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Abstract

Background There is little evidence on whether PM, s and ground surface ozone have consistent effects on
increased individual medical costs, and there is a lack of evidence on causality in developing countries.

Methods This study utilized balanced panel data from 2014, 2016, and 2018 waves of the Chinese Family Panel
Study. The Tobit model was developed within a counterfactual causal inference framework, combined with a cor-
related random effects and control function approach (Tobit-CRE-CF), to explore the causal relationship between
long-term exposure to air pollution and medical costs. We also explored whether different air pollutants exhibit
comparable effects.

Results This study encompassed 8928 participants and assessed various benchmark models, highlighting the poten-
tial biases from failing to account for air pollution endogeneity or overlooking respondents without medical costs.
Using the Tobit-CRE-CF model, significant effects of air pollutants on increased individual medical costs were identi-
fied. Specifically, margin effects for PM, s and ground-level ozone signifying that a unit increase in PM, s and ground-
level ozone results in increased total medical costs of 199.144 and 75.145 RMB for individuals who incurred fees in the
previous year, respectively.

Conclusions The results imply that long-term exposure to air pollutants contributes to increased medical costs for
individuals, offering valuable insights for policymakers aiming to mitigate air pollution’s consequences.
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Background

Air pollution has long been recognized to have a wide
range of effects on human health, and long-term expo-
sure to air pollutants is associated with a range of adverse
health outcomes, such as an increased risk of dementia
[1], type 2 diabetes [2], and lung cancer [3], among oth-
ers. These associations can lead to increased medical
costs for individuals. One study in South Africa found
that failure to meet the U.S. National Ambient Air Qual-
ity Standard caused $14 billion in premature death-
related losses in 2012, equivalent to 2.2 percent of that
year’s gross domestic product (GDP) [4].

China has adopted a number of measures to control air
pollution in recent years and has made some progress;
however, more improvements are expected in the future
[5]. Not only did China still expose approximately 42% of
its population to an annual average PM, ; concentrations
above 35 pg/m? in 2018 [5], but ground surface ozone
pollution is causing increasing concern [6, 7]. Moreover,
it is estimated that approximately 1.24 million Chinese
people lost their lives to air pollution in 2017 [8]. A pre-
vious study using provincial-level data from China esti-
mated that PM, ¢ could result in $25.2 billion in health
expenditure in 2030, approximately 2% of GDP, in the
absence of a PM, ; pollution control policy [9].

However, studies exploring the causal relationship
between long-term air pollution and individual medi-
cal costs based on large cohorts are lacking, especially
in developing countries such as China. Further, a sig-
nificant problem faced by the current literature is that
the effects of air pollution on health outcomes are often
endogenous [10, 11], and it is challenging to control for
this endogeneity to verify a causal relationship [12, 13].
Another problem is that most of the existing studies have
been conducted at the city level and lack individual-level
evidence; this is particularly important as a significant
proportion of the population does not spend any medi-
cal costs in real life due to their good health. Thus, fail-
ure to properly address this special distribution will lead
to biased results [10]. Furthermore, people may respond
differently to different types of air pollutants, such
that some will be better protected than others [14, 15].
Accordingly, it is of interest to examine whether different
patterns of pollutants have consistent causal effects on
individual medical costs.

To this end, this study utilized balanced panel data
from 2014, 2016, and 2018 waves of the Chinese Fam-
ily Panel Study (CFPS), a large representative long-term
nationwide cohort, to develop a Tobit regression model
combined with correlated random effects and the control
function method to explore the causal effect of long-term
exposure to different types of air pollutants on individ-
ual medical costs. The findings of this study can inform
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policy recommendations for improved control of the
medical costs associated with air pollution.

Methods

Study population

The participants of this study were drawn from the CFPS,
a nationwide, representative longitudinal cohort of Chi-
nese adults. Participants for the CFPS were sampled
from 25 provinces/autonomous regions/municipalities
and were selected using a stratified multistage probabil-
ity strategy. The survey has been conducted every 2 years
since 2010. A 5-year balanced panel of adults (N =28928)
aged 18 years or older, who had never moved out of their
district/county of residence, and who were interviewed
in 2014, 2016, and 2018 were selected for this study. The
county/district coverage of the sample and the number of
participants within each county/district were shown in
Additional file 1: Fig. S1-S3.

The characteristics of the participants included in this
study were also compared with those of the complete
2014 survey sample, as shown in Fig. 1. Although we
were not able to include all respondents due to missing
data and lost follow-up, and the results of the compari-
son between the two groups exhibit differences in some
characteristics, the characteristics of the participants in
this study did not deviate particularly from the complete
population. A flow chart of the participant selection and
analysis process is given in Fig. 2.

Air pollution and instrumental variables assessment

PM, ;s and ground surface ozone were selected as the
proxy variables for air pollution in this study to explore
the causal effects of different types of air pollution on
medical costs. PM, ; is one of the most concerning pol-
lutants globally, producing one of the largest health
burdens [5], while in China, ground surface ozone has
received increased attention in recent years [16]. Another
reason we chose these two pollutants is that the former
represents those pollutants for which people may take
conscious steps to avoid high levels of pollution, while
the latter is the opposite. We will further elaborate on
this point in the discussion. Monthly PM, ; and ground
surface ozone concentrations in China over the study
period, at a 1 km x 1 km resolution, were obtained from
the Tracking Air Pollution in China Database [17]. This
database has been shown to have good long-term accu-
racy within the time frame of this study [17].

Planetary boundary layer height (PBLH) and wind
speed were selected as instrumental variables in this
study. PBLH reflects the depth of air at the Earth’s surface.
Above the planetary boundary layer is the free atmos-
phere, and the transport of pollutants from the boundary
layer to the free atmosphere is slow [18, 19]. Wind speed
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Fig. 1 Characteristics of participants in this study compared to the full surveyed population in CFPS 2014

reflects the speed of air moving at a height of 10 m above
the Earth’s surface. Wind speed may affect pollutant
mobility and thus pollutant concentrations, while PBLH
changes the concentration by changing the volume of
local pollutants [20, 21]. It is generally accepted that air
pollution provides the only satisfactory pathway through
which wind speed and PBLH can affect health outcomes
such as medical costs for residents of a specific area [20,
21]. The inclusion of two or more instrumental variables
provides the opportunity to test the necessary hypothe-
ses that make causal inferences valid [10, 11].

The ERA5 database, a global atmospheric reanaly-
sis product with high spatial and temporal resolution,
developed by the European Centre for Medium-Range
Weather Forecasts (ECMWTF), was accessed to obtain
monthly PBLH data in China at a 2.5 km x 2.5 km resolu-
tion [22]. PBLH was measured in meters (m). The ERA5-
Land was accessed to obtain monthly wind speed data in
China at a resolution of 1 km x 1 km [23]. Wind speed
was measured in meters per second (m/s).

In this study, participants were interviewed for three
waves in 2014, 2016, and 2018, and we calculated the
average PM,, ground surface ozone, PBLH, and wind
speed exposure for each respondent for the twelve
months prior to his/her specific interview time (to the
exact month) for each wave. This allowed for a more

accurate assessment of each respondent’s instrumental
variable data and long-term air pollution exposure.

Medical costs assessment

The CFPS recorded the total hospitalization costs (hos-
pitalization was defined as admission to a hospital room
for at least one night due to illness or accidental injury)
in the year prior to the interview; this included all medi-
cal-related and non-medical-related costs, such as medi-
cal examinations, medical treatments, accommodation,
nursing care, and transportation fees due to hospitaliza-
tion, regardless of whether the individual was reimbursed
by health insurance. Non-hospitalization costs due to
injury or illness, i.e., costs not related to the act of hos-
pitalization in the year prior to the interview, were also
recorded, including expenses such as buying medica-
tions. Thus, the total medical costs variable was recorded
as the sum of the hospitalization-related and non-hospi-
talization costs, and this served as the dependent variable
in this study.

Covariates

The CEPS employs rigorous instruments to ensure data
quality, including the use of uniformly trained surveyors,
field verification and audio confirmation. The reliability
of the questionnaire has been previously confirmed.
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Considering that individual medical costs may be asso-
ciated with a wide range of factors, a range of demo-
graphic, health-related, socioeconomic, and behavioral
confounders were included as variables in this study. The
demographic confounders included the age at interview
and the gender of the participant. Health-related con-
founders included the number of chronic diseases suf-
fered, depressive symptoms, self-rated health status,
subjective memory impairment, and whether the par-
ticipant was hospitalized in the last year. Socioeconomic
confounders included the participant’s medical insur-
ance, marriage status, type of household fuel, type of
house, whether they obtained a subsidy, work status, and
household income. In addition, the number of hospital
beds per capita and income per capita in the participant’s
city were recorded. Habits and behavioral confound-
ers included drinking, smoking, exercising habits, and
whether the participant surfed the internet. A set of year
dummy variables was also included to control for annual
unobservable fixed effects. Detailed information about
the covariates is presented in Additional file 1: Text. S1.

Tobit regression model combined with correlated random
effects and control function method (Tobit-CRE-CF)

The dependent variable was the total medical costs of
the participants. This was a continuous variable with a
value range greater than or equal to zero. If the distribu-
tion of the dependent variable is normal or approaches
normal, the linear regression model (or ordinary least
squares; OLS) can be employed to explore the effects of
long-term exposure to air pollution on individual medi-
cal costs. However, there are many people in China who
do not spend any medical costs for a significant period of
time. For example, in this study, more than 30% of partic-
ipants did not spend any medical costs during the entire
year prior to their interview. Thus, linear regression was
not applicable in this study. As such, a two-step process
was utilized to explore the effect of long-term exposure
to air pollution on individual medical costs: (1) estimate
whether the individual could spend medical costs first
and (2) estimate the fees of the individuals who could
spend medical costs. This type of response variable is also
called a corner solution response or corner solution out-
come [24].

The Tobit regression model is appropriate when the
observed range of the dependent variable is censored in
some way, as in the case of the dependent variable in the
current study [11, 25]. The Tobit model modifies the like-
lihood function so that it reflects the unequal sampling
probability of each observation, depending on whether
the latent dependent variable falls above or below a
defined threshold [26].
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In this study, because the dependent variable, the total
medical costs of the respondent in the previous year,
was greater than or equal to O, it can be assumed to be
censored on the left side, with a censored value of 0, and
unlimited on the right side. The Tobit model in this study
was designed as follows:

Vi iy, >0
Vit = { & lfyli <0 (1)

where i denotes the individual; ¢ is the time (year); y is
the latent measure of the individual total medical costs;
X is the group of independent variables, including the
proxy of air pollutants (PM, ; and ground surface ozone),
then key independent variables, and a set of covariates
(also called confounders); 8 is the coefficient to be esti-
mated; u is a random effect term.

Maximum likelihood estimation (MLE) was used for
the Tobit regression model. The estimation process can
be summarized in three steps: (1) obtain the probabil-
ity density function for y in Eq. (1); (2) obtain the likeli-
hood function based on the probability density function;
(3) obtain the parameters using the Newton—Raphson
method to maximize the value of the likelihood function
[27, 28]. A detailed description of the Tobit regression
estimation method is provided in Additional file 1: Text.
S2.

The Tobit regression model is a useful benchmark but
can be biased by unobserved time-invariant effects, indi-
vidual-specific effects, and endogeneity [29]. Based on
the relevant literature [10, 11, 24, 30], the Tobit regres-
sion model combined with correlated random effects
(CRE) was employed to avoid the estimated bias caused
by unobserved time-invariant and individual-specific
effects, and the control function (CF) was employed to
avoid endogeneity bias.

The key assumption of the CRE regression model is
that the unobserved time-invariant and individual-spe-
cific effects can be denoted by the linear combination of
independent variables [29]. Unobserved time-invariant
and individual-specific effects can be avoided by control-
ling the linear combination of independent variables in
the regression model. The control function (CF) can cor-
rect endogeneity problems by modeling the endogeneity
in the residual. The Tobit regression model combined
with CRE and CF is, thus, robust to the bias caused by
unobserved time-invariant and individual-specific effects
in panel data and to potential endogeneity [10, 31]. The
model in this study can be described as follows:

Airpollutants;, = g(Z,X) + nAirpollutants; + V
T =T
where : g(Z,X) =y +ZT ya + X, Y0+ +Z; 1+ X, @

(2)
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¥4 = Yo + ridirpollutants,, + EV+XT0+p; + ¢,
where . y; = a + @, Airpollutants; + ZtT +)_(,-Tp +9; )
where Air pollutants denotes the PM,; concentration
and ground surface ozone concentration; Z represents
the instrumental variables; X is a set of covariates; V is
the residuals of the endogenous variables fitted by for-
mula (6); y* is the latent measure of the respondent’s
total medical costs, as described in formula (1); u; is the
unobserved time-invariant and individual-specific fixed
effects, which can be explained by a linear combination
of endogeneiTty variables (Airpollutants;), instrumental
variables (Z; ) and a set of covariates (X; ); and ¢;; and
¥ are the random disturbance items. A detailed descrip-
tion of CRE and CF is presented in Additional file 1: Text.
S2.

CRE-CF estimations are robust to endogeneity and
unbiased only if the instrumental variables (Z) can ade-
quately explain variations in air pollution exposure (rel-
evant prerequisite) and lack the ability to independently
explain variations in medical costs (valid prerequisite)
[32]. The Cragg-Donald Wald F test and Sargan test were
used to test the relevant prerequisite [33, 34] and the
valid prerequisite [35], respectively. Explanations of the
Cragg-Donald Wald F test and Sargan test are provided
in Test S2 in the Supplementary File.

To test whether there were unobserved time-invariant
effects, individual-specific effects and potential endoge-
neity, the Hausman specification test was employed in
this study with the null hypothesis that the differences in
the estimates are not systematic [36]. A detailed descrip-
tion of the Hausman specification tests used in this study
is provided in Test S2 in the Supplementary File.

All data management was performed using R 4.0.2. The
statistical analyses were performed with Stata (Version
15.0 SE, Stata Crop, Chicago, IL, USA). P<0.05 was used
to determine statistical significance. The standard errors
of all estimations in the CRE-CF regression model were
computed by the bootstrap method through the resa-
mpling of the dataset 100 times to obtain more robust
estimates.

Results
Descriptive results
Descriptive statistics for the categorical and continuous
variables are reported in Table 1. Columns (1)—(4) rep-
resent 2014, 2016, 2018, and the full sample, respectively.
Due to space limitations, the text mainly presents the
descriptive statistics of variables in the full sample; the
details for 2014, 2016, and 2018 are shown in Table 1.

As shown in Table 1, the full sample included 8928
participants with a total of 26,784 observations, and
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the average age of the participants was approximately
50 years. The average total medical costs were 3117.08
RMB. The average PM,; concentration, ground sur-
face ozone, PBLH, and wind speed were 48.49 pg/m?,
112.67 pg/m?, 488.16 m, and 1.03 m/s, respectively. There
were slightly more females (51.83%) than males (48.17%).
Nearly 80% of the participants across all waves of the
study (78.73%) did not suffer from any chronic disease,
and only approximately 9% suffered from two or more
chronic diseases. The average CES-D score was 24.81,
and approximately 55% of participants across all waves
had no change in self-rated health condition compared
to the previous year. Across all waves, nearly 87% of the
participants were not hospitalized in the year prior to the
interview.

Across all waves, more than 90% were married. More
than 60% (63.98%) of participants across all waves used
clean cooking fuel in their daily life. Overall, 44.37% of
participants lived in a one-story house during the study
period, while 47.22% lived in a multi-story house. More
than 50% did not receive any government subsidies.
Across all waves, a total of 76.89% of participants were
employed and nearly 70% did not report surfing the inter-
net. Nearly 85% did not drink alcohol more than three
times a week, and more than 80% did not smoke in daily
life. Nearly 60% hardly or never take exercise in daily life.

Regression results

Tables 2 and 3 display the impact of exposure to PM, -
and ground surface ozone on individual total medical
costs, respectively. Columns (1)—(5) of the tables report
the regression results for the baseline linear (OLS),
fixed-effects combined with two-stage least square (FE-
2SLS), Pool-Tobit, Tobit-CRE, and Tobit-CRE-CF mod-
els, respectively. For each model, the variable marginal
effects are reported. Moreover, the results of the Haus-
man test, Cragg-Donald Wald F statistic, and Sargan
statistical tests are displayed in the last three rows of
Tables 2 and 3. Due to space limitations, only the esti-
mated coefficients of the main explanatory variables of
interest and the results of some tests are displayed in
Tables 2 and 3. The estimations for the other covariates
are shown in Additional file 1: Table S1-S2.

The P values of the Hausman specification tests
between the estimates of the Pool-Tobit and Tobit-CRE
regression models were smaller than 0.05, suggesting the
presence of unobserved time-invariant and individual-
specific effects that could cause bias in the estimation of
the Tobit regression model. In addition, since the estima-
tion of the residuals of PM, ; was statistically significant,
it is likely that the endogeneity of PM, . would cause bias,
and the resulting estimation results of the Tobit-CRE
model would be inconsistent. The FE-2SLS model does
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Table 1 Descriptive statistics for the key variables in this study

(1) (2) (3) (4)

Variables 2014 2016 2018 Total
Total medical costs (RMB) 2347.16 (7908.26) 3045.24 (12,337.98) 395884 (13,829.97) 3117.08 (11,652.05)
Average PM, 5 concentrations (ug/m3) 56.45 (22.06) 47.98 (17.86) 41.05 (13.56) 4849 (19.22)
Ground surface ozone (Ng/m3) 105.71 (9.81) 111.19(11.87) 121.11 (15.21) 112.67 (14.02)
Planetary boundary layer height (m) 489.26 (68.79) 487.53 (74.86) 487.68 (70.39) 488.16 (71.39)
Wind speed (m/s) 1.03 (0.55) 1.00 (0.50) 1.07 (0.57) 1.03 (0.54)
Age (year) 50.11 (13.00) 52.16 (12.98) 54.11 (13.00) 52.13(13.09)
Gender

Female 4627 (51.83) 4627 (51.83) 4627 (51.83) 13,881 (51.83)

Male 4301 (48.17) 4301 (48.17) 4301 (48.17) 12,903 (48.17)
Number of chronic diseases

Zero 7083 (79.33) 7082 (79.32) 6922 (77.53) 21,087 (78.73)

One 1160 (12.99) 1086 (12.16) 1050 (11.76) 3296 (12.31)

Two or more 685 (7.67) 760 (8.51) 956 (10.71) 2401 (8.96)

CES-D scores 9.06 (3.83) 32.27 (8.00) 33.10(8.20) 24.81(13.14)
Whether healthier than last year

Healthier 850 (9.52) 800 (8.96) 861 (9.64) 2511(9.38)

No change 5085 (56.96) 4984 (55.82) 4631 (51.87) 14,700 (54.88)

Worse 2993 (33.52) 3144 (35.22) 3436 (38.49) 9573 (35.74)
Whether hospitalized last year

No 7905 (88.54) 7712 (86.38) 7509 (84.11) 23,126 (86.34)

Yes 1023 (11.46) 1216 (13.62) 1419 (15.89) 3659 (13.66)
Subjective memory impairment

Very bad 2139 (23.96) 1506 (16.87) 1760 (19.71) 5405 (20.18)

Bad 2253 (25.24) 2304 (25.81) 1404 (15.73) 5961 (22.26)

Not bad 2309 (25.86) 2619 (29.33) 2707 (30.32) 7635 (28.51)

Well 1220 (13.66) 1422 (15.93) 1(20.51) 4473 (16.70)

Very well 1007 (11.28) 1077 (12.06) 1226 (1 3.73) 3310(12.36)
Medical insurance

UEBMI 1372 (15.37) 1419 (15.89) 1432 (16.04) 4223 (15.77)

URBMI 716 (8.02) 700 (7.84) 801 (8.97) 2217 (8.28)

NCMS 6575 (73.64) 6604 (73.97) 6492 (72.72) 19,671 (73.44)

Others 265 (2.97) 205 (2.30) 203 (2.27) 673 (2.51)
Marriage status

Married 8091 (90.63) 8079 (90.49) 7987 (89.46) 24,157 (90.19)

Single 327 (3.66) 244 (2.73) 212 (2.37) 783 (2.92)

Divorce/widowed 510(5.71) 605 6.78) 729 (8.17) 1844 (6.88)
Household cooking fuel

Clean 5283 (59.17) 5658 (63.37) 6195 (69.39) 17,139 (63.98)

Unclean 3645 (40.83) 3270 (36.63) 2733 (30.61) 9648 (36.02)
Type of house

One-story 4089 (45.80) 3785 (42.39) 4010 (44.91) 11,884 (44.37)

Multi-story 4312 (48.30) 4491 (50.30) 3844 (43.06) 12,647 (47.22)

Unknown 527 (5.90) 652 (7.30) 1074 (12.03) 2253 (841)
Whether obtaining any subsidy

Yes 3646(40.84) 4365 (48.89) 4424 (49.55) 12,435 (46.43)

No 5282 (59.16) 4563 (51.11) 4504 (50.45) 14,349 (53.57)
Work status

Unemployed 55(0.62) 50(0.56) 45(0.50) 150 (0.56)
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Table 1 (continued)
(1 (2 (3) (4)

Variables 2014 2016 2018 Total
Employed 6997 (78.37) 6867 (76.92) 6730 (75.38) 20,594 (76.89)
Retired 1838 (20.59) 1995 (22.35) 2149 (24.07) 5982 (22.33)
Unknown 38(0.43) 16 (0.18) 4(0.04) 58(0.22)

Habit of surfing the internet
Yes 1857 (20.80) 2730 (30.58) 3681 (41.23) 8268 (30.87)
No 7071 (79.20) 6198 (69.42) 5247 (58.77) 18,516 (69.13)

Habit of drinking
No 7487 (83.86) 7527 (84.31) 7493 (83.93) 22,507 (84.03)
Yes 1441 (16.14) 1401 (15.69) 1435 (16.07) 4277 (15.97)

Whether smoking
No 6266 (70.18) 6356 (71.19) 6294 (70.50) 18,916 (70.62)
Yes 2662 (29.82) 2572 (28.81) 2634 (29.50) 7868 (29.38)

Exercise habits
Frequently 1804 (20.21) 2371 (26.56) 2871 (32.16) 7046 (26.31)
Occasionally 1217 (13.63) 1267 (14.19) 1583 (17.73) 4067 (15.18)
Hardly/never 5907 (66.16) 5290 (59.25) 4474 (50.11) 15,671 (58.51)

Household per capita income quantile
0-25%,1st 2022 (22.65) 2331 (26.11) 2275 (25.48) 6628 (24.75)
25-50%, 2nd 2158 (24.17) 2517 (28.19) 2591 (29.02) 7266 (27.13)
50-75%, 3rd 2335 (26.15) 2303 (25.80) 2308 (25.85) 6946 (25.93)
75-100%, 4th 2413 (27.03) 1777 (19.90) 1754 (19.65) 5944 (22.19)
City per capita income 50,108.94 (14,143.32) 61,082.38 (18,472.41) 73,816.49 (22,000.81) 61,669.27 (20,870.87)
City per capita hospital beds 4740 (18.27) 51.20 (19.07) 49.49 (20.40) 4936 (19.33)
Total 8928 8928 8928 26,784

Note: (1) For the continuous, statistics reported are the sample mean with the standard deviation in parentheses; (2) For the categorical, statistics reported are the
sample frequency with the percentage in parentheses; (3) UEBMI Urban Employment Basic Medical Insurance, URBMI Urban Residents Basic Medical Insurance, NCMS
New Cooperative Medical Scheme, Others free medical care, another supplement insurance, and full-self fee

Table 2 Estimation results of the effects of PM, s on the total medical costs

Variables In (total medical costs) Total medical costs
(1M (2) (3) (4) (5)
Linear regression Fixed-effects 2SLS Pool-Tobit Tobit-CRE Tobit-CRE-CF
PM, 5 —0.008*** 0.052 — 16.527%** —47.180% 526.396*
(0.001) (0.048) (4.598) (18.675) (232.711)
PM,s_residual - - - - — 576.490*
- - - - (230.521)
Other control variables Yes Yes Yes Yes Yes
Year dummy Yes Yes Yes Yes Yes
Correlated random effects No No No Yes Yes
N 26,784 26,784 26,784 26,784 26,784
R? 0342 0.180 - - -

Cragg-Donald Wald F statistic -
Sargan statistic _

48.229>19.93

1.245 (P=0.265>0.05)

Note: (1) Standard errors in parentheses; (2) Other control variables include a set of covariates; (3) Correlated random effects: a linear combination of endogenous
variables, instrumental variables and covariates; (4) *p <0.05, **p <0.01, ***p < 0.001
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Table 3 Estimation results of the effects of ground surface ozone on the total medical costs
Variables In (total medical fees) Total medical fees

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

Linear regression Fixed-effects 2SLS Pool-Tobit Tobit-CRE Tobit-CRE-CF
Ground surface ozone —0.009*** 0.023 —4.859 46.420%* 198.626*

(0.001) (0.019) (6.752) (16.254) (87.428)
Ozone_residual - - - - —156.447

- - - (91.514)

Other control variables Yes Yes Yes Yes Yes
Year dummy Yes Yes Yes Yes Yes
Correlated random effects No No No Yes Yes
N 26,784 26,784 26,784 26,784 26,784
R 0.341 0.192 - -
Cragg-Donald Wald F statistic 241.401>19.93 - - -

Sargan statistic

0.898(P=10.343>0.05) - -

Note: (1) Standard errors in parentheses; (2) Other control variables include a set of covariates; (3) Correlated random effects: a linear combination of endogenous

variables, instrumental variables and covariates; (4) *p <0.05, **p <0.01, ***p < 0.001

not consider the distribution of the total medical costs,
in which more than 30% of observations were equal to 0;
thus, this would lead to biased estimates. Considering the
inconsistent estimations provided by the OLS, FE-2SLS,
Pool-Tobit, and Tobit-CRE regression models, the follow-
ing discussions are mainly based on the results estimated
by the Tobit-CRE-CF regression model.

The coefficient of PM, ; estimated by the Tobit-CRE-
CF regression model was 526.396, as shown in column
(5) of Table 2, and it was statistically significant at the 5%
level, indicating that PM, ; exposure concentration was
positively associated with total medical costs. This sug-
gests that long-term exposure to PM, 5 increases CFPS
participants’ total medical costs. However, the PM,
coefficients estimated by the OLS, FE-2SLS, Pool-Tobit,
and Tobit-CRE models were—0.008, 0.052,—16.527,
and —47.180, as shown in columns (1)-(4) of Table 2,
respectively. Some of these values contrast with the esti-
mate provided by the Tobit-CRE-CF regression model,
suggesting that neglecting the dependent variable distri-
bution and the presence of unobserved time-invariant
and individual-specific fixed effects as well as potential
endogeneity cause substantial biases and can even lead to
the wrong conclusion.

The coefficient of ground surface ozone estimated
by the Tobit-CRE-CF regression model was 198.626,
as shown in column (4) of Table 3, and it was statis-
tically significant at the 5% level. This indicates that
ground surface ozone exposure is also positively asso-
ciated with total medical costs. However, the coeffi-
cients for ground surface ozone estimated by the OLS,
FE-2SLS, Pool-Tobit, and Tobit-CRE regression models
were —0.009, —0.023, — 4.859, and — 46.420, respectively,

as shown in columns (1)—(4) of Table 3. Some of these
values are inconsistent with the estimate provided by the
Tobit-CRE-CF regression model. Again, this indicates
that neglecting the dependent variable distribution and
the presence of unobserved time-invariant and individ-
ual-specific fixed effects, as well as potential endogeneity,
cause significant bias. This highlights the importance of
the empirical strategies employed in the current study.
For PM, ; and ground surface ozone, the Cragg-Donald
Wald F statistics were both greater than the Stock-Yogo
weak ID test critical value of 10%, suggesting that the
relevant prerequisite was valid. Namely, the instrumen-
tal variables are both strongly related to the endogenous
variable. The P values of the Sargan statistics were both
greater than 0.05, indicating that overidentification did
not exist in this study. This indirectly suggests that the
valid prerequisite of the instrumental variables was met.
In this study, the Tobit-CRE-CF regression model, a
kind of limited dependent model, is used to estimate
more accurate effects. However, as a compromise, it is
hard to interpret the coefficients. To understand the
results better, we calculate the marginal effect of the
model: (1) the marginal effects for the latent measure
of total medical costs (y); (2) the marginal effects for
the latent measure of total medical costs in the condi-
tion where the observed total medical costs were greater
than 0; namely, the marginal effects for the latent meas-
ure of total medical costs for the individuals who could
spend medical costs last year (y|y>0); and (3) the mar-
ginal effects for the observed measure of total medical
costs in the condition where the observed total medi-
cal costs were equal to 0; namely, the marginal effects
for the observed measure of total medical costs for the
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individuals who could not spend medical costs last year
(yly > 0). Specifically, for PM, ; concentration and ground
surface ozone, the margin effects for the observed meas-
ure of the total medical costs for the individuals who
spent any medical fees last year (y|y>0) are 199.144
and 75.145, respectively, and both significant at 5%
level, which means that when PM, ; concentration and
ground surface ozone increase one unit, the total medical
costs for the individuals who spent medical fee last year
increase by 199.144 and 75.145 RMB, respectively. The
results are shown in Additional file 1: Table S3.

Modification analysis

We preliminarily explored whether the effects of long-
term air pollution exposure on individual medical costs
are mitigated by gender and age, and the estimates are
shown in Additional file 1: Table S4.

Column (1) and (2) of Table S4 show the results of the
modification analysis of gender for PM, ; concentration
and ground surface ozone, and column (3) and (4) show
the results of the modification analysis of age for PM, -
and ground surface ozone. The estimated coefficient of
the interaction term between female and PM, ; is greater
than 0 and significant at 5% level, which means the harm-
ful effects of long-term PM,; exposure on individual
medical costs are greater than male, while the modifica-
tion effects of gender are not significant for ground sur-
face ozone exposure. The estimated coefficient of the
interaction term between age and ground surface ozone
is greater than 0 and significant at 5% level, which means
that the order the individual, the greater the harmful

Table 4 The estimated results of robust test
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effects of long-term ground surface ozone exposure on
the individual medical costs, while the modification
effects of age are not significant for PM, ; exposure.

Robustness test

Two strategies were adopted to exclude the effects of
extreme total medical cost values. First, the total medi-
cal cost data were trimmed so that maximum costs of
1% were deleted. Using the same regression model and
methods, the robustness of our findings was tested. Sec-
ond, the upper limit of the total medical costs was set to
100,000 RMB in the Tobit-CRE-CE. In this case, if the
total medical costs were more than 100,000 RMB, they
were recorded as 100,000 RMB.

Columns (1) and (2) of Table 4 report the results of the
robustness test of the trimmed 1% dataset. The PM, 5
and ground surface ozone coefficients were 198.836 and
72.748, respectively, and both were statistically significant
at the 5% level. Columns (3) and (4) of Table 4 report the
results of the robustness test based on the Tobit-CRE-CF
model with an upper limit of 100,000 RMB. The PM, ¢
and ground surface ozone coefficients were 484.622 and
175.289, respectively, and both were statistically signifi-
cant at the 5% level. These results indicate that the PM, 5
concentration and ground surface ozone exposure con-
centration are positively associated with total medical
costs, which is consistent with the main regression analy-
ses. This suggests that the results are robust.

Non-hospitalization medical costs were also used as
a dependent variable to test whether the causal effect of
air pollution on medical costs persisted after excluding

Variables Total medical fees
Trimmed 1% Up limit 100,000 RMB Non-hospitalization medical
costs
(1) (2) (3) (4) (5) (6)
PM, 5 198.836% 484.622% - 238.334%
(85.367) - (188.291) - (93.762) -
PM,s_residual —220.51* —528.834** - —258.637%* -
(87.291) (187.738) - (93.031) -
Ground surface ozone - 72.748* - 175.289*% - 92.122*%
- (36.066) (73.091) (35.984)
Ozone_residual - —64.072 - — 141464 - —80.904*
- (38.052) - (76.652) - (36.320)
Other control variables Yes Yes Yes Yes Yes Yes
Year dummy Yes Yes Yes Yes Yes Yes
Correlated random effects Yes Yes Yes Yes Yes Yes
N 26,133 26,133 26,784 26,784 26,784 26,784

Note: (1) Standard errors in parentheses; (2) Other control variables include a set of covariates; (3) Correlated random effects: a linear combination of endogenous

variables, instrumental variables and covariates; (4) *p <0.05, **p <0.01, ***p < 0.001
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hospitalization costs. Columns (5) and (6) of Table 4
report the results of this robustness test. The PM, ; and
ground surface ozone coefficients were 238.334 and
92.122, respectively, and both were statistically signifi-
cant at the 5% level. These results indicate that the PM, ;
concentration and ground surface ozone exposure are
positively associated with non-hospitalization medical
costs, suggesting that the causal effect of air pollution
on medical costs persists after excluding hospitalization
costs. Only the estimated coefficients of the independent
variables of interest and the results of some tests are dis-
played in Table 4.

Discussion

This study successfully utilized a large representative
national longitudinal cohort study to construct causal
models using the Tobit-CRE-CF method and found that
long-term exposure to air pollutants may lead to higher
medical costs for individuals, regardless of whether the
air pollution is severe enough to cause an individual to be
hospitalized and whether the individual may take differ-
ent measures to cope with the air pollutants.

This study has the following strengths. First, to our
knowledge, it is the first to assess the effects of different
types of air pollutants on individual healthcare costs over
time using a large, long-term, national cohort, and corre-
sponding causal models. Currently, the literature mainly
focuses on the health impact of air pollution and lacks
evidence from developing countries [37], individual-level
evidence [9, 38], and comparisons of different types of
pollutants [39]. Moreover, most published studies do not
consider causal effects [40] or the reality that a significant
portion of the population may not spend healthcare costs
for a long period of time. This is particularly important
when exploring economic burdens, as an accurate assess-
ment of the impacts of air pollution can be decisive in
how policymakers adopt relevant measures [13].

Importantly, as mentioned above, this study provides
a useful response to the problem of a significant propor-
tion of respondents with zero medical costs incurred
over the study period. China began its healthcare reform
in 2009 in response to public dissatisfaction with the lim-
ited accessibility and high cost of healthcare, and while
considerable results have been achieved, more progress
is expected [41]. Thus, among the respondents who did
not spend any medical expenses in the year prior to their
interview, while some of them may have been in good
health and did not need to spend any medical costs, oth-
ers may have needed to seek medical help but did not
due to economic conditions, the accessibility of medical
services, and other reasons [41, 42]. It is not reasonable
to generalize these respondents to the group with zero
medical costs and directly perform OLS or IV+2SLS

Page 11 of 14

[24]. Therefore, in this paper, a Tobit regression model
was used to determine whether the respondents were
expected to spend medical costs based on their com-
prehensive characteristics. This effectively prevented the
bias caused by the mishandling of too many 0 values.

In addition, this study developed, applied, and vali-
dated the Tobit-CRE-CF method, which is able to deal
simultaneously with time-invariant effects, individual-
specific effects, endogeneity of air pollutants, and the
presence of some participants who had not to spend any
medical costs during the study period [10, 11, 24, 43].
In previous explorations of the relationship between air
pollutant exposure and adverse health outcomes, the big-
gest obstacle often encountered is the endogeneity of air
pollution [12, 30, 44]. One commonly cited explanation
is reverse causality, i.e., endogeneity due to the possibil-
ity that people with high medical costs may engage in air
pollution mitigation behaviors such as “chasing clean air”
[45]. The results of the OLS, Pool-Tobit, and Tobit-CRE
models in this study suggested that long-term exposure
to air pollutants may contribute to lower healthcare costs
even after comprehensively controlling for confounding
factors. This result largely corroborates the presence of
endogeneity of air pollution. Based on this consideration,
the endogeneity of air pollution was controlled using the
CF method. We were fortunate to identify two reasonable
instrumental variables, PBLH, and wind speed, and their
rationality and validity were demonstrated by a series of
rigorous tests. These results verified the validity of the
observed causal effects.

Long-term exposure to air pollutants may have mul-
tiple adverse effects on human health. PM, - exposure
may cause asthma [46], atherosclerosis [47], etc., while
ground surface ozone may cause cardiovascular disease
[48], emphysema [49], and damage to the central nerv-
ous system [50], etc., all of which may lead to higher
individual medical costs. This study explored the causal
effects of different types of pollutants on medical costs
using PM, - and ground surface ozone as two represent-
atives. The consideration is that people may have differ-
ent responses to different pollutants; for example, most
people are more familiar with PM, ¢ pollution, which
is usually widely publicized and one of the pollutants
that causes the greatest adverse health and economic
burden, and are therefore more likely to take appropri-
ate protective measures, such as reducing exposure by
going out less or wearing a mask [15, 51], whereas they
are less familiar with ground surface ozone pollution,
which although it has gained increasing attention in
recent years in the Chinese government and often has
difficulty judging its severity, they are more likely to go
out in brighter weather when ozone pollution is more
severe, increasing exposure [7, 14, 52]. The importance
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of controlling air pollutants is further supported by the
finding in this study that long-term exposure to differ-
ent types of air pollutants causes an increase in indi-
vidual medical costs.

The medical costs in this study evaluated the sum of
total hospitalization medical costs and total non-hospi-
talization medical costs of respondents due to illness or
accidental injury. It is worth noting that the costs evalu-
ated include not only direct medical costs, such as medi-
cine, treatment, and ward fees but also indirect medical
costs, such as lodging, meals, and caregiver fees. Consid-
ering the rigorous instruments adopted by the CFPS to
ensure data quality, this gives us the opportunity to com-
prehensively evaluate the complete economic impact of
air pollution exposure. In addition, this study further
validates that there is a consistent effect of air pollution
exposure on the costs associated with medical actions
that are not severe enough to warrant hospitalization.

Despite its strengths, there are several limitations
of this study that should be noted. First, the pollutant
exposure estimates in this study were made at the dis-
trict/county level, which requires the assumption that
respondents always stay within their district/county.
However, given that only those who did not move out
of the district/county during the study period were
included, this is not likely to have had a substantial
impact on the study conclusions. Second, despite the
detailed justification of the research process in this
paper, caution should be adopted when inferring the
causal impact of long-term air pollution on individual
medical costs, and future studies should combine mul-
tiple causal approaches to comprehensively assess the
causal effects of air pollutants on medical costs while
conducting a full range of heterogeneity and mecha-
nism exploration. Third, it is possible that some minor
diseases or injuries caused by long-term exposure to
air pollutants would not prompt individuals to seek
help and spend costs, regardless of whether they are
hospitalization-related or non-hospitalization-related
medical costs. In addition, data limitations make it dif-
ficult to assess the costs associated with death, which
should have been included in medical cost consid-
erations. Nonetheless, if this was the case, the current
estimates would provide an underestimation of the
effects of long-term exposure to air pollutants on indi-
vidual medical costs. Finally, the rigorous methodology
adapted in this paper to more accurately assess the cau-
sality of air pollution on health care costs also allows us
to make some concessions in the ability to fully assess
health care costs in China. Further research should be
conducted in the future to assess the economic burden
associated with air pollution.
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Conclusions

Using a large, long-term, representative nationwide
cohort, this study developed and validated a Tobit-
CRE-CF model to control for unobserved time-invari-
ant effects, individual-specific effects, and endogeneity
and to address the issue of the large number of partici-
pants who did not spend medical costs during the study
period. The results revealed that long-term exposure
to air pollutants contributes to higher individual medi-
cal costs, regardless of whether the air pollution causes
individuals to get sick enough to require hospitalization
or whether individuals may adopt various measures to
minimize their pollutant exposure.
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