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a b s t r a c t

There are data integration and estimation endogeneity problems while estimate the subjective welfare
loss of air pollution, which may result in incompatible findings. This paper attempts to integrate the air
pollution data and subjective well-being data on individual-level, and use the number of environmental
laws and regulations in prefecture-level cities as an instrumental variable for air pollution to evaluate the
welfare loss of air pollution. The results show that there is a causal effect between air pollution and
individual subjective well-being. 1 mg/m3 increase of annual PM2.5 concentration in a city will result in a
subjective welfare loss equivalent to 7.7% percent of household disposable income, which implies that
previous studies may have underestimated the effect. Further mechanism analysis shows that the effect
of PM2.5 on subjective well-being is more through physical health than through mental health.

© 2020 Elsevier Ltd. All rights reserved.
1. Introduction

Air pollution can cause welfare losses both to society and the
individuals. Exposure to air pollution increases more tangible
health risks according to social statistics, such as an increase in
morbidity (i.e., cardiovascular diseases and respiratory diseases)
(Brunekreef and Holgate, 2002; Brook, 2009; Gallagher et al., 2010;
Beatty and Shimshack, 2014) and mortality (i.e., infants and the
elderly, etc), as well as a decrease in life expectancy (Tanaka., 2015;
De Keijzer et al., 2017). Compared with these observable losses,
many attention are paid to the effects on the individual subjective
welfare such as mental health status (Rotton and Frey, 1984; Power
et al., 2015; Sass et al., 2017), depressive symptoms (Wang et al.,
2014), life satisfaction (Welsch, 2006, 2007; MacKerron et al,
2009; Ferreira and Moro, 2010; Ambreyet al., 2014) and hedonic
happiness (Zhang et al., 2017a,b) and evaluative happiness (Yuan
et al., 2018), which can be economically measured as welfare los-
ses for public policy making (Welsch, 2006, 2007; Levinson, 2013).
i), hongwei_yu@whu.edu.cn
However, unanimous conclusions can hardly be drawn either on
the accurate effect of air pollution on subjective welfare or on the
precise monetary cost of air pollution on welfare from existing
literature. For instance, two fresh studies on China use the same
data and measured variables, but come to quite different conclu-
sions. Specifically, Zhang et al. (2017a) suggest that air pollution
reduces hedonic happiness and increases the rate of depressive
symptoms, while has little to dowith life satisfaction. They evaluate
the willingness to pay (WTP) for better air quality and the result is
about $42 for Chinese people per year. However, Liang et al. (2018)
show that air pollution has significant negative impact on life
satisfaction and appraise the WTP is ranging from $239 to $280 for
Chinese people per year. The results of the two studies are some-
how contrary, and the economic cost of the latter is 6e7 times
larger than that of the former. Besides that, many other research
also draw some inconsistent conclusions on these issues (Welsch,
2002; Welsch, 2007), which indicates that the accuracy estima-
tion of air pollution and subjective well-being needs to be further
improved.

There are two main issues may account for these in-
consistencies. The first one is to match and integrate research data.
Air pollution data and subjective well-being (SWB) data usually
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come from different levels and channels. Air pollution data are
often collected by objective ways, such as from monitoring station
records or pollution model estimates in a certain area (Smyth et al.,
2008; Ferreira andMoro, 2010; Schmitt, 2013; Ambreyet al., 2014),1

while SWB data are usually obtained from individual level by
subjective reports. A conventional challenge to empirical studies is
to seek high quality air pollution data with fine spatial and tem-
poral disaggregation and to connect this informationwith a specific
respondent (Lin et al., 2018).

The spatial data aggregation requires that the air pollution data
and subjective welfare data are acquired in the same geographical
location. Lin et al. (2015) have summarized three spatial levels to
integrate air pollution data and individual SWB data. The first one is
the country level, which means using air pollution data at a whole
national level to analyze its impact both on overall national SWB
(Welsch’s, 2002; 2006; 2007) and individual SWB nationwide
(Schmitt’s, 2013). The main objective of this level is to investigate
the differential effect across counties. Obviously, there is significant
matching error if the air pollution of whole country was calculated
to a sole value. The second is the regional level, which signifies that
air pollution data are collected from regional environmental
monitoring stations to explore its impact on individual SWB of
regional people (Ferreira and Moro, 2010). Compared with the
country level, the regional level data seem to be more accurate, but
in fact its accuracy is not much better than that of the country level,
because the geographical distribution of environmental monitoring
stations between regions is not uniform and random, which may
also cause obvious errors in data matching. The third is the indi-
vidual level, which indicates that air pollution data are achieved at
the individual locations to analyze the impact on the exact indi-
vidual SWB. Unfortunately, the data from environmental moni-
toring stations can not meet the requirements of individual level.
Recently some geographic scientists have turned to using pollution
estimation models to measure air pollution data (Lin et al., 2018; Lu
et al., 2019). The models assume that the air pollution is continu-
ously distributed in geography, and the air pollution data of each
specific location is calculated according to the principles of geog-
raphy and mathematics. The accuracy of the air pollution model
applied by the existing scientists can reach a spatial grid of
1 km � 1 km (Lu et al., 2019). Evidently, the air pollution data from
individual level could be better integrated with the individual SWB
data than the country level and regional level on spatial dimension.
In this paper, we attempt to integrate the air pollution data and
SWB data on individual-level based on those air pollution estima-
tion models.

The temporal data aggregation requires that data are collected
at the same point or period of time. There are two temporal levels
to match air pollution data and individual SWB data. The first one is
the long-term level, which usually taking a year or month as
temporal unit to measure air pollution (Smyth et al., 2008; Yuan
et al., 2018). Since the individual report of happiness is instanta-
neous, it may inevitably bring about integrating errors between
interval air pollution and instant SWB. To minimize such errors,
many scholars tend to choose stable SWB indexes such as general
life satisfaction or evaluative happiness which are less likely subject
to short-term changes in external environment. The second is the
immediacy level which means that the air pollution data are ach-
ieved in a very short time unit, usually by day (Levinson, 2013;
Schmitt, 2013; Liu et al., 2012; Zhang et al., 2017a,b). At immediacy
1 Of course, a small number of scholars have tried to explore the relationship
between subjective air pollution reporting data and subjective well-being, but it is
clear that subjective air pollution reports do not accurately represent pollution
itself.
level, the air pollution data and SWB data are integrated on a
precise day, which can avoid the errors caused by temporal
matching to a greater extent and ensure the analysis more accurate
on the moment-to-moment experienced happiness. But it also
necessitates acquiring and controlling more instantaneous factors
such as the mood of the interviewees and the real-time weather
that day, which may definitely increase the difficulty of data
acquisition and analysis. Since we are investigating the long term
effect of air pollution on individual SWB and evaluating the stable
economic welfare loss, we choose to integrate air pollution data
with individual well-being data at annual level.

The second issue which may account for those inconsistencies is
the endogenous problem. Previous studies pay less attention to
dealt with the endogeneity problems when they estimate the
impact of air pollution on SWB. It is believed that air pollution af-
fects people’s SWB, but individual happiness dose not counteract
air pollution, which means that there is little reverse causal effect
between them. However, the measurement error of variables and
the missing variables in estimation may also cause endogenous
problems, whichmay result in different conclusions. Especially, it is
necessary to take into account the endogeneity after the spatial and
temporal integration of air pollution data and SWB data. In this
paper, we intend to use the instrumental variable approach to deal
with the endogenous problems.

It is the existing data integration issues and endogeneity prob-
lems that lead to the inconsistent judgment on the relationship
between air pollution and SWB and the substantial differences in
the assessment of the welfare loss caused by air pollution. Such
inconsistent results and assessment errors are very detrimental to
the formulation and implementation of public policies.

To address these issues, this paper employs the air pollution
model developed by Institute for the Environment of the Hong
Kong University of Science and Technology to obtain PM2.5 data in
an areawith latitude and longitude of 0.03� � 0.03� (approximately
2.5 � 2.5 km) grid squares, which can contribute to matching air
pollution data with happiness data more precisely at individual
level. By conducting regression analysis based on thematched data,
this paper finds that air pollution has a significantly negative cor-
relation with happiness. 1 mg/m3 increase of PM2.5 concentration
each year, the individual SWB will be reduced by 0.448 units on
average. Using the average marginal substitution rate between air
pollution and absolute income to calculate the economic costs, this
paper also finds that 1 mg/m3 increase of PM2.5 concentration each
year is equivalent to ¥3483 ($5292) economic loss which accounts
for approximately 7.7% of average household disposable income
during 2009e2012 in China. The estimated coefficients and calcu-
lated economic costs are larger than those of existing studies,
indicating that data matching in individual level may have a sig-
nificant impact on the results. The processing of data matching in
this paper probably make the research results more accurate and
reliable.

Moreover, this paper attempts to solve the endogenous prob-
lems when estimating the effect of air pollution on SWB. First is the
missing variables problem. There are many influencing factors of
regional air pollution. Although one may try to eliminate these
influences by controlling as many variables as possible, including
the regional fixed effect, they still cannot exclude the influence of
time changes in the district or county. Second is reverse causality
problem. Although many people believe that air pollution will
affect SWB and SWB will not directly affect air pollution, but some
scholars still believe that SWB may affect air pollution through
2 The average exchange rate of RMB against the US dollar during the four years
from 2009 to 2012 was 6.58:1.



3 The community is an area of about 1 km � 1 km in an urban city, while village
is about 3 km � 3 km in a rural area.

4 Data url: http://envf.ust.hk/dataview/aod2pm/current.
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working productivity (Zhang et al., 2017a,b). The last is the mea-
surement error problem. Even though the PM2.5 data can be
calculated by the approximate algorithm, the measurement will
cause somehow inevitable errors.

This paper uses the number of environmental regulations in
prefecture-level cities as instrumental variable (IV) to deal with the
endogeneity. The two stage least squares (2SLS) regression results
show that the PM2.5 coefficient is significantly negative, which
verifies the causal relationship between PM2.5 and SWB. That is, air
pollution significantly decreases people’s happiness. Compared
with the coefficients of ordinary least square (OLS), the coefficients
of IV is about 16 times larger than that of OLS in absolute value,
which indicates that there are omitting variables in previous
studies and it may have seriously underestimated the influence of
PM2.5 on SWB.In addition, the thermal inversions also be adopted
as another instrumental variable of air pollution for robustness
checking. The results also verify the causal effect between air
pollution and SWB.

This paper also explores the mechanism of PM2.5 affecting in-
dividual subjective well-being. The estimation of intermediary ef-
fect model shows that the effect of PM2.5 on individual long-term
subjective well-being is mainly through physiological health (the
direct effect is about 20.31%), while the effect of psychological
health (the direct effect is only about 10.41%) is less than health
mechanism.

This study may have three contributions. Firstly, this paper
matches the objective air pollution data with the subjective well-
being data at the individual level in the spatial dimension, which
could make the analysis results more accurate. Secondly, this paper
uses instrumental variable method to verify the causal relationship
between air pollution and subjective well-being. Finally, this paper
verifies that the long-term mechanism of PM2.5 affecting happi-
ness is more through physiological health than through mental
health.

The rest of the paper is organized as follows: Section 2 in-
troduces the data and variable measurement; section 3 is the
methodology; section 4 is the analysis of regression results; section
5 is the mechanism test and heterogeneity analysis; section 6 is the
discussion of the subjectivewelfare loss; section 7 is the conclusion.

2. Data and measurement

2.1. Subjective well-being

The subjective well-being data come from Chinese General So-
cial Survey (CGSS) data from 2009 to 2012. CGSS is a large-scale
nationwide social survey project in China, which systematically
collects data of Chinese people and Chinese society. From 2009 to
2012, CGSS randomly selected 130 districts and counties in 87
Chinese cities and conducted survey in the same areas every year.
Unfortunately, CGSS is not a follow-up survey for individuals. Each
survey re-samples individuals in specific districts and counties.
Therefore, the individuals surveyed in the same district and county
are not the same each year. In the four years from 2009 to 2012, a
total of 33,737 individuals were investigated.

In the CGSS data from 2009 to 2012, the individual SWB is
measured by asking respondents to answer an overall question, “In
general, do you feel happy with your life?”, “100 means “very un-
happy”, “200 means “relatively unhappy”, “300 means “not very
happy”, “400 means “relatively happy” and “500 means “very happy”.
This method measures the long-term cumulative happiness of in-
dividuals, which is usually stable and less affected by immediate
emotions (Zhang et al.,2017a,b). In addition, CGSS survey also
contains plenty of individual character data, such as gender, age,
education, marriage, relative income, absolute income, health and
other variables, which may have a significant impact on happiness.
By controlling them, we can estimate the effects of air pollution
impact on happiness more accurately.

In order to match the air pollution data at the individual level, it
is requires a precise knowledge of where the respondent is. The
CGSS questionnaire has a very detailed address question for the
record of the interview location, which is accurate to the commu-
nity/village3of each respondent. Although the community/village is
more accurate in geographical measurement than the district/
county, the data matching based on the community/village is likely
to bring obvious measurement errors, because a large number of
Chinese residences are more than 3 km away from their work
places. Matching the data from the district/county level can better
reflect the long-term effects of air pollution on individual activities
than from the community/village level.

2.2. Air pollution

One goal of this paper is to integrate air pollution data with
individual data at the individual level. Many studies on air pollution
and individual well-being (including physical health, mental health
and well-being) mainly use reported data by environmental
monitoring stations (Smyth et al., 2008; Ferreira and Moro, 2010;
Schmitt, 2013). They usually choose themonitoring stationwith the
closest geographical distance as the final pollution data (Zhang
et al., 2017a). Actually, the number of environmental monitoring
stations is more than 1600 in China and the average distance be-
tween adjacent environmental monitoring stations is more than
200 km. Although some scholars believe that the distance of
environmental monitoring stations has little impact on the signif-
icance of the estimated results (Zhang et al., 2017a), there are still
measurement errors, which will affect the accuracy of the esti-
mated coefficient, and thus cause the deviation of welfare loss
evaluation. Therefore, using air pollution data from environmental
monitoring stations cannot accurately match the pollution data to
the individual level.

The Institute for the Environment of the Hong Kong University
of Science and Technology has developed a PM2.5 pollution
calculation model based on spatial remote sensing data from the
National Aeronautics and Space Administration (NASA) Earth
Observation Satellite, which provides more accurate spatial grid
pollution data. The algorithm of the model consists of two steps:
the first step is to use the spatial remote sensing data taken by
NASA Earth observation satellite to establish aerosol optical thick-
ness (AOD) data with a resolution of 1 km (Li et al., 2005); The
second step takes the visibility and relative humidity data observed
on the ground as input to deduce the PM2.5 concentration on the
ground fromAOD (Lin et al., 2018). Using this model, Lu et al. (2019)
calculated the annual average PM2.5 concentration data in the
latitude and longitude range of China from 2000 to 2018 in the
interval of 0.03� � 0.03� (approximately 2.5 km � 2.5 km).

In this paper, air pollution data is the annual data from the
Institute for the Environment of the Hong Kong University of Sci-
ence and Technology.4 On this basis, the latitude and longitude
range of the district and county was investigated by accurate
positioning (for example, the southernmost latitude of a district
and county was 29.321�S, the northernmost latitude was 29.345�N,
the easternmost longitude was 113.482�E, and the westernmost
longitudewas 113.441�W, so the latitude and longitude range of the
district and county was a rectangular square interval of (N29.345�,

http://envf.ust.hk/dataview/aod2pm/current


Table 1
Summary statistics.

Variable Definition Obs Mean Std. Dev Min Max

Happiness Answer to “Overall, how satisfied are you with your life?”, ranging from 1 (completely dissatisfied) to 5
(completely satisfied)

33,737 3.799 0.855 1 5

PM2.5 Particulate matter with a diameter smaller than 2.5 mm (mg/m3) 33,737 64.052 22.516 18.4 129.2
Environmental

regulation
Number of environmental regulations in prefecture-level cities 33,737 12.315 20.800 0 109

Thermal
inversions_1

Count the days of the first layer is lower than the second layer in the county 33,737 74.5601 34.2068 1 175

Thermal
inversions_2

Count the days of the first layer is lower than the third layer in the county 33,737 79.2741 33.6836 2 186

Relative income self-rated relative income status, ranging from 1 (completely unfair) to 5 (completely fair) 33,737 2.618 0.740 1 5
Absolute income

(log)
annual household per capita income (Chinese yuan) 33,737 10.233 1.080 6.685 12.612

Hukou (0e1) Indicator for people with “urban” registration 33,737 0.593 0.491 0 1
Gender (0e1) Indicator for males 33,737 0.499 0.500 0 1
Age 33,737 46.873 15.677 14 101
Age square 33,737 2442.842 1538.004 196 10,201
Education Education years 33,737 8.689 4.561 0 19
Marital (0e1) Indicator for being married 33,737 0.820 0.384 0 1
Partymember (0e1) Indicator for being a Communist Party member 33,737 0.118 0.322 0 1
Religion (0e1) Indicator for being religious 33,737 0.117 0.322 0 1
Han nationality (0

e1)
Indicator for people with Han nationality 33,737 0.924 0.266 0 1

Health care (0e1) Indicator for urban basic medical insurance/new rural cooperative medical insurance/public medical
treatment

33,737 0.787 0.410 0 1

Healthy (1e5) Indicator for the physical health status, ranging from 1 (completely unhealthy) to 5 (completely healthy) 33,737 3.506 1.142 1 5
Depression (1e5) Indicator for the mental health status, ranging from 1 (lest depression) to 5 (most depression) 33,737 2.142 1.00 1 5
Trust (1e5) Answer to “Do you think most people in this society can be trusted?”, ranging from 1 (completely

disagree) to 5 (completely agree)
33,737 3.440 1.049 1 5

Fair (1e5) Indicator for social fairness, ranging from 1 (completely unfair) to 5 (completely fair) 33,737 3.027 1.075 1 5
Class (1e5) Indicator for social class, ranging from 1 (the lowest) to 10 (the highest) 33,737 4.163 1.719 1 10
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E113.441�; N29.345�, E113.482�). Then, the PM2.5 concentration of
each 0.03� � 0.03� grid in this range was calculated on average,
which was used as the annual PM2.5 concentration value of this
district and county.
2.3. Environmental regulations

Another goal of this paper is to find instrumental variables to
deal with those endogenous problems. The number of environ-
mental regulations at the city level is selected as an instrumental
variable for air pollution in each district and county. On one hand,
environmental regulations at the city level are formulated and
implemented specifically for environmental pollution, and their
quantity will have a direct impact on air pollution in the whole city
(including several districts and counties). On the other hand, the
number of environmental regulations is relatively exogenous to
each individual in a district or county. Therefore, it can be consid-
ered that the environmental regulations in the city will not directly
affect the SWB of each individual. Of course, the validity of
instrumental variable will be discussed in more detail later.

The annual number of new environmental regulations in China’s
prefecture-level cities from 2009 to 2012 are obtained from the
Wolters Kluwer Database. The Wolters Kluwer Database is one of
the most comprehensive and authoritative databases of laws and
regulations in China,5 which systematically collects legal and reg-
ulatory documents from various places. Specifically, the number of
environmental regulations in prefecture-level cities in this paper
mainly includes local environmental laws, regulations and
normative documents. These three aspects can cover the behavioral
regulations of environmental protection in a region from different
levels.
5 Data url: http://envf.ust.hk/dataview/aod2pm/current.
2.4. Thermal inversions

This paper also intends to use as an instrument a measure of
atmospheric temperature inversions named thermal inversions for
robustness checking. Thermal inversion is a meteorological phe-
nomenon which may exacerbate air pollution near the ground.
Under normal circumstances, the temperature of the atmosphere
will decrease with the increase of altitude, so that air pollutants
near the earth surface can be effectively diffused through the high
altitude layer. However, under certain conditions the air tempera-
ture at high altitude will be higher than that at low altitude, which
contributes the temperature inversion. In this situation, the
warmer air at higher altitude prevents pollutants from rising and
dispersing, but rather traps them close to the ground, thus causing
severe air pollution. As a natural meteorological phenomenon,
thermal inversion is less influenced by regional economic or social
activities (Feng et al., 2010; Cai et al., 2016). Therefore, many
economists regard it as an exogenous source of variation in air
pollution level (Hicks et al., 2016; Arceo et al., 2015; Jans et al., 2016;
Chen et al., 2017).

In order to better match the PM2.5 data, the thermal inversions
data are also obtained from the spatial remote sensing information
released by NASA. NASA divides the Earth into a grid of
0.5� � 0.625�longitude and latitude, and has been reporting tem-
peratures at 42 different sea-level layers every 6 h since 1980. This
paper obtains the nearest three sea level temperature data close to
the ground. First, average the sea level temperature of each grid
every day, and count the first layer temperature lower than the
second layer as one inversion temperature, and then accumulate
the total inversion days of each year of each grid. According to the
inverse distance weighting method, figure out the number and
weight of grids covered by each prefecture-level city in China, and
finally calculate the annual number of inversion days in each
prefecture-level city. This paper also calculated the case where the

http://envf.ust.hk/dataview/aod2pm/current


Table 2
Baseline regression results for air pollution and subjective well-being.

(1) (2) (3) (4) (5) (6) (7) (8) (9)

OLS OLOGIT OPROBIT

PM2.5 �0.274* �0.356*** �0.448*** �1.068*** �1.247*** �1.624*** �0.552*** �0.676*** �0.871***
(0.140) (0.134) (0.125) (0.331) (0.336) (0.342) (0.184) (0.187) (0.191)

Relative income 0.293*** 0.152*** 0.704*** 0.389*** 0.389*** 0.214***
(0.007) (0.007) (0.018) (0.019) (0.010) (0.011)

Absolute income (log) 0.081*** 0.058*** 0.179*** 0.145*** 0.103*** 0.083***
(0.005) (0.006) (0.013) (0.015) (0.007) (0.008)

Control variables NO NO YES NO NO YES NO NO YES
County dummy YES YES YES YES YES YES YES YES YES
Observations 33,737 33,737 33,737 33,737 33,737 33,737 33,737 33,737 33,737
R2 0.038 0.128 0.247
Pseudo R2 0.020 0.058 0.120 0.019 0.057 0.119

Notes:*,**,*** indicate significance at the 10%, 5% and 1% level respectively; control variables include hukou, gender, age, age squared, years of schooling, marriage, political
identity, religion, ethnicity, social health care, physical health, social trust, social justice, self-evaluation of social class.
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temperature of the first layer is lower than that of the third layer.

3. Methods

According to the model setting of Zhang et al. (2017a), the
estimating model is construct as follows:

Hijt ¼b0 þ b1Pjt þ b2 lnYijt þ b3Rijt þ gXijt þ dj þ εijt (1)

In equation (1), the explained variable Hijt is the individual SWB
of the respondents in yeartof district and countyj. The core
explanatory variablePjt is the annual mean value of PM2.5 of district
and countyjin yeart. The absolute income variable lnYijt , the loga-
rithm of household annual income, and the relative income vari-
able Rijt are controlled, and the self-reported relative income value
from 1 (lowest) to 5 (highest). According to previous literature, a
series of individual demographic variables, including gender, age
and its square term, years of education, marital status, hukou, party
members, health status, social attitudes are also controlled. djis the
fixed effect of districts and counties, and εijtis the error term. The
descriptive statistics of each variable are shown in Table 1.

4. Results and analysis

4.1. Baseline regression

The baseline regressions are conductied through equation (1)
Table 3
2SLS second stage estimation results.

(1) (2) (3)

Dependent variable: SWB (valued 1e5), county level
PM2.5 �2.950 �7.034*** �7.152***

(1.881) (1.928) (1.671)
Relative income 0.291*** 0.149***

(0.008) (0.008)
Absolute income (log) 0.087*** 0.065***

(0.006) (0.006)
Control variables NO NO YES
County dummy YES YES YES
Kleibergen-Paap rk LM statistic 127.206*** 124.525*** 145.098***
Cragg-Donald Wald F statistic 184.463*** 179.427*** 209.868***
Kleibergen-Paap rk Wald F statistic 116.537*** 114.094*** 132.651***
Observations 33,737 33,737 33,737
R2 0.028 0.064 0.183

Notes:*,**,*** indicate significance at the 10%, 5% and 1% level respectively; control
variables include hukou, gender, age, age squared, years of schooling, marriage,
political identity, religion, ethnicity, social health care, physical health, social trust,
social justice, self-evaluation of social class.
using OLS, Ordered Logit model and Ordered Probit model
respectively, and the results are shown in Table 2.

Columns (1) to (3) in the table are the results of the OLS esti-
mation, in which column (1) only controls the regional fixed effects
of districts and counties, and on the basis of this, column (2) further
controls absolute family income and relative income of individuals.
Column (3) controls hukou, gender, age, age squared, education,
marriage, partisanship, ethnicity, medical security, physical health,
and social attitudes.

The results show that PM2.5 has a significant negative effect on
SWB. From column (1) to column (3), as more control variables
adding into the model, the economic significance and statistical
significance of this negative effect are increasing. The coefficients
after controlling income and individual characteristics show that a
1ug/m3 increase of PM2.5 concentration would reduce the SWB by
0.448 units, and the results are statistically significant at the 1%
level. Columns (4) to (6) in the table are the estimation results of
Ordered Logit model, and columns (7) to (9) are the estimation
results of Ordered Probit model. The estimates of Ordered Logit and
Ordered Probit all support the same results.

Compared with previous research, the results of baseline re-
gressions consist with the findings of Ferreira and Moro (2010),
Ambrey et al. (2014), etc., all of which indicate that air pollutionwill
has a negative impact on long-term subjective welfare (happiness,
life satisfaction, etc.) But the difference is that our estimated effect
is significantly larger. At the same time, our results are different
from those of Welsch (2002) and Zhang et al. (2017a,b), which
denote that air pollution does not have a significant impact on
Table 4
Direct effects of IV variable on SWB.

(1) (2) (3)

Environmental regulations �0.000 �0.000 �0.001
(IV) (0.001) (0.001) (0.001)
PM2.5 �0.007*** �0.008*** �0.009***

(0.001) (0.001) (0.001)
Relative income 0.294*** 0.149***

(0.007) (0.007)
Absolute income (log) 0.086*** 0.060***

(0.006) (0.006)
Control variables NO NO YES
Province dummy YES YES YES
Observations 33,737 33,737 33,737
R2 0.041 0.132 0.254

Notes:*,**,*** indicate significance at the 10%, 5% and 1% level respectively; control
variables include hukou, gender, age, age squared, years of schooling, marriage,
political identity, religion, ethnicity, social health care, physical health, social trust,
social justice, self-evaluation of social class.



Table 5
Robustness test using thermal inversions as IV.

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

Thermal inversions_1 Thermal inversions_2

Dependent variable: SWB (valued 1e5), county level
PM2.5 �1.702*** �3.289*** �3.423*** �1.518*** �2.988*** �3.146***

(0.474) (0.456) (0.399) (0.443) (0.425) (0.372)
Relative income 0.292*** 0.151*** 0.292*** 0.151***

(0.007) (0.007) (0.007) (0.007)
Absolute income (log) 0.084*** 0.061*** 0.084*** 0.061***

(0.005) (0.006) (0.005) (0.006)
Control variable NO NO YES NO NO YES
County dummy YES YES YES YES YES YES
Kleibergen-Paap rk LM statistic 1260.716*** 1265.313*** 1390.775*** 1543.681*** 1550.641*** 1695.696***
Cragg-Donald Wald F statistic 3215.912*** 3195.521*** 3712.674*** 3718.021 3697.536*** 4302.435***
Kleibergen-Paap rk Wald F statistic 1698.284*** 1698.297 1987.434*** 2102.111*** 2103.992*** 2450.479***
Observations 33,737 33,737 33,737 33,737 33,737 33,737
R2 0.035 0.115 0.234 0.036 0.118 0.236

Notes:*,**,*** indicate significance at the 10%, 5% and 1% level respectively; control variables include hukou, gender, age, age squared, years of schooling, marriage, political
identity, religion, ethnicity, social health care, physical health, social trust, social justice, self-evaluation of social class.

Table 6
Influencing mechanism of PM2.5 on SWB.

Dependent variable (1) (2) (3) (4)

Health SWB Depress SWB

PM2.5 ¡1.057*** �0.448*** 0.363** �0.503***
(0.161) (0.125) (0.159) (0.124)

Relative income 0.162*** 0.152*** �0.147*** 0.146***
(0.009) (0.007) (0.009) (0.007)

Absolute income (log) 0.081*** 0.058*** �0.055*** 0.058***
(0.007) (0.006) (0.007) (0.006)

Health 0.108***
(0.005)

Depress ¡0.161***
(0.005)

Control variables YES YES YES YES
County dummy YES YES YES YES
Physiological health effect (-1.057)*0.108/[-0.448þ(-1.057)*0.108] ¼ 20.31%
Psychological health effect 0.363*(-0.161)/[-0.503 þ 0.363*(-

0.161)] ¼ 10.41%
Observations 33,737 33,737 33,737 33,737
R2 0.259 0.247 0.130 0.262

Notes:*,**,*** indicate significance at the 10%, 5% and 1% level respectively; control
variables include hukou, gender, age, age squared, years of schooling, marriage,
political identity, religion, ethnicity, social health care, social trust, social justice,
self-evaluation of social class.

Table 7
Heterogeneous effects of air pollution.

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

Male Female Age � 39 40 � age � 59 Age � 60 High ed

Dependent variable: Happiness (valued 1e5), county level:2SLS
Pm2.5 �12.694*** �3.377* �6.673** �8.088*** �2.322 �6.396*

�3.241 �1.931 �2.635 �2.458 �4.307 �1.458
Relative income 0.155*** 0.142*** 0.118*** 0.150*** 0.183*** 0.119**

�0.011 �0.011 �0.013 �0.012 �0.015 �0.009
Household income

(log)
0.076*** 0.057*** 0.084*** 0.082*** 0.022** 0.071**
�0.009 �0.008 �0.012 �0.011 �0.01 �0.008

Control variable YES YES YES YES YES YES
County dummy YES YES YES YES YES YES
Observations 16,847 16,890 11,636 14,558 7543 21,559
R2 0.054 0.226 0.134 0.196 0.285 0.16

Notes:*,**,*** indicate significance at the 10%, 5% and 1% level respectively; control varia
identity, religion, ethnicity, social health care, physical health, social trust, social justice,
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individual long-term subjective welfare. It is the different matching
levels of pollution and subjective welfare data by scholars that re-
sults in the inconsistency conclusions.
4.2. IV estimation

Due to the endogenous problems, the baseline regression may
have estimation deviation. In this part, the number of environ-
mental regulations at the city level is adopted as an instrumental
variable for air pollution for estimation. The results of two-stage
least square method (2SLS) estimating is shown in Table 3.

In Table 3, column (1) only controls the regional fixed effect, and
the results show that the effect of air pollution on SWB is not sta-
tistically significant. Column (2) controls relative income and ab-
solute income on the basis of regional fixed effects, and the results
show that the increase of PM2.5 concentration can significantly
reduce people’s SWB. The absolute value of regression coefficient of
PM2.5 increases precipitously, which is nearly 20 times compared
with that of the OLS estimation in Table 2. Column (3) further
controls the individual characteristic variables, and the absolute
value of the coefficient of PM2.5 is also 16 times larger than that of
the OLS estimation in Table 2, and the statistically significant level is
further improved.

The regression of instrumental variables shows that the increase
in PM2.5 concentration significantly bring about a significant
decrease in SWB. The causal effect between air pollution and SWB
(7) (8) (9) (10) (11) (12) (13)

u Low edu High
income

Low
income

With
young

Without
young

High
pm2.5

Low
pm2.5

** �9.537 �16.653** �4.478*** �8.537** �6.758*** �3.354*** �0.414
�28.473 �7.856 �1.511 �3.683 �1.94 �0.421 �1.054

* 0.193*** 0.187*** 0.101*** 0.118*** 0.157*** 0.153*** 0.148***
�0.017 �0.012 �0.01 �0.015 �0.009 �0.011 �0.009

* 0.056*** 0.059*** 0.054*** 0.081*** 0.060*** 0.064*** 0.062***
�0.012 �0.011 �0.012 �0.014 �0.007 �0.009 �0.008
YES YES YES YES YES YES YES
YES YES YES YES YES YES YES
12,178 16,868 16,869 9053 24,684 13,866 19,871
0.215 0.014 0.153 0.126 0.208 0.231 0.248

bles include hukou, gender, age, age squared, years of schooling, marriage, political
self-evaluation of social class.
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has been verified by IV method. At the same time, the coefficient of
IV regression is almost 16 times larger than the previous OLS
regression. This indicates that the original OLS method may seri-
ously underestimates the impact of air pollution on the long-term
subjective well-being of individuals. It is necessary to conduct
estimation by IV method, which probably make the conclusion of
our research more reliable.

It is necessary to conduct a more accurate statistical test of the
validity of the instrumental variables. First test the identification of
environmental regulations as instrumental variables. In Table 3,
conducting the Kleibergen-Paap unidentifiable test, the results
show that the LM statistic is a big number, which may exclude the
unrecognizable hypothesis. Second, check theweak IV possibility of
environmental regulations. In Table 3, the Cragg-Donald and
Kleibergen-Paap Wald tests show that the F statistic is much larger
than 10, which can exclude the weak IV hypothesis.

Last but not least, it is also need to test the exogeneity (i.e.
exclusive constraints) of the IV, which is extreme difficult. Nunn
and Leonard (2011) argues that though IV is not plausible exoge-
nenous or does not fully satisfy the exclusive constraints, as long as
it doesn’t significantly affect the dependent variable directly, the
sign and significance of estimating results are still reliable. In light
of Nunn and Leonard (2011), Table 4 is the results testing the direct
effect of environmental regulations on SWB.

The results show that the coefficients of environmental regu-
lations are extremely close to 0, and the statistical significance is
not significant at all, which denotes that the direct effect of envi-
ronmental regulations on SWB is almost null. Comparing the co-
efficients of PM2.5 in Table 4 with those in column (1), (2) and (3) of
Table 3, the absolute values of coefficients in Table 4 are 2e2.5
times compared with those in Table 2 respectively, which indicates
that there is an obvious indirect effect of environmental regulations
on SWB. Therefore, the results in Table 4 show that the direct effect
of environmental regulations on SWB is almost null, while the in-
direct effect through PM2.5 is distinctive. According to the stan-
dards of Nunn and Leonard (2011), it can be assumed that
environmental regulation is an effective instrumental variable for
this study.

In order to verify the conclusions of IV estimation in Table 3, the
thermal inversion is adopted as another instrument variable to
conduct the robustness check. The 2SLS results are shown in
Table 5, and column (1), (2), (3) use the thermal inversions_1 var-
iable while column (4), (5), (6) use the he thermal inversions_2
variable. All the coefficient of PM2.5 are negative and at significant
level of 1%. The Kleibergen-Paap unidentifiable test excludes un-
recognized hypothesis, and the Cragg-Donald and Kleibergen-Paap
tests that thermal inversion is a strong IV. Robustness test of
thermal inversion as an instrument variable shows that there is a
negative causal effect of air pollution on individual SWB, which
verifies the previous conclusions.

5. Mechanism test and heterogeneity analysis

5.1. Mechanism test

Previous studies have discussed the physiological and psycho-
logical mechanisms of air pollution’s effect on SWB. According to
the physiological mechanism, air pollution will worsen individual
physical health, such as increasing the prevalence of cardiovascular
and respiratory diseases, and then have a negative impact on their
SBW (Tella et al., 2003). In light of psychological mechanism, air
pollution will have adverse effects on individual SWB by affecting
people’s mood or mental health, such as making people feel more
depressed or increasing the risk of psychological diseases (Sass
et al., 2017). Therefore, this paper will test those mechanisms of
air pollution on individual long-term SWB from physical and
mental health.

Using mediating effect model to test those possible mecha-
nisms, the results are shown in Table 6. Columns (1) and (2) are
mediating effects in testing physical health, while columns (3) and
(4) are testing mental health. For physical health, PM2.5 will
significantly deteriorate health, thus has a significant negative
impact on SWB, and the effect is about 20.31%. For mental health,
PM2.5 can obviously aggravate the depression, thus also has a
negative effect to SWB, and the effect is 10.41%. The physiological
and psychological mechanisms of PM2.5 affecting individual long-
term SWB have been verified, and the mediating effect of physical
health is obviously larger than that of mental health. Therefore air
pollution will reduce the long-term SWB by worsening their
physical and mental health, and the effect of physical health
mechanism is greater than that of mental health mechanism.

The results of mechanism test in physical and mental health can
be supported by many previous studies (Rotton and Frey, 1984;
Wang et al., 2014; Power et al., 2015; Sass et al., 2017). However, the
effect of PM2.5 on long-term SWB is more through physical health
than through mental health. Compared with other air pollutants,
PM2.5 particles are smaller. On one hand, people cannot perceive
them visually, so they are not likely to affect short-term mood or
psychology. On the other hand, it will stay in the air for a longer
time and enter our lungs, blood (Wu et al., 2013) and even brains
(Guo et al., 2008; Calderon-Garciduenas et al., 2008), which are
more likely to cause long-term damage to the body.

5.2. Heterogeneity analysis

This paper also wish to know the heterogeneous effects of air
pollution on SWB in different people and areas. In order to make
the estimationmore accurate, IV approach is also used, and the2SLS
results are shown in Table 7. Base on previous literature (Mitchell
and Dorling, 2003; Zhang et al., 2017a), the heterogeneous anal-
ysis mainly including gender, education, age, income, child-caring,
heavy polluted zone, etc..,

The male and people under 60s is more sensitive to PM2.5,
which is similar to the conclusion of Zhang et al. (2017a). It may be
due to the fact that women are more tolerant to air pollution than
men and people aged 60 are more tolerant to air pollution than
young people (Yang et al., 2018).The results of education and in-
come show that PM2.5 has a greater negative effect on SWB of
people with high education and income, which consist with the
findings of Yuan et al. (2018), but are contrary to the results of
Huang and He (2013), Zhang et al. (2017a). People with higher
education and incomes should be more sensitive to air pollution
because they have higher requirements for the quality of environ-
ment. In addition, people who care young children (under the age
of 16) are more sensitive to PM2.5. The results is consistent with
that of Zhang et al. (2017a). People living in areas with higher
pollution are more sensitive to PM2.5.

5.3. Discussion of the subjective welfare loss

Using the estimation method of average marginal rate of sub-
stitution for air pollution and absolute income which is developed
by Welsch (2006, 2007) and applied by Levinson (2013), Zhang
et al. (2017a,b), Liang et al.(2018) ect., the evaluation of the eco-
nomic welfare loss of each household can be calculated by the
following equation:

vY
vP jdH¼0

¼ � Y b̂1=b̂2
(2)
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In equation (2), variables have the same meaning as in equation
(1). Calculating the subject welfare loss base on the IV estimation
results in Table 3, the result is vY

vP ¼ ¥3,483, which means that from
2009 to 2012 Chinese families were willing to pay 3483 Chinese
yuan for PM2.5 every year, accounting for 7.7% of the average
household disposable income, which was significantly larger than
that of Zhang et al. (2017a,b) (about 0.5%) and Liang et al.
(2018)(about 3%e4%).

The subjective welfare loss evaluated is obviously larger than
previous studies. Two main reasons may account for that. The first
one is the data matching of spatial dimension at individual level.
Comparing the coefficients of the base line OLS regression with the
results of Levinson (2013), Ferreira andMoro (2010), Mabahwi et al.
(2014), Zhang et al. (2017a,b), and the coefficients of the base line
Ordered Logit and Ordered Probit regression with the results of
Ambrey et al. (2014),Ebenstein et al. (2013), Liang et al. (2018), the
estimated coefficients in Table 2 are significantly larger than those
of others, which means that data matching of spatial dimension at
individual level may have obvious influence on the analysis. It is
possible that the cross-section data in this paper may also results in
the larger coefficients.

To address the cross-section data issues, IV approach is adopted
for more accurate estimation, which is the second reason account
for the larger coefficients. Theoretically, the IV method can produce
more accurate estimation by excluding the influence of possible
potential variables, including those variables related time. This
paper takes use of environmental regulations as an IV for PM 2.5 to
estimate the effects, and conducts detailed analysis on the validity
of IV including identifiability, weak IV possibility and exogeneity,
and also uses thermal inversion as another IV to test the robustness.
The results show that the IV approach is appropriate and effective,
which means that evaluation of welfare loss in this paper would be
more reliable.

It is extremely difficult to deal with the endogenous problem
between SWB and income. Although the estimates do not address
the endogenous issue of income and SWB, as other researchers do
(Levinson, 2012; Ferreira and Moro, 2013; Zhang et al., 2017a,b;
Liang et al., 2018),a series variables related to individual income and
SWB have been controlled, such as hukou, gender, age, years of
schooling, marriage, political identity, religion, ethnicity, social
health care, physical health, social trust, social justice, self-
evaluation of social class, etc. By controlling those variables the
estimated coefficients of absolute income can be sufficiently
accurate.

6. Conclusion

Many studies have evaluated the subjective welfare loss of air
pollution by individual reported SWB, but their results often vary.
The data integration and the endogeneity problems between air
pollution and SWB may account for that.This paper attempts to
address these issues to reexamine the subjective welfare loss of air
pollution.

This paper first measure the air pollution data by pollution
estimation models which developed by the Institute for the Envi-
ronment of the Hong Kong University of Science and Technology
(Lin et al., 2018; Lu et al., 2019), and match the pollution data to the
individual level from the spatial dimension. The estimation results
show that PM2.5 has a negative impact on individual subjective
long-term happiness, and each 1ug/m3 increase in PM2.5 concen-
tration will reduce individual subjective well-being by 0.448 units,
and this elastic coefficient result is significantly larger than the
existing results.

This paper then use the number of environmental regulations in
prefecture-level cities as an instrumental variable for air pollution
to deal with the endogeneity. The results show that the PM2.5
coefficient is significantly negative, which verifies the causal rela-
tionship between PM2.5 and SWB. 1 mg/m3 increase of annual
PM2.5 concentration in a city will result in a subjective welfare loss
equivalent to 7.7% percent of household disposable income, which
implies that previous studies may have underestimated the effect.
This paper conducts enough analysis on the validity of IV including
identifiability, weak IV possibility and exogeneity, and uses thermal
inversions as another instrumental variable of air pollution for
robustness checking. The results also verify the causal effect be-
tween air pollution and SWB.

The mechanism of PM2.5 affecting SWB also has been explored
in this paper. By conducting intermediary effect estimation, the
effect of PM2.5 on individual long-term SWB is more through
physiological health (the direct effect is about 20.31%), than
through psychological health (the direct effect is only about
10.41%).

Finally, this paper analyzes the heterogeneous effects of air
pollution on SWB in different people and areas and find that men,
those under the age of 60, those with high education, high income,
raising minor children and those living in high-pollution areas are
more sensitive to PM2.5. Those results are consistent with many
existing studies (Huang and He, 2013; Yang et al., 2018; Zhang et al.,
2017a,b).

Of course, this paper has some limitations. Firstly, the mea-
surement variables of air pollution and SWB are single. Secondly,
subject to the happiness data from CGSS, our data in this paper are
limited to 2009 to 2012.Thirdly, the data are cross-sectional not
panel. Although this study is about the impact on long-term SWB
and the IV method is conducted, the estimation would be more
accurate if time changes are fully controlled. These problems need
to be further studied and solved in the future.
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