
was significant (column 5), while the long-term policy effect in the eastern region was better
(column 9). The main reason may be that the central region is more sensitive to policy
signals, and the long-term policy implementation effect in the eastern region is better.

Table 5. Ordinal logistic results of heterogeneity analysis in different regions of China.

Full Sample Subsample of 1-Month Time Window Subsample of 6-Month Time Window

Western Central Eastern Western Central Eastern Western Central Eastern
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Time*Airten 0.193
(0.143)

−0.069
(0.111)

−0.221 **
(0.089)

0.023
(0.221)

−0.109 ***
(0.234)

−0.056
(0.131)

0.182
(0.218)

0.024
(0.031)

−0.584 **
(0.249)

Control Var. Yes Yes Yes Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

N 4398 3484 7114 850 1090 2238 879 1022 1596
Pseudo R2 0.0581 0.0484 0.0443 0.0801 0.0719 0.0410 0.0759 0.0520 0.0573

Note: Standard errors are reported in parentheses. **, and *** indicate significance at the 5%, and 1% levels, respectively.

Here, we analyze the gender differences. From the results in Table 6, it can be seen
that the Time*Airten regression coefficients of both men and women in the whole sample
are negative, indicating that AP2013 has lowered the perception of health risks in men and
women. The significance of the female sample is better than that of men, and the policy
effect coefficient is larger, indicating that the effect of the policy on women is more obvious.
At the same time, from the subsample analysis, the short-term and long-term influence on
women of the policies is significant, while the short-term influence on men of the policies is
more significant and the coefficient is greater than that of women, but the long-term impact
is not significant. From a physiological point of view, women’s lung tissue and trachea
are smaller and more sensitive to the effect of improving air quality, while women’s mood
fluctuates greatly due to changes in hormone levels [36], so it is more significantly affected
by the long-term implementation of policies. From a psychological point of view, men are
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more sensitive to political and national policies [37] and are, therefore, more significantly
influenced by the short-term signaling effects of policies.

Table 6. Ordinal logistic results of heterogeneity analysis of gender.

Full Sample Subsample of 1-Month Time
Window

Subsample of 6-Month Time
Window

Male Female Male Female Male Female
(1) (2) (3) (4) (5) (6)

Time*Airten −0.112
(0.089)

−0.122
(0.082)

−0.318 **
(0.139)

−0.230 *
(0.132)

−0.143
(0.187)

−0.477 ***
(0.184)

Control Var. Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes Yes

N 7498 8808 2094 2432 1714 1974
Pseudo R2 0.0560 0.0578 0.0523 0.0591 0.0593 0.0591

Note: Standard errors are reported in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1%
levels, respectively.

Here, we analyze age differences. Considering the maturity of individual perceptual
ability, this part of the test selected a sample of adults aged over 18 years old, and divided
the samples into middle and young age segments (18–55 years old) and senior age groups
(over 55 years old). Judging from the regression results in Table 7, the AP2013 had a more
significant effect on the health risk perceptions of people over 55 years old, especially in
the subsample of the 6-month time window, where the policy effect coefficient of people
over 55 years old is −0.821, with the OR equal to 0.440. In the long run, the implementation
of AP2013 has significantly and vigorously decreased the health risk perceptions of the
elderly population.

Table 7. Ordinal logistic results of heterogeneity analysis of different ages.

Full Sample Subsample of 1-Month Time
Window

Subsample of 6-Month Time
Window

Age 18–55 Age > 55 Age 18–55 Age > 55 Age 18–55 Age > 55
(1) (2) (3) (4) (5) (6)

Time*Airten −0.079
(0.072)

−0.247 **
(0.113)

−0.268 **
(0.118)

−0.266
(0.172)

−0.142
(0.150)

−0.821 ***
(0.293)

Control Var. Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes Yes

N 11,290 4362 3152 1210 2608 942
Pseudo R2 0.0427 0.0259 0.0435 0.0269 0.0468 0.0265

Note: Standard errors are reported in parentheses. **, and *** indicate significance at the 5%, and 1% levels, respectively.

3.4. Robustness Check

To test the reliability of the conclusions, robustness tests, such as propensity score
matching, removing certain values of control variables, and replacing control variables,
were carried out.

The DID method can partially solve the problem of sample endogeneity, but it cannot
solve the problem caused by sample selection deviation. We use propensity score matching
(PSM) to solve this “selection” problem. Before using the DID model shown above, PSM
is used to match the treatment group with the corresponding control group. The specific
process is as follows. First, we select the relevant urban variables and the control variables
in the model as the covariates. These include the north and south of the city, the total
population at the end of the year, land area, per capita GDP, hazard-free treatment rate
of urban waste, annual family income, and other variables. Next, the propensity score is
calculated using the logit model. The nearest neighbor matching, kernel matching, and
radius matching methods are used to select one-to-one matching samples from the control
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group for each person in the treatment group. We then test the balance of the matched
samples and delete inconsistent data. After completing the above matching process, we
used the model equation for the regression analysis again. The results are shown in
Table 8, showing that the results have not changed substantially, showing the robustness of
our conclusions.

Table 8. Ordinal logistic regression results of different PSM matching methods.

Neighbor Matching Kernel Matching Radius Matching

Time*Airten −0.081 **
(0.038)

−0.122 **
(0.060)

−0.126 **
(0.058)

YesControl Var. Yes Yes Yes
Individual FE Yes Yes Yes

N 15,590 15,842 16,152
Pseudo R2 0.0580 0.0545 0.0556

Note: Standard errors are reported in parentheses ** indicates significance at the 5% level.

In the meantime, a few extreme values in the control variables may greatly impact the
regression results. For example, the median annual household income is CNY 30,000, and
the average is CNY 48,474.29, while some annual household incomes are more than CNY
1,000,000, and the maximum value is CNY 6,000,000. After Winsorizing the variables of the
data, we performed the regression again, finding that the coefficient of the core variable
shown in Table 9, column 1 is still significantly negative, indicating that the research
conclusion of this paper is robust.

Table 9. Ordinal logistic regression results of further robustness test.

Sample Indentation Replace the Control
Variables

Add Other Control
Variables

(1) (2) (3)

Time*Airten −0.122 **
(0.0599)

−0.124 **
(0.060)

−0.126 **
(0.064)

Control Var. Yes Yes Yes
Individual FE Yes Yes Yes

N 16,304 16,294 14,772
Pseudo R2 0.0543 0.0543 0.0572

Note: Standard errors are reported in parentheses. ** indicates significance at the 5% level.

Next, we replaced the control variables in the model equation (in Table 9, column 2),
substituting variables with similar meanings, such as replacing the annual household
income with the urban per capita GDP, the number of doctors per 10,000 people in cities
replacing the distance to the family’s nearest medical point, and the proportion of tertiary
industry output value in GDP replacing the proportion of industrial output value in GDP.
Then, we conducted the regression again, and found that the core variable coefficient
remains significantly negative, showing the reliability of the conclusion. Considering that
the public’s risk perception may also be influenced by factors such as educational experi-
ence, living environment, work status, and unexpected events (such as being assaulted,
cheated, stolen), we conducted a further robustness test after controlling for these factors.
As can be seen from the regression results in Table 9, column 3, the conclusions are robust
and unchanged.

4. Discussion
4.1. Research Contribution

As mentioned above, reducing residents’ health risk perceptions is an effective way
to improve people’s happiness and security. Since 2017, the Chinese government has
proposed to strive to make the fruits of reform and development benefit all the people,
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and continuously enhance the people’s sense of gain, happiness, and security. It shows
that the government’s governance incorporates the subjective perception of the public as
an important goal of governance, but there is a lack of policy evaluation research aimed
at the subjective perception of the public in the current research. We study the effect of
China’s environmental policy from the perspective of public health risk perceptions, which
is a good supplement to the research on the objective improvement due to environmental
governance. Secondly, based on the quasi-natural experiment provided by the implementa-
tion of AP2013, combined with the data of China’s labor force survey database for 2012
and 2014, the research conclusion has a strong causal inference and empirically tests the
causal relationship between environmental policy and health risk perceptions. Finally,
we infer the internal mechanism of how environmental policy affects public health risk
perceptions by analyzing the inverted U-shaped relationship between the length of the
environmental policy implementation window and public health risk perceptions, using
the perspectives of policy signal effect and policy implementation effect. This study shows
that the government’s air pollution control policy can improve the public’s subjective
perception of sense of gain and happiness, and we also put forward policy suggestions
that attach importance to short-term perceptions and long-term perceptions, which has
certain practical significance for China’s governance. In addition, in view of the differences
in the perception of different groups, targeted measures need to be taken in the process
of policy implementation. For example, men are more sensitive to policy signals than
women, and women are more responsive to substantial improvements in the atmosphere.
This requires integrated advocacy and the implementation of environmental policies, with
targeted measures for people of different ages, genders, and regions.

4.2. Deficiencies and Prospects

The survey data of China’s labor force used in this paper may have sample deviation.
Although the survey team adjusted the sampling probability during data collection and
ensured that the sample had the broadest practical coverage, the subjective evaluation of
the labor force on their health status is easily affected by the time and events around the
time of the questionnaire survey. For this reason, there may still be confounding deviations
in the questionnaire results.

In our study, two periods of panel data are used to analyze the impact of government
environmental policies on public health risk perception. The panel data of the two periods
have certain defects in policy evaluation. For example, the two periods of panel data did
not allow us to carry out a parallel trend analysis with the DID analysis. The data used in
this paper cover two periods of tracking, and the PSM method is adopted to balance the
samples of the processing group and the control group, which alleviated this defect to a
certain extent. Although we were able to find the impact of two different effects on public
health risk perception, more comprehensive data may bring further results.

When analyzing the subsamples generated in different time windows, we infer the
role of the policy signal effect and policy implementation effect on health risk perceptions.
From the perspective of signal theory, the signal effect of the policy shows a monotonous
decreasing trend [35], so whether the impact of policy on the public follows the inverted
U-shape law mainly depends on the time when the effect of the policy is generated. For
public policies that require a certain period of time to produce policy effects, we believe
that they all follow the U-shaped law; however, for policies that will have an immediate
effect after implementation, they may not have a U-shaped effect, such as environmental
taxation, carbon emission pricing policy. However, we do not provide strong empirical
analysis support for this inference. The connection and connection mechanism between
policy signal effect and policy implementation effect can be a subject of further research in
the future.
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5. Conclusions

As the most stringent environmental policy to date in China, AP2013 has had a pro-
found and significant impact on the public’s perception of health risks since its promulga-
tion and implementation in 2013. Based on dynamic survey data of China’s labor force in
2012 and 2014 from 29 provinces and autonomous regions, and considering the difference
in AP2013 implementation times in different cities, we obtained two periods of individual
tracking data. Considering AP2013 as an exogeneous policy, we used the ordinal logistic
PSM-DID method to control for variables such as age, economic conditions, medical and
health level, and urban pollution status. We find that the implementation of AP2013 sig-
nificantly decreased the public’s perception of health risks. By constructing subsamples
of different policy implementation time windows, the study further finds an inverted U-
shaped relationship between the implementation time of the government’s environmental
policy and public health risk perceptions.

Our study explains the conclusion from two aspects: the policy signal effect and policy
implementation effect. At the beginning of the implementation of environmental policies,
the public’s expectations rapidly rise due to the signal effect, significantly reducing the
public’s perception of health risks. With diminishing information diffusion, the signal effect
of the government environmental policy decreases gradually, and the public’s health risk
perception begins to grow, reaching the peak in the fourth month after implementation.
Then, the actual effect brought about by the policy implementation begins to appear, the
public’s health risk perception begins to descend, and the descension brought about by the
policy implementation effect is stronger than the change brought by the policy signal effect.

Author Contributions: Conceptualization, F.W. (Fei Wang), Y.F. and J.X.; methodology, F.W. (Fei Wang),
Y.F. and L.L.; software, Y.F.; data curation, F.W. (Fenge Wang) and Y.F.; writing—original draft prepa-
ration, L.L., Y.F. and J.X.; writing—review and editing, Y.F. and J.X.; supervision, L.L.; funding
acquisition, L.L. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the National Natural Science Foundation of China Grant
(#72004213, # 71902178 and # 72174218), 2021 High-level Personnel Project Funding of Jiangsu
Province (JSSCBS20210258 and JSSCBS20210251) and the Fundamental Research Funds for the
Central Universities (B210201045).

Institutional Review Board Statement: Ethical review and approval were waived for this study, due
to reason: CLDS (China Labor-force Dynamics Survey) does not have an ethics review board at the
time of project initiation, so there is no ethical approval and ethics number.

Informed Consent Statement: Written informed consent have been obtained from the patients to
publish this paper.

Data Availability Statement: Data can be downloaded at: https://github.com/fanyy07/allresearchdata.
git (accessed on 16 December 2021).

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Ricco, G.; Callegari, G.; Cimadomo, J. Signals from the Government: Policy Uncertainty and the Transmission of Fiscal Shocks.

J. Monet. Econ. 2016, 82, 107–118. [CrossRef]
2. Durant, R. The Limits of Policy Change: Incrementalism, Worldview, and the Rule of Law By Michael T. Hayes. Washington, DC:

Georgetown University Press, 2001. 204p. $60.00 cloth, $21.95 paper. Am. Polit. Sci. Rev. 2002, 96, 639–640. [CrossRef]
3. Li, M.; Dong, L.; Luan, J.; Wang, P. Do environmental regulations affect investors? Evidence from China’s action plan for air

pollution prevention. J. Clean. Prod. 2020, 244, 118817. [CrossRef]
4. Luo, Z.; Li, H. The Impact of “Atmosphere Ten Articles” Policy on Air Quality in China. China Ind. Econ. 2018, 9, 136–154.

(In Chinese)
5. Ma, G.; Zhou, Y.; Wu, C. Cost-Benefit Assessment of Impacts of China’s National Air Pollution Action Plan in Cheng-Yu Region.

Chin. J. Environ. Manag. 2019, 11, 38–43. (In Chinese)
6. Zhao, H.; Chen, K.; Liu, Z.; Zhang, Y.; Shao, T.; Zhang, H. Coordinated control of PM2.5 and O3 is urgently needed in China after

implementation of the “Air pollution prevention and control action plan”. Chemosphere 2021, 270, 129441. [CrossRef]

https://github.com/fanyy07/allresearchdata.git
https://github.com/fanyy07/allresearchdata.git
http://doi.org/10.1016/j.jmoneco.2016.07.004
http://doi.org/10.1017/S0003055402530367
http://doi.org/10.1016/j.jclepro.2019.118817
http://doi.org/10.1016/j.chemosphere.2020.129441


Int. J. Environ. Res. Public Health 2022, 19, 3040 14 of 15

7. Geng, G.; Xiao, Q.; Zheng, Y.; Tong, D.; Zhang, Y.; Zhang, X.; Zhang, Q.; He, K.; Liu, Y. Impact of China’s Air Pollution Prevention
and Control Action Plan on PM2.5 chemical composition over eastern China. Sci. China Earth Sci. 2019, 62, 1872–1884. [CrossRef]

8. Feng, Y.; Ning, M.; Lei, Y.; Sun, Y.; Liu, W.; Wang, J. Defending blue sky in China: Effectiveness of the “Air Pollution Prevention
and Control Action Plan” on air quality improvements from 2013 to 2017. J. Environ. Manag. 2019, 252, 109603. [CrossRef]

9. Cai, S.; Wang, Y.; Zhao, B.; Wang, S.; Chang, X.; Hao, J. The impact of the “Air Pollution Prevention and Control Action Plan” on
PM2.5 concentrations in Jing-Jin-Ji region during 2012–2020. Sci. Total Environ. 2017, 580, 197–209. [CrossRef]

10. Vu, T.V.; Shi, Z.; Cheng, J.; Zhang, Q.; He, K.; Wang, S.; Harrison, R. Assessing the impact of clean air action on air quality trends
in Beijing using a machine learning technique. Atmos. Chem. Phys. 2019, 19, 11303–11314. [CrossRef]

11. Li, H.; Cheng, J.; Zhang, Q.; Zheng, B.; Zhang, Y.; Zheng, G.; He, H. Rapid transition in winter aerosol composition in Beijing
from 2014 to 2017: Response to clean air actions. Atmos. Chem. Phys. 2019, 19, 11485–11499. [CrossRef]

12. Lu, Y.; Fan, Z.-Y.; Jiang, H.-Q.; Niu, C.-Z.; Li, B. Economic Benefit of Air Quality Improvement Dur-ing Implementation of the Air
Pollution Prevention and Control Action Plan in Beijing. Environ. Sci. 2021, 42, 2730–2739. (In Chinese)

13. Huang, J.; Pan, X.; Guo, X.; Li, G. Health impact of China’s Air Pollution Prevention and Control Action Plan: An analysis of
national air quality monitoring and mortality data. Lancet Planet. Health 2018, 2, e313–e323. [CrossRef]

14. Massa, K.; Dias, A. Income Inequality and Self-Reported Health Among Older Adults in Brazil. J. Appl. Gerontol. 2020, 40,
073346482091756. [CrossRef] [PubMed]

15. Chandola, T.; Ferrie, J.; Sacker, A.; Marmot, M. Social inequalities in self reported health in early old age: Follow-up of prospective
cohort study. BMJ 2007, 334, 990. [CrossRef] [PubMed]

16. Bluyssen, P.M.; Roda, C.; Mandin, C.; Fossati, S.; Carrer, P.; de Kluizenaar, Y.; Mihucz, V.G.; de Oliveira Fernandes, E.; Bartzis, J.
Self-reported health and comfort in “modern” office buildings: First results from the European Offical study. Indoor Air 2016, 26,
298–317. [CrossRef] [PubMed]

17. Piko, B. Health-Related Predictors of Self-Perceived Health in a Student Population: The Importance of Physical Activity.
J. Community Health 2000, 25, 125–137. [CrossRef]

18. Pottie, K.; Ng, E.; Spitzer, D.; Mohammed, A.; Glazier, R. Language Proficiency, Gender and Self-reported Health. Can. J. Public
Health 2008, 99, 505–510. [CrossRef]

19. Boerma, T.; Hosseinpoor, A.R.; Verdes, E.; Chatterji, S. A global assessment of the gender gap in self-reported health with survey
data from 59 countries. BMC Public Health 2016, 16, 675. [CrossRef]

20. Gallagher, J.E.; Wilkie, A.A.; Cordner, A.; Hudgens, E.E.; Ghio, A.J.; Birch, R.J.; Wade, T.J. Factors associated with self-reported
health: Implications for screening level community-based health and environmental studies. BMC Public Health 2016, 16, 640.
[CrossRef]

21. Aaby, A.; Friis, K.; Christensen, B.; Rowlands, G.; Maindal, H.T. Health literacy is associated with health behaviour and self-
reported health: A large population-based study in individuals with cardiovascular disease. Eur. J. Prev. Cardiol. 2017, 24,
1880–1888. [CrossRef] [PubMed]

22. Van Larebeke, N.; Sioen, I.; Hond, E.D.; Nelen, V.; Van de Mieroop, E.; Nawrot, T.; Bruckers, L.; Schoeters, G.; Baeyens, W. Internal
exposure to organochlorine pollutants and cadmium and self-reported health status: A prospective study. Int. J. Hyg. Environ.
Health 2015, 218, 232–245. [CrossRef] [PubMed]

23. Adamkiewicz, G.; Spengler, J.D.; Harley, A.E.; Stoddard, A.; Yang, M.; Alvarez-Reeves, M.; Sorensen, G. Environmental conditions
in low-income urban housing: Clustering and associations with self-reported health. Am. J. Public Health 2014, 104, 1650–1656.
[CrossRef] [PubMed]

24. Firdaus, G.; Ahmad, A. Indoor air pollution and self-reported diseases—A case study of NCT of Delhi. Indoor Air 2011, 21,
410–416. [CrossRef]

25. Charafeddine, R.; Boden, L.I. Does income inequality modify the association between air pollution and health? Environ. Res. 2008,
106, 81–88. [CrossRef]

26. Rajper, S.A.; Ullah, S.; Li, Z. Exposure to air pollution and self-reported effects on Chinese students: A case study of 13 megacities.
PLoS ONE 2018, 13. [CrossRef]

27. Spence, M. Signaling in Retrospect and the Informational Structure of Markets. Am. Econ. Rev. 2002, 92, 434–459. [CrossRef]
28. Miller, T.; Triana, M. Demographic Diversity in the Boardroom: Mediators of the Board Diversity—Firm Performance Relationship.

J. Manag. Stud. 2009, 46, 755–786. [CrossRef]
29. Lester, R.H.; Certo, S.T.; Dalton, C.M.; Dalton, D.R.; Albert, A. Cannella, J. Initial Public Offering Investor Valuations: An Exami-

nation of Top Management Team Prestige and Environmental Uncertainty. J. Small Bus. Manag. 2006, 44, 1–26. [CrossRef]
30. Busenitz, L.W.; Fiet, J.O.; Moesel, D.D. Signaling in Venture Capitalist—New Venture Team Funding Decisions: Does it Indicate

Long–Term Venture Outcomes? Entrep. Theory Pract. 2005, 29, 1–12. [CrossRef]
31. Suazo, M.; Martinez, P.; Sandoval, R. Creating psychological and legal contracts through human resource practices: A signaling

theory perspective. Hum. Resour. Manag. Rev. 2009, 19, 154–166. [CrossRef]
32. Duetz, M.S. Health measures: Differentiating associations with gender and socio-economic status. Eur. J. Public Health 2003, 13,

313–319. [CrossRef] [PubMed]
33. Orru, H.; Idavain, J.; Pindus, M.; Orru, K.; Kesanurm, K.; Lang, A.; Tomasova, J. Residents’ Self-Reported Health Effects and

Annoyance in Relation to Air Pollution Exposure in an Industrial Area in Eastern-Estonia. Int. J. Environ. Res. Public. Health 2018,
15, 252. [CrossRef] [PubMed]

http://doi.org/10.1007/s11430-018-9353-x
http://doi.org/10.1016/j.jenvman.2019.109603
http://doi.org/10.1016/j.scitotenv.2016.11.188
http://doi.org/10.5194/acp-19-11303-2019
http://doi.org/10.5194/acp-19-11485-2019
http://doi.org/10.1016/S2542-5196(18)30141-4
http://doi.org/10.1177/0733464820917561
http://www.ncbi.nlm.nih.gov/pubmed/32354250
http://doi.org/10.1136/bmj.39167.439792.55
http://www.ncbi.nlm.nih.gov/pubmed/17468119
http://doi.org/10.1111/ina.12196
http://www.ncbi.nlm.nih.gov/pubmed/25727348
http://doi.org/10.1023/A:1005129707550
http://doi.org/10.1007/BF03403786
http://doi.org/10.1186/s12889-016-3352-y
http://doi.org/10.1186/s12889-016-3321-5
http://doi.org/10.1177/2047487317729538
http://www.ncbi.nlm.nih.gov/pubmed/28854822
http://doi.org/10.1016/j.ijheh.2014.11.002
http://www.ncbi.nlm.nih.gov/pubmed/25547368
http://doi.org/10.2105/AJPH.2013.301253
http://www.ncbi.nlm.nih.gov/pubmed/24028244
http://doi.org/10.1111/j.1600-0668.2011.00715.x
http://doi.org/10.1016/j.envres.2007.09.005
http://doi.org/10.1371/journal.pone.0194364
http://doi.org/10.1257/00028280260136200
http://doi.org/10.1111/j.1467-6486.2009.00839.x
http://doi.org/10.1111/j.1540-627X.2006.00151.x
http://doi.org/10.1111/j.1540-6520.2005.00066.x
http://doi.org/10.1016/j.hrmr.2008.11.002
http://doi.org/10.1093/eurpub/13.4.313
http://www.ncbi.nlm.nih.gov/pubmed/14703317
http://doi.org/10.3390/ijerph15020252
http://www.ncbi.nlm.nih.gov/pubmed/29393920


Int. J. Environ. Res. Public Health 2022, 19, 3040 15 of 15

34. Zhang, H.; Wang, S.; Hao, J.; Wang, X.; Wang, S.; Chai, F.; Li, M. Air pollution and control action in Beijing. J. Clean. Prod. 2016,
112, 1519–1527. [CrossRef]

35. Wei, J.; Zhao, D.; Liang, L. Estimating the Growth Models of News Stories on Disasters. JASIST 2009, 60, 1741–1755. [CrossRef]
36. Wei, S.M.; Baller, E.B.; Kohn, P.D.; Kippenhan, J.S.; Kolachana, B.; Soldin, S.J.; Rubinow, D.R.; Schmidt, P.J.; Berman, K.F.

Brain-derived neurotrophic factor Val66Met genotype and ovarian steroids interactively modulate working memory-related
hippocampal function in women: A multimodal neuroimaging study. Mol. Psychiatry 2017, 23, 1066–1075. [CrossRef]

37. Rosenwasser, S.M.; Rogers, R.R.; Fling, S.; Silvers-Pickens, K.; Butemeyer, J. Attitudes toward Women and Men in Politics:
Perceived Male and Female Candidate Competencies and Participant Personality Characteristics. Polit. Psychol. 1987, 8, 191.
[CrossRef]

http://doi.org/10.1016/j.jclepro.2015.04.092
http://doi.org/10.1002/asi.21109
http://doi.org/10.1038/mp.2017.72
http://doi.org/10.2307/3791299

	Introduction 
	Methodological Framework 
	Data and Sample 
	Methodology 
	Variables 
	Dependent Variable: Public Health Risk Perceptions 
	Independent Variables 
	Control Variables 
	Statistical Analysis 


	Empirical Results 
	Results of Ordinal Logistic Regression Analysis 
	The Analysis of the Mechanism of the Policy 
	Heterogeneity Analysis 
	Robustness Check 

	Discussion 
	Research Contribution 
	Deficiencies and Prospects 

	Conclusions 
	References

