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A B S T R A C T

We identify the short-term effects of PM2.5 concentrations on medical costs in Beijing by
analyzing two datasets: one detailing daily air quality indexes over a four-year period and the
other containing individual-level records of all health care visits and medical transactions that
occurred under a government insurance program that covers most city residents. We find that
both higher levels of air pollution and longer-lasting pollution episodes significantly increase
health care visits and medical expenditures. An analysis of multiple-day pollution episodes
shows that marginal health care visits and marginal health costs start to increase as the pollution
event lasts for consecutive days. Omitting the variation in the magnitude of the marginal effects
of pollution exposure over the course of a pollution episode would lead to the underestimation
of the total health costs of air pollution. Our findings provide empirical evidence that both
the intensity and the duration of pollution episodes are critical considerations when designing
policies to reduce the health costs of air pollution.

. Introduction

Air pollution is a major environmental risk to human health across the globe. Estimates from the World Health Organization
WHO) show that ambient air pollution caused 4.2 million premature deaths worldwide in 2016.1 Air pollution affects people
verywhere, but the burden is greatest in low- and middle-income countries where the air pollution levels are some of the highest
n the world, the resources to address pollution are limited, and both the establishment and enforcement of related regulations
re often lacking. Poor air quality imposes increased health costs related to cardiovascular and respiratory diseases, shortened life
xpectancy, and lower productivity. However, the exact extent of the medical costs imposed by severe air pollution is still not well
nderstood because of both the lack of large-scale, high-quality medical expenditure data and the lack of variation in air pollution
evels needed to detect and analyze the dose–response relationship.

A growing literature in economics has aimed to quantify the causal impact of air pollution on health. This literature has largely
ocused on mortality, especially among infants and elderly individuals (Chay and Greenstone, 2003; Currie and Neidell, 2005; Currie
t al., 2009; Currie and Walker, 2011; Knittel et al., 2015; Deryugina et al., 2019). These studies either exploit geographic variation
n pollution levels and/or rely on variation in air quality due to traffic regulations. Some studies have used health insurance records
o investigate the impacts of air pollution on human health (Deschênes et al., 2017; Williams et al., 2019; Deryugina et al., 2019).
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Other research has investigated the impact of air pollution on contemporaneous health by estimating the impact of pollutants on
hospital visits for respiratory or cardiovascular diseases (Moretti and Neidell, 2011; Schlenker and Walker, 2016). These studies have
all focused on developed countries, and they often estimate the health costs of air pollution by assuming a constant marginal effect
of pollution exposure. While some studies have explored defensive expenditures related to air pollution in the context of low- and
middle-income countries (Zhang and Mu, 2018; Ito and Zhang, 2019), few studies have estimated the exact morbidity costs caused
by acute air pollution — likely because of the absence of ideal, high-frequency health data from areas experiencing large-magnitude
variations in air quality. One exception is the work of Barwick et al. (2018), who make a first attempt to estimate the morbidity
cost of air pollution in China. Using the universe of credit- and debit-card transactions in Chinese health facilities between 2013 and
2015, they find that the morbidity cost of air pollution is approximately two-thirds of the mortality cost estimates. However, their
data are restricted to bank card transactions in healthcare facilities, which does not include insurance payments or other payment
methods, and they do not have information on diagnoses or detailed medical expenses.

By using transaction-level data on medical expenses with detailed treatment information from the city’s largest medical insurance
rogram, this paper estimates the short-term effects of exposure to air pollution on medical expenditures in Beijing, which suffers
rom notoriously high levels of air pollution. In 2013, annual fine particulate matter (PM2.5) concentration readings in Beijing

reached 89.5 micrograms per cubic meter (μg∕m3), 18 times the World Health Organization’s guideline level in 2021. In mid-January
2013, Beijing’s PM2.5 readings sometimes exceeded 900 μg∕m3, which is far above the ‘‘beyond index’’2 level and is considered
to be extremely hazardous. This striking degree of day-to-day variation in and the frequent occurrence of high levels of PM2.5
concentrations in Beijing provide an opportunity to examine the short-term causal effects of exposure to high levels of ambient air
pollution as evidenced by health care visits, overall medical spending, and spending on respiratory drugs, cardiovascular drugs, and
all other western medications.

In addition, long-lasting pollution episodes are commonplace in Beijing and other metropolitan areas in China. Although
environmental scientists have recognized the need for episode-based research (Guo et al., 2014; Tan et al., 2018), empirical economic
studies of air pollution have yet to address the issues that may arise not only from the intensity of pollution but also from the
duration of pollution episodes. The frequent occurrence of such pollution events in Beijing allows us to investigate the variation in
the magnitude of the marginal impacts of air pollution on health outcomes over the course of a pollution episode.

We access detailed, transaction-level data on medical expenses incurred between 2013 and 2016 through the Urban Employee
Basic Medical Insurance (UEBMI) program in Beijing, which covers the majority of the city’s formal residents. The detailed
information on various medication expenditures provided by the UEBMI dataset allows us to explore the impact of pollution exposure
on different disease-specific medication categories. Having access to the universe of transactions for all beneficiaries covered by the
program also enables us to estimate the health costs of pollution for a wide range of different population groups. For each date,
we examine individual transactions for all beneficiaries enrolled in the UEBMI program in Beijing at the subpopulation-group level
defined by age and gender. We next combine group-by-day-level medical data with daily air pollution readings averaged from across
all monitoring stations in Beijing from 2013 to 2016. To capture individuals’ short-term responses to pollution exposure, we focus
on medical outcomes over a three-day period in our analysis. These combined data allow us to estimate the linear effects of air
pollution on medical spending by controlling for weather conditions and for a rich set of time fixed effects. To address endogeneity
concerns related to time-varying unobservables correlated with both air pollution and medical expenditures, we estimate causal
effects by adopting an instrumental variables (IV) approach, with atmospheric thermal inversions as the instrument.

To examine the impact of pollution duration, we analyze and compare the effects on health care visits and medical expenditures
that result from pollution events that last for a single day (single polluted days) and from those that continue over longer periods
(pollution episodes). After identifying all air pollution episodes in Beijing during the 2013–2016 period, we adopt a flexible approach
that allows the marginal effects of PM2.5 concentrations on health care visits and costs to evolve over the course of an episode.

ith this episode-based specification, we further investigate (1) whether the health impacts of pollution episodes are heterogeneous
cross the population and (2) how pollution levels interact with the dynamics of health care utilization over pollution episodes.

The results of our linear effects specification reveal that a 10 μg∕m3 increase in PM2.5 leads to a 0.387 percent increase in
hree-day health care visits and a 0.376 percent increase in three-day medical expenses, suggesting a marginal increase of 1.13
ercent in total annual medical expenses. This magnitude of this estimate is close to that of the relative effects found in the United
tates for an elderly population facing much lower PM2.5 concentrations than Beijing residents. As shown by Deryugina et al. (2019),
npatient admissions rates for the US elderly population rose by 0.66 percent, and inpatient spending for Medicare beneficiaries rose
y 0.51 percent in response to a 10 μg∕m3 increase in PM2.5. Our linear effects results are also comparable to findings from China
y Barwick et al. (2018), who show that an increase of 10 μg∕m3 in PM2.5 causes a 0.65 percent increase in the number of healthcare
ransactions in the short run and a 1.5 percent increase in the value of those transactions. The authors estimate a total healthcare
ost that is approximately two-thirds the size of the mortality cost estimates in the literature.

The results from our episode-based analysis, which examines the varying marginal impacts of air pollution over the course of a
ollution episode, reveal that larger responses emerge as the pollution event lasts for more consecutive days; this finding implies
hat efficiency in terms of medical costs – and benefits for human health – could be increased even further by taking steps to reduce
ir pollution events with a longer duration. A back-of-the-envelope calculation based on the episode-based analysis implies that the
otal medical cost of air pollution is equal to 3.15 billion USD per year,3 relative to no pollution, for Beijing UEBMI beneficiaries.

2 See the report by the New York Times. https://www.nytimes.com/2013/01/13/science/earth/beijing-air-pollution-off-the-charts.html.
3 We use an exchange rate of 3.664 CNY per USD, the purchasing power parity rate for 2013 (OECD, 2021), throughout the analysis.
2
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This estimate is approximately 70 percent larger than the cost estimated by using the linear effects specification (1.83 billion USD),
suggesting that the omission of variation in the magnitude of the health effects over the course of an episode leads the actual health
costs of pollution to be underestimated, especially in settings with frequent occurrences of high-level and long-lasting pollution
events.

Our analysis contributes to the existing economic literature on air pollution in the following ways. First, the use of detailed
nformation on medical expenses and prescriptions enables us to estimate the impacts of air pollution on expenses in different
edication categories. Second, access to detailed personal data enables us to estimate the distribution of the health impacts of air
ollution across a wide spectrum of people rather than members of vulnerable groups (infants and the elderly) only, as is largely the
ase in the existing literature. Third, unlike other relevant studies, our analysis explores the specific features of pollution episodes
n China and identifies the variation in health costs over the course of a pollution episode, which greatly matters for an accurate
stimation of the total health costs of air pollution. Our episode-based study allows us to provide empirical evidence that both the
ntensity and duration of air pollution episodes are critical considerations when designing policies to enhance air quality and reduce
ealth costs.

The rest of the paper is organized as follows: Section 2 provides a brief description of the data on medical insurance, air quality
nd weather conditions. Section 3 introduces empirical models and identification strategies. Section 4 presents the estimation results
or the linear effects of PM2.5 concentrations on health care visits and medical costs, the estimated impact of air pollution from the
pisode-based analysis, and the heterogeneous effects among different demographic groups as well as different pollution levels.
ection 5 concludes.

. Background and data

To estimate the medical costs of air pollution, our study takes advantage of a dataset from the UEBMI program in Beijing. This
dministrative dataset records every hospital visit and transaction for each beneficiary.4 As such, it provides rich information about
edical expenses and allows us to investigate various outcomes of interest.

.1. Beijing Urban Employee Basic Medical Insurance dataset

The universal basic medical insurance system developed by the Chinese central government maintains a 95 percent total
nrollment rate (Yu, 2015). As one of the pillars of the basic medical insurance system, the UEBMI program is jointly funded by
mployees and employers, and it is the primary program that helps cover healthcare expenses for urban residents. As a government-
un, mandatory social insurance program, UEBMI is administered at the municipal level and covers all urban residents employed in
he formal sector, with coverage continuing after retirement. The family members of beneficiaries are not automatically covered by
he program unless they themselves are employed in the formal sector. Therefore, the unemployed, those who work in the informal
ector, and rural residents are not covered under this program.5 Since UEBMI coverage is based on employment, individuals are
ligible to join UEBMI based on the city where they are employed rather than the city where their registered residence is located
nder the hukou system.

In the Beijing UEBMI system, each beneficiary maintains an account, and each medical service payment that the beneficiary
akes in a hospital, such as for registration fees, examination fees, or medication fees, is recorded. Nonhospital visits to medical
ersonnel and the transactions that take place in nonhospital-affiliated pharmacies or drug stores are not included in the UEBMI
ata, nor are visits to hospitals or medications purchased outside Beijing. However, we believe that the expenditures recorded in the
EBMI data still capture the majority of medical-related spending among UEBMI beneficiaries for the following reasons. First, in
hina, health care services are provided mostly by hospitals, and most physicians are full-time employees at hospitals. Outpatient
are in nonhospital clinics is rarely provided (Burns and Liu, 2017). Therefore, patients usually visit hospitals directly to seek
reatment, including for nonemergency visits, and they usually prefer large hospitals with high-quality medical resources. Second, all
ospitals in China operate their own pharmacies for outpatient drug sales. As a result, most patients purchase over-the-counter (OTC)
r prescription medication directly from the hospital after seeing a doctor.6 Medication purchases made in nonhospital-affiliated drug

stores accounted for only 9.3 percent of overall drug consumption in 2014.7
We use confidential data from the Beijing UEBMI maintained by the Beijing Municipal Medical Insurance Bureau. We use data

overing the 2013–2016 period.8 According to our dataset, 19.7 million individuals were enrolled in the Beijing UEBMI at the end

4 In China, health care services are mostly provided by hospitals. Visits to hospitals could thus include nonemergency visits to primary care physicians or
ther health care providers that would take place in a clinic or other nonhospital setting in countries such as the United States. See Section 2.1 for a more
etailed introduction to the Chinese health care system and health insurance programs.

5 The other two government-run complementary basic medical insurances programs are the Urban Resident Basic Medical Insurance (URBMI) program, which
overs urban residents who are either unemployed or who work in the informal sector, including disabled individuals and children, and the New Rural Cooperative
edical Insurance (NRCMI) program, which covers rural residents. These two programs, together with UEBMI, cover the majority of residents in China.
6 In China, patients have to register with their ID before receiving any medical services when they visit a hospital, and patients cannot purchase any drugs,

ncluding OTC medications, from hospital pharmacies without a prescription from a doctor. Therefore, all medical expenditures that take place in hospitals can
e linked to a health care visit record.

7 According to the Beijing Municipal Bureau of Statistics, total drug sales were 78.3 billion CNY in Beijing in 2014 (Source: http://www.beijing.gov.cn/
ongkai/shuju/tjgb/201706/t20170608_1838187.html), while the sales in drug stores were 7.3 billion CNY that same year (Source: http://www.phirda.com/
rtilce_16010.html).

8 Data for January and February 2016 are missing, and thus, those months are excluded from the study.
3
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of 2016, which indicates a considerably high rate of coverage given the official estimate of 21.7 million residents in Beijing (Beijing
Municipal Bureau of Statistics, 2017).9

There are several advantages of using the Beijing UEBMI data to investigate the impact of air pollution on medical spending. First,
Beijing is one of the most developed cities in China, and its health care system is advanced, providing greater access to high-quality
health care than is available in other regions. Medical records from facilities in less-developed regions may not accurately reflect
the health outcomes of the local population because health facilities in such regions are comparatively scarce, and as a result,
only a small share of the population is covered by the health care system. Thus, medical insurance records in other regions may
not accurately reflect a population’s health outcomes that result from its exposure to air pollution. In contrast, health insurance
coverage is widespread in Beijing, and the UEBMI beneficiaries in our sample account for the majority of the adult residents in
Beijing. Therefore, these data are likely to provide a more accurate estimate of the impact of air pollution on local residents’ health.

Second, although the UEBMI data only cover those residents in Beijing who are officially employed, the medical expenditure
records in the UEBMI data are likely to provide a more accurate estimate of the impacts of air pollution on local residents than is
possible from using other options, such as transactions data collected from hospitals, which do not distinguish between local and
nonlocal patients. As Beijing has some of the best medical resources in China and attracts patients from across the entire country,
it would be difficult to separate out the hospital visits and medical spending of Beijing residents only if transactions data collected
from hospitals with no detailed patient information were used.10 Other studies similarly use health insurance records to examine
the medical costs of air pollution (Deschênes et al., 2017; Williams et al., 2019; Deryugina et al., 2019), however, their analyses
focus on linear effects of pollution and on effects in the United States, which has much lower levels of PM2.5.

The information on enrolled beneficiaries included in the Beijing UEBMI data is updated monthly. The UEBMI dataset provides
detailed information on variables in four key categories: (1) hospital information, including name and location (district); (2)
personal information, including an anonymized individual identification number, gender, birth date, retirement status, and the date
when the individual’s insurance coverage began; (3) medical expense settlement data, which cover each transaction and report the
individual identification number of the beneficiary, the identification number of the hospital visited, the date of the visit, the date
of the settlement, the treatment category (inpatient, outpatient, or emergency room admission11), and a set of detailed expenditure
variables (total medical spending, reimbursement amount and copay, and spending on different categories, including examinations,
treatment, medications, and materials); and (4) medication data, which cover more than 20,000 different medications and include
transaction identification numbers, medicine identification numbers, and the name, amount and cost of each medicine used during
the corresponding hospital visit. Following the medicine classifications used by the Beijing Reimbursement Drug List for Basic
Medical Insurance,12 we assign every western drug to one of 14 major categories, focusing primarily on those medications used
in respiratory and cardiovascular treatment.

We match all hospital, personal, expenditures, and medication information for each transaction using the transaction, individual,
and hospital identification numbers. We are then able to aggregate daily costs and assign them to demographic subgroups. To analyze
the heterogeneity in the relationships between medical costs and air pollution, we categorize individuals into different demographic
groups based on age and gender. We use the following six age groups: younger than 30, 30–39, 40–49, 50–59, 60–69, 70 or older.
We aggregate daily hospital-related expenditures for each of the 12 demographic groups and then divide the aggregated values by
the number of beneficiaries in the corresponding demographic group for the corresponding month and thereby construct a balanced
panel at the group-day level. Out of 19.7 million insurance beneficiaries in Beijing at the end of 2016, 60 percent were younger
than 40, and 13.2 percent were over age 60. Appendix Table S2 summarizes the population distribution across each group defined
by age and gender.13

To capture potential lagged effects or short-run ‘‘harvesting’’ effects, we focus on three-day (the current day and the following
two days) totals for the health outcomes: health care visits; total medical expenditure; out-of-pocket expenditure; and expenditures
for all medications and separately for cardiovascular medications, respiratory medications, and other western medications.14

Table 1 reports the three-day total number of health care visits and medical costs aggregated to the city level (amounting to a
population-weighted average of the group-level variables). Over the period from 2013 to 2016, on average, there were 52.04 health
care visits over a three-day period (17.35 visits per day) per 1,000 beneficiaries in Beijing; the three-day total medical expenditures
were 30.56 CNY per beneficiary, including 18.83 CNY per beneficiary for medication expenses. Out-of-pocket costs accounted for
28.8 percent of total expenditure. The frequency of healthcare visits and the magnitudes of medication expenditures in our sample
are close to the official statistics reported by National Health and Family Planning Commission in China (NHFPC) for the same data
period.15

9 This is the officially reported population of formal and long-term residents living in Beijing in 2016, which has been imputed from survey samples and
ay deviate from a more accurate estimate based on census data.
10 According to the official reports, non-local patients (medical tourists from other cities) account for about one third of total patients in Beijing’s hospitals.
ttp://bj.people.com.cn/n2/2020/0518/c14540-34025741.html.
11 Outpatient, inpatient and emergency room visits account for 95.4 percent, 1.1 percent and 3.4 percent, respectively, of the daily average number of health

are visits. Detailed summary statistics for the outcome variables of interest by treatment category are reported in Appendix Table S1.
12 Released by the Beijing Municipal Human Resources and Social Security Bureau, 2017.
13 The age distribution of the Beijing UEBMI program beneficiaries and that of Beijing permanent residents as well as of the total Chinese population are
rovided and compared in Appendix Table S2. The percentage of group members who are below the age of 30 is smaller for the program beneficiaries than for
he resident population overall. This is reasonable, as the UEBMI program covers only residents who are employed, excluding children.
14 Since we are able to classify western medicines into disease categories based on the medicine classifications only, here, other western medications include

expenditures on western medicines other than cardiovascular and respiratory medications. The difference between total medication expenditures and the sum of
cardiovascular, respiratory, and other Western medications is due to expenditure on Chinese medicines.

15 Source: http://www.nhc.gov.cn/mohwsbwstjxxzx/tjtjnj/new_list.shtml.
4
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Table 1
Summary statistics of health care visits and medical costs, daily PM2.5 levels and weather variables in Beijing,
2013–2016.

mean sd min max Count

Three-day totals of medical variables
Health Care Visits 52.04 13.93 6.19 111.63 1380
Total Expenses 30.56 10.00 2.86 65.29 1380
Medication Expenses 18.83 5.80 1.72 41.51 1380
Out-of-pocket Expenses 8.81 3.07 1.20 20.88 1380
Cardiovascular Medication 2.85 0.86 0.26 6.01 1380
Respiratory Medication 0.34 0.11 0.05 0.93 1380
Other Western Medication 7.60 2.42 0.85 15.40 1380

Pollution and weather variables
PM2.5 (10 μg∕m3) 8.1 6.7 0.6 47.1 1384
Daily minimum temperature (◦C) 10.7 9.3 −9.2 27.9 1384
Daily maximum temperature (◦C) 20.1 10.4 −1.8 41.1 1384
Relative humidity (%) 54.1 19.8 8.0 99.0 1384
Precipitation (mm) 1.5 9.0 0.0 253.5 1384
Wind speed (m/s) 2.1 0.8 0.6 6.6 1384

Note: Statistics of three-day total medical outcomes are reported. The unit of health care visits is expressed as
the number of visits per 1,000 beneficiaries. The units of cost variables are expressed as CNY per beneficiary.
Note that observations of the above variables are not equal since a few more leads and lags of the weather and
pollution variables are used in our analysis.

2.2. Air quality and meteorological data

The China National Environment Monitoring Centre (CNEMC) began systematic monitoring of ambient PM2.5 in 2013. We
aggregate hourly air quality data from all the national monitoring stations managed by CNEMC in Beijing to the daily level to obtain
average daily pollutant concentrations from 2013 to 2016. Beijing is one of the most highly polluted cities in China. Compared with
other regions in China, Beijing experiences worse pollution and has more days of high pollution levels, as indicated by the density
distribution curves for daily PM2.5 from 2013 to 2016 (Appendix Figure S1).

We obtain daily weather data for Beijing from the National Daily Climatic Data maintained by the China Meteorological
Administration.16 We include variables for minimum temperature, maximum temperature, relative humidity, precipitation, and wind
speed as controls for the direct impacts of weather on health.

Table 1 presents summary statistics of the daily PM2.5 and weather variables. The mean PM2.5 reading in Beijing from 2013 to
2016 was 81 μg∕m3, with a standard deviation of 67 μg∕m3. On the most polluted day during the period, the PM2.5 concentration
was 471 μg∕m3.

2.3. Air pollution episodes in Beijing

We examine the health impacts of air pollution episodes that extend beyond a single day by defining such episodes following Tan
et al. (2018). Under this definition, an air pollution episode spans the period in which the daily average PM2.5 concentration grows
from less than 50 μg∕m3, to a peak value of over 100 μg∕m3, and then drops back below 50 μg∕m3. To be considered an air pollution
episode, the duration, measured from the first day to the last day when PM2.5 is above 50 μg∕m3, must be at least three days. In other
words, if we refer to a day with a daily average PM2.5 concentration over 50 μg∕m3 as a polluted day, three or more consecutive
polluted days with at least one day having a PM2.5 concentration over 100 μg∕m3 constitute a pollution episode. We define single
polluted days as those polluted days that do not belong to any episodes as defined above. Days with PM2.5 concentrations less than
50 μg∕m3 are referred to as clear days. To rule out potential lagged pollution effects captured by the marginal responses to PM2.5
on clear days and single polluted days, the clear days and single polluted days in our sample do not include those that are preceded
by a polluted day; such days are dropped in our episode-based analysis.

Fig. 1 plots the time series for daily PM2.5 levels in each year in Beijing. The gray bars indicate every single air pollution episode,
with the width of the bar indicating the duration of the episode. From 2013 to 2016, the city experienced 114 air pollution episodes
in total, with a mean duration of 5.6 days and a mean concentration of 127 μg∕m3 (Appendix Table S3). The minimum duration
was three days (by definition), and the longest episode lasted 16 consecutive days. The average PM2.5 level was 75 μg∕m3 during
the least-polluted episode and 297 μg∕m3 during the most heavily polluted episode. Most episodes lasted for three to five days, with
an average PM2.5 concentration of approximately 100 μg∕m3, as revealed by the frequency distribution in Appendix Figure S2.

Table 2 summarizes the daily PM2.5 levels by type of day according to our definitions. Out of 1072 days included in the episode-
based analysis, there were 332 clear days with an average PM2.5 concentration of 27 μg∕m3, 101 single polluted days with a mean
PM2.5 of 77 μg∕m3, and 639 episode days with mean PM2.5 levels by day of episode ranging from 89 μg∕m3 to 151 μg∕m3.

16 Data source: https://data.cma.cn/en.
5
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Fig. 1. Pollution episodes in Beijing, 2013–2016.
Note: Time series of daily PM2.5 levels in Beijing, are marked by red pluses and connected by black lines, and pollution episodes are shaded by the gray rectangles
covering days in each episode, from 2013 to 2016. A day with daily average PM2.5 level above 50 μg∕m3 is referred to as a polluted day. An episode is defined
as a series of at least three consecutive polluted days, and the PM2.5 level on the most polluted day must exceed 100 μg∕m3. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)
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Table 2
Summary statistics of daily PM2.5 levels over pollution episodes in Beijing, 2013–2016.

mean sd min max Count

Clear day 2.7 1.2 0.6 5.0 332
Single polluted day 7.7 2.5 5.0 15.3 101
Day 1 8.9 3.3 5.0 21.8 114
Day 2 13.0 5.4 5.3 26.4 114
Day 3 13.9 6.6 5.3 32.8 114
Day 4 15.1 8.0 5.1 34.2 90
Day 5 13.4 8.9 5.1 47.1 66
Day 6 12.2 7.5 5.0 39.4 41
Day 7+ 13.0 7.5 5.0 46.4 100
Total 9.1 7.1 0.6 47.1 1072

Note: PM2.5 is measured in the unit of 10 μg∕m3. A day with daily average PM2.5 levels above 50 μg∕m3 is
referred to as a polluted day. An episode is defined as a series of consecutive polluted days lasting at least three
days, during which the PM2.5 level on the most polluted day exceeds 100 μg∕m3. The indicator clear day refers
to days with average PM2.5 levels below 50 μg∕m3 that are not following a polluted day. The indicator single
polluted day refers to polluted days that do not belong to any pollution episode, and do not follow a polluted
day. Observations otherwise are dropped in the episode-based analysis.

3. Identification strategy

3.1. Linear short-term effects of daily PM2.5 exposure

We first evaluate the linear health impacts of air pollution over the short run, as in other existing studies (Schlenker and Walker,
2016; Deryugina et al., 2019), and we specify our model as follows:

ln 𝑌𝑔𝑡 = 𝛽𝑃𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛𝑡 +𝑊 ′
𝑡 𝛾 + 𝛿𝑔 + 𝐹𝐸𝑡𝑖𝑚𝑒 + 𝜖𝑔𝑡 (1)

where 𝑃𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛𝑡 represents the daily average PM2.5 concentration in the city on date t.17 We examine the linear effects of PM2.5 on
the number of health care visits and spending at the group level for subpopulations defined by gender and age. 𝑌𝑔𝑡 is the outcome
variable for beneficiary group 𝑔 on date 𝑡.

The impacts of air pollution can be dynamic in the short run. For example, the effect of pollution exposure on human health
may be lagged, and individuals may delay seeking medical treatment. Some health effects could also be the result of forward
displacement: among those with certain health conditions, acute air pollution exposure may trigger symptoms that would likely
have occurred in the near future regardless of the presence of air pollution.

To address these possible short-run lagged or forward displacement effects, following Deryugina et al. (2019), we use the
total number of health care visits and medical expenditure over a three-day time window as our outcome variables, i.e., the
health outcome variables 𝑌𝑔𝑡 are three-day totals, beginning on day 𝑡 and including the following two days, 𝑡 + 1 and 𝑡 + 2.
More specifically, the outcome variables include three-day totals for (1) health care visits, (2) total medical expenditures, (3) drug
expenditures, and (4) out-of-pocket expenditures, as well as for three categories of drug expenditure: (5) cardiovascular medications,
(6) respiratory medications, and (7) other western medication expenditures.18 To investigate whether this three-day specification
adequately captures the lagged effects, we estimate a distributed lag regression model with an increasing number of lags, as reported
in Table 3. The results show that the largest response occurs on the concurrent day and that the cumulative effects of pollution
exposure stabilize beyond a span of three days, which boosts our confidence in our choice of a three-day specification to estimate
the short-term impacts of air pollution in our setting.19

𝛽 is the coefficient of interest, which captures the short-term linear effects of PM2.5 fluctuations on the health outcome 𝑌 . All
the dependent variables are in log form. Thus, 𝛽 should be interpreted as a percentage change in health care visits or expenditures
(i.e., the relative impact of increased air pollution), holding other factors constant.

The matrix of weather controls, 𝑊 ′
𝑡 , consists of flexible functions of the daily maximum temperature, minimum temperature,

relative humidity, precipitation, and wind speed.20 Following Deryugina et al. (2019), we also control for two leads of these weather
variables to rule out the effects on health outcomes from weather conditions over the next two days. In addition, two leads and two
lags of PM2.5 are included for the OLS estimates, and two leads and two lags of the instruments are included for the IV estimates.21

17 Air pollution varies only along a temporal dimension because different groups living within the same city are assumed to be exposed to the same concentration
f ambient air pollution on the same day.
18 The unit of measure for health care visits is visits per 1,000 beneficiaries. The unit of measure for the cost variables is CNY per beneficiary.
19 As a robustness check, we also estimate our model with a seven-day specification (Panel A in Appendix Table S6), and we find a similar magnitude for

he marginal effect of pollution.
20 More specifically, we include a set of daily weather indicators that includes maximum and minimum temperature bins (in 5 ◦C bins, starting from −15 ◦C),

and second order polynomials of relative humidity, precipitation, and wind speed.
21 Since we use three-day health outcomes as our dependent variables, as stated in Deryugina et al. (2019), two lags of PM2.5 (OLS) or two lags of the IVs
7
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Table 3
Dynamic effects of daily PM2.5 levels on medical expenses.

(1) (2) (3) (4) (5) (6) (7)
No lags 1 lag 2 lags 3 lags 4 lags 5 lags 6 lags

OLS estimates

PM2.5(t) 0.0247*** 0.0223** 0.0258*** 0.0249** 0.0260** 0.0245* 0.0247*
(0.00866) (0.00955) (0.00841) (0.01011) (0.01274) (0.01324) (0.01365)

PM2.5(t-1) 0.0109 −0.00185 0.000606 −0.000896 0.00367 0.000904
(0.01602) (0.00875) (0.01032) (0.00630) (0.00508) (0.00698)

PM2.5(t-2) 0.0225 0.0114 0.0155 0.0119 0.0108
(0.01796) (0.00843) (0.00990) (0.01053) (0.01228)

PM2.5(t-3) 0.0131 0.00557 0.0120 0.0102
(0.01406) (0.01566) (0.01352) (0.01343)

PM2.5(t-4) 0.00359 −0.00410 0.000430
(0.01394) (0.00918) (0.00772)

PM2.5(t-5) 0.00292 −0.00590
(0.01257) (0.01746)

PM2.5(t-6) 0.00522
(0.01233)

cum. eff. 0.0247*** 0.0332** 0.0465* 0.0500* 0.0498** 0.0509** 0.0464*
(0.00866) (0.01556) (0.02510) (0.02712) (0.02101) (0.02358) (0.02404)

Observations 16608 16584 16560 16536 16512 16488 16464

Note: Daily medical expenses (in CNY per beneficiary) are regressed on same-day and lagged PM2.5 (in 10 μg∕m3) simultaneously using specifications of distributed
lag models. Number of lags involved varies from zero to six. Cumulative effects are the sum of coefficients of same-day and all lagged PM2.5 included. All the
regressions control for group fixed effects, time fixed effects of holiday, year–month, and day-of-week, and daily weather variables. The weather variables
include maximum and minimum temperature bins (in 5◦C bins starting from -15◦C), second-order polynomials of relative humidity, precipitation, and wind
speed. Standard errors are in parentheses and clustered by group-year. Significance levels are indicated by *** 1%, ** 5%, * 10%.

𝛿𝑔 refers to demographic group fixed effects. Regressions are weighted by the sample size of each group — that is, the number of
UEBMI participants by the end of the corresponding month. We also control for several sets of time fixed effects, 𝐹𝐸𝑡𝑖𝑚𝑒, to address
ndogeneity arising from the temporal patterns in human activities that simultaneously affect air quality and health care visits. We
nclude holiday indicators, day-of-week fixed effects, and year-by-month fixed effects.22

Appendix Figure S3 presents scatter plots of the three-day total number of visits and total medical expenses versus pollution
evels. The figure reveals that after controlling for weather factors and time fixed effects, the health care utilization and expenditure
ariables exhibit significant positive correlations with the daily PM2.5 concentrations, providing strong preliminary evidence of the
hort-term health effects of air pollution.

.2. Instrumental variables

Although air pollution is relatively random in the short run compared to the long run, daily PM2.5 exposure can still be
endogenous. Endogeneity can arise through unobservables that simultaneously affect daily air pollution levels and health care
behaviors. For example, traffic congestion worsens air quality and increases travel costs, which might prevent people from visiting
hospitals.

To identify the causal relationship between ambient fine particulate matter pollution and short-term health care visits and
expenditure, we exploit the day-to-day variation in PM2.5 and instrument for PM2.5 concentrations with thermal inversions. A
hermal inversion is a meteorological phenomenon that occurs when warmer air is held above cooler air. Normally, the temperature
f the atmosphere decreases as altitude increases, but when a thermal inversion occurs, the polluted air below is cooler than the
lean air above and cannot rise and mix with that warmer, clean air. Pollutants are therefore trapped close to the ground. A number
f economic studies have used thermal inversions as an instrument to study the effects of air pollution (Arceo et al., 2016; Chen
t al., 2018; He et al., 2019; Fu et al., 2021). In our study, we exploit the day-to-day variation and short-term changes in thermal
nversions, which we believe to be exogeneous and uncorrelated with long-term city development and other economic conditions
hat might also affect human health. Thus, we estimate model (1) using two-stage least squares (2SLS) regression analysis. However,
hermal inversions cannot be used to account for the avoidance behaviors that people might practice to reduce their exposure to air
ollution. Therefore, our estimates of the health costs of pollution do not include the cost of defensive behaviors and are conditional
n the avoidance behaviors practiced by individuals.

To construct the thermal inversion variables, we obtain atmospheric temperature gradient data from the MERRA-2 product
2I6NPANA (Version 5.12.4), developed by NASA Goddard Earth Sciences (GES) Data and Information Services Center (DISC),

22 The year-by-month fixed effects throughout this paper are dummies indicating each year–month combination during our sample period, e.g., 2013-January,
8
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Fig. 2. Correlation between thermal inversion and PM2.5.
Note: Figures show scatterplots of the relationships between residuals for daily average PM2.5 (10 μg∕m3) and temperature differences (◦C) between atmosphere
layers at pressures (or heights) of (a) 975 hPa (320 m) and 1000 hPa (110 m), (b) 950 hPa (540 m) and 975 hPa (320 m), (c) 925 hPa (990 m) and 950 hPa
(540 m), separately, after time fixed effects of holiday, year–month, day-of-week, are accounted for.

which supplies temperatures every 6 h at 42 pressure levels with a spatial resolution of 0.5◦ × 0.625◦.23 We extract data from the
grids covering Beijing, and we aggregate the temperatures in each layer to daily averages.

Although an inversion blocks atmospheric flow and pollution diffusion, the extent of its effects might also depend on the altitude
at which it occurs. Thus, we focus on the first four atmospheric layers closest to the ground, i.e., layers with pressure 1000 hPa
(110 m, first layer), 975 hPa (320 m, second layer), 950 hPa (540 m, third layer), and 925 hPa (990 m, fourth layer). Next, we
calculate the temperature differences between adjacent layers, i.e., the second layer minus the first layer, the third layer minus the
second layer, and the fourth layer minus the third layer. Positive values translate to an inversion, and negative values suggest no
inversion. As depicted in Fig. 2, the temperature gradients for all four layers are strongly correlated with the daily air pollution
levels. In general, PM2.5 concentrations are higher when temperature gradients are larger, that is, when the upper air is warmer
than the lower air.

Finally, we construct three dummies that indicate the existence of an inversion in the first, second, or third layer based on
the temperature gradients. For example, the indicator for a first-layer inversion equals one if the temperature in the second layer
minus the temperature in the first layer is positive and equals zero otherwise. By including these three dummies as IVs, we are
able to distinguish between the influences of thermal inversions at varying atmospheric heights on air pollution. We also check
the robustness of our results by using alternative IV specifications, such as temperature differences, in Section 4.1.2; the results are
robust.

However, a concern arises. Thermal inversions are usually correlated with weather conditions that may directly affect the health
outcomes of interest (Chen et al., 2017, 2018). Appendix Figure S4(a) reveals the seasonal pattern in the thermal inversions in
Beijing. Such inversions occur more frequently in winter than in summer. To address this potentially confounding issue, we control
for daily weather conditions in a flexible way following Chen et al. (2017) by including maximum and minimum temperature bins
specified over 5 ◦C intervals (see Appendix Table S4 for summary statistics on the temperature bins) and second-order polynomial
functions for relative humidity, precipitation, and wind speed.

As shown in Appendix Figure S4(b), the seasonality in the thermal inversions fades when conditioned on the set of weather
measures. The underlying assumption for our IV approach is that once weather variables as well as the time fixed effects are
controlled for, the occurrence of thermal inversions within a short time window is uncorrelated with human health or health
care behaviors in any way other than through the effects of air pollution. We also check the robustness of our results using an
alternative method for parametrizing our weather controls (see Section 4.1.2); we create bins for all the weather variables, including
the maximum and minimum temperature bins specified at every 5 ◦C interval, relative humidity bins specified at every 10 percent
interval, indicators for no precipitation and deciles for positive precipitation, and wind speed deciles. The results are robust to these
alternative specifications.

The correlation between air pollution and our thermal inversion instruments is reported in Appendix Table S5. The F test for
the joint significance of the instruments shows that the instruments are highly significant.

23 Data are available at https://disc.sci.gsfc.nasa.gov/datasets/M2I6NPANA_5.12.4/summary?keywords=M2I6NPANA.
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3.3. Episode-based analysis

In addition to exceedingly high ambient pollutant concentrations on single days, metropolitan areas suffer from frequent
utbreaks of pollution episodes that can last for days or even over a week at a time. To investigate the health impacts of pollution that
asts longer than a single day, we conduct an episode-based analysis. This approach is important for understanding the ramifications
f air pollution on health care spending for at least three reasons. First, periodic cycles of high levels of pollution that last well
eyond a single day are a defining characteristic of air pollution in developing countries. Second, the duration of these pollution
pisodes matters greatly for human health. For example, a person might be able to withstand a one-day pollution event but not a
hree-day pollution episode, with damages accumulating over the course of the event. Third, a clear understanding of how pollution
vents affect public health has significant implications for relevant public policies meant to combat air pollution. If long-lasting
eriods of pollution are most costly, then measures to prevent such episodes should receive higher priority than measures meant to
educe the average concentration of PM2.5. Beijing, among other cities, has launched a system to alert the public about high levels

of air pollution, using three warning levels based on the expected concentration and duration of pollution episodes.24 Under this
warning system, corresponding actions, such as shutting down the sources of pollution and closing schools, are compulsory when
conditions are severe. Episode-based estimations of medical costs are essential for evaluating and justifying the costs and benefits
of such policies since the health costs of air pollution are underestimated if they do not address the characteristics of frequent and
extended pollution events when health costs increase as the pollution event continues over consecutive days.

In this section, we explore how the marginal effects of daily PM2.5 concentrations on health care visits and medical costs evolve
ver the course of an episode. Instead of treating each polluted day identically as in the baseline model, model (1), we allow the
arginal effects of PM2.5 on health care visits and costs to vary over the evolution of each episode in model (2), with all controls

emaining the same as those in model (1).

ln 𝑌𝑔𝑡 = (𝛽𝑐𝐶𝑙𝑒𝑎𝑟 𝐷𝑎𝑦𝑡 + 𝛽𝑝𝑆𝑖𝑛𝑔𝑙𝑒 𝑃 𝑜𝑙𝑙𝑢𝑡𝑒𝑑 𝐷𝑎𝑦𝑡 + 𝛽1𝐷𝑎𝑦1𝑡 + 𝛽2𝐷𝑎𝑦2𝑡 +⋯+ 𝛽𝑁𝐷𝑎𝑦𝑁𝑡 ) ×𝑃𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛𝑡 + 𝑊 ′
𝑡𝛾 + 𝛿𝑔 +𝐹𝐸𝑡𝑖𝑚𝑒 + 𝜖𝑔𝑡 (2)

here 𝐷𝑎𝑦𝑛𝑡 , 𝑛 = 1, 2,… , 𝑁 are a set of dummies indicating that date t is the 𝑛th day of an episode if it falls during an episode. In this
tudy, we set 𝑁 = 7, and 𝐷𝑎𝑦7𝑡 indicates the seventh day and all subsequent days. To compare the marginal response to air pollution
n a single polluted day and during multiday pollution episodes, the regression also includes two types of ‘‘non-episode’’ days, clear
ays and single polluted days, as defined in Section 2.3. To prevent the potential lagged impacts of air pollution from confounding
he estimates of clear days and single polluted days, we drop those days for which the previous day was polluted (daily PM2.5 over
0 μg∕m3). As in model (1), to capture potential lagged effects, 𝑌𝑔𝑡 denotes the three-day totals for various health outcomes. As a
esult, two leads of whether variables are controlled, and two leads and two lags of instruments are included in the IV estimation.

Due to the interaction with 𝑃𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛𝑡, the coefficient 𝛽𝑐 represents the short-term marginal impact of PM2.5 levels on clear days,
𝑝 captures those during polluted days that are not part of an episode, and 𝛽𝑛(𝑛 = 1, 2,… , 𝑁) measures the varying short-term
arginal effects of PM2.5 levels conditional on exposure to pollution lasting 𝑛 consecutive days.25

. Results

.1. Linear short-term effects of PM2.5 concentrations on health care visits and medical costs

.1.1. Baseline results from the linear effects model
We first examine the linear short-term impacts of PM2.5 concentrations on health care utilization for the population enrolled in

he UEBMI system. Table 4 presents the OLS and IV estimates of the short-run effects of daily PM2.5 exposure on the three-day totals
or health care visits, medical expenditures, medication expenditures, out-of-pocket expenditures, and category-specific medication
xpenses (cardiovascular, respiratory, and other western medications).

As reported in column (1) of Table 4, the OLS estimations show that a 10 μg∕m3 increase in daily average PM2.5 exposure is
ssociated with a 0.116 percent increase in the number of health care visits. Exploiting the variation in air pollution induced by the
andom occurrence of thermal inversions, a 10 μg∕m3 increase in daily PM2.5 results in 0.387 percent more health care visits. This

24 According to the ‘‘Heavy Air Pollution Contingency Plan for the Municipality of Beijing’’, alert levels depend not only on the pollution level but
lso on the duration of the pollution episode. For example, a Red Alert is issued for any forecasted citywide mean daily air quality index greater than
00 and lasting for four days (96 h) or more for any such index over 300 for two days (48 h) or more, or for any such index reaching 500. Source:
ttp://english.beijing.gov.cn/latest/lawsandpolicies/202007/t20200723_1957677.html.
25 Adding these interactions increases the number of endogenous variables in our regression, but the endogeneity arises only through the variable 𝑃𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛𝑡.
e address this endogeneity issue as follows: in the first stage, as in the first stage for the 2SLS estimation of model (1), PM2.5 is regressed on the instruments

nd the controls specified in the baseline regressions in Table 4 (i.e., time fixed effects for holidays, the day of the week, and the year and month, weather
ariables including the maximum and minimum temperature bins and second-order polynomials for relative humidity, precipitation and wind speed, and two
ags of the instruments, as well as two leads of the instruments and weather variables), and the residuals are obtained. The first stage F-Statistic is 19.75, which
s reported in Appendix Table S5. In the second stage, equation (2) is estimated by including the residuals obtained in the first stage as a control. Bootstrapped
tandard errors are clustered at the group-year level and are obtained via 200 replications of the two-stage procedure. Our results are robust to different clustering
hoices, including two-way clustering at the group-year and the date levels and two-way clustering at the group-year and year–month levels. The estimates using
lternatively clustered standard errors are reported in Appendix Figure S5. We find little evidence that the statistical precision of our estimates is greatly affected
y serial correlation across groups.
10
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Table 4
Overall short-term effects of daily PM2.5 levels on health care visits and costs.

(1) (2) (3) (4) (5) (6) (7)
Health care
visits

Total
expenses

Medication
expenses

Out-of-pocket
expenses

Cardiovascular
medication

Respiratory
medication

Other
western
medication

OLS estimates

PM2.5 0.00116 0.00163* 0.00141 0.00163* 0.00155* 0.00123 0.00140
(0.00076) (0.00092) (0.00085) (0.00091) (0.00086) (0.00076) (0.00088)

level dep. mean 52.04 30.56 18.83 8.81 2.85 0.34 7.60
level eff. 0.06 0.05 0.03 0.01 0.00 0.00 0.01
N 16512 16512 16512 16512 16512 16512 16512
IV estimates
PM2.5 0.00387* 0.00376 0.00399* 0.00407* 0.00643** 0.00474** 0.00432*

(0.00222) (0.00242) (0.00237) (0.00235) (0.00276) (0.00193) (0.00249)

level dep. mean 52.04 30.56 18.83 8.81 2.85 0.34 7.60
level eff. 0.20 0.11 0.08 0.04 0.02 0.00 0.03
N 14040 14040 14040 14040 14040 14040 14040
F-stat. 253 253 253 253 253 253 253

Note: Three-day total health care utilization outcomes (sums of current day and forward two days), based on the population enrolled in Beijing Basic Medical
Insurance for Urban Employees from 2013 to 2016, are regressed on daily PM2.5 levels (in 10 μg∕m3). The unit of observation is daily aggregates for each
demographic group. All the dependent variables are in logarithm forms for health care visits (counts per thousand beneficiaries) and different types of expenditure
(CNY per beneficiary) indicated by column titles. Means of dependant variables in level forms and the imputed level effects are also reported. IV estimates
are obtained using thermal inversions as the instrument variables. All regressions control for group fixed effects, time fixed effects of holiday, year–month,
and day-of-week, and daily weather variables. The weather variables include maximum and minimum temperature bins (in 5◦C bins starting from -15◦C),
second-order polynomials of relative humidity, precipitation, and wind speed. Two leads of weather variables are also included as controls. For OLS estimates,
two lags and two leads of PM2.5 are included, while for IV estimates, two lags and two leads of instrument variables are included. Instrument variables are
thermal inversions measured as three dummies indicating existence of inversion at three atmosphere levels from the ground. The first-stage Cragg–Donald Wald
F-statistic is reported for IV estimates. All regressions are weighted by the number of beneficiaries in each group that month. Standard errors are in parentheses
and clustered by group-year. Significance levels are indicated by *** 1%, ** 5%, * 10%.

IV estimate is more than three times the magnitude of the OLS estimate. Of the two, we believe that the IV estimate is more realistic
because the OLS estimate is biased downward due to the endogeneity caused by omitted variables (described in Section 3.2).

Columns (2)–(4) of Table 4 report the marginal percentage growth in per beneficiary total health care, medication, and out-
of-pocket expenses in response to 10 μg∕m3 increments of ambient PM2.5. The results for these three expense categories indicate
increases of similar magnitudes: 0.376 percent, 0.399 percent, and 0.407 percent. Based on the linear effects estimate of a 0.376
percent increase in three-day total medical expenditures, the short-term medical cost of a 10 μg∕m3 increase in PM2.5 exposure
amounts to 791.0 million CNY (215.9 million USD) per year for the UEBMI beneficiaries in Beijing. If compared with expenditures
under zero pollution, the total medical cost of air pollution for the 19.7 million Beijing UEBMI beneficiaries is 1.83 billion USD per
year.

It has been widely documented that fine particulate matter is especially harmful to the respiratory and cardiovascular
systems (Dockery et al., 1993; Dominici et al., 2006; Brook et al., 2009). To test whether the impacts of daily PM2.5 exposure
on cardiovascular and respiratory diseases are evident to a greater degree than those on other diseases, columns (5)–(7) in panel B
of Table 4 display estimates for expenditures on cardiovascular medications, respiratory medications, and other western medications.
When daily PM2.5 worsens by 10 μg∕m3, expenditures on cardiovascular medications and respiratory medications grow significantly
— by 0.643 percent and 0.474 percent, respectively. Moreover, expenditures on all other western drugs increase by 0.432 percent,
which is less than for cardiovascular and respiratory medications but still significant. This finding is similar to those of Deschênes
et al. (2017), who report that air pollution increases expenditures on non-respiratory and non-cardiovascular medications.

4.1.2. Robustness checks
We also conduct a variety of other robustness checks. In the first of these, we examine medical outcomes during an extended

time window of seven days, reported in Panel A of Appendix Table S6, and find that the magnitudes of the impacts are close to
the three-day benchmark estimates, which suggests that the short-term impacts estimated in the three-day specification are neither
obscured by harvesting effects nor seriously underestimated because of lagged effects.

Second, to address the potential concern that some hospital admissions could be prearranged and less influenced by short-term
air pollution changes, we exclude inpatient visits from the sample and re-estimate the model using outpatient and ER visits; the
results are summarized in Panel B of Appendix Table S6. However, outpatient visits could also be scheduled beforehand, especially
in tertiary hospitals with heavy patient loads. Therefore, we report the results from regressions that use only emergency room visits,
which are certainly not prearranged, and the coefficients become slightly larger and more statistically significant (Appendix Table
S7).

Another issue that might undermine our goal to estimate the short-term impacts of air pollution on medical expenditures is that
medications are not necessarily purchased for treatment of acute disorders or immediate use and thus may not respond to short-term
pollution. Although we are not able to separate medication expenditures into treatments for acute or chronic disorders, as many
11
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medications treat both acute and chronic symptoms, as a robustness check, we instead focus on the medication expenditures for
acute upper respiratory infections (AURIs) and use these expenditures as a proxy for spending on immediate-use medications. By
following the medicine classifications used by the Beijing Reimbursement Drug List for UEBMI, we are able to identify all the drugs
that specifically treat AURIs and aggregate the corresponding daily expenditures in our sample.26 As reported in Appendix Table
S7, AURI medication costs are estimated to increase by 0.695 percent on average in response to a 10 μg∕m3 higher level of PM2.5,
which is slightly larger than the estimate using total medication expenses.

Next, we estimate the results using alternative functions for weather controls. Instead of second-order polynomials, we construct
bins for relative humidity, precipitation, and wind speed (Panel C of Appendix Table S6).27

We then employ alternative approaches to the construction of the thermal inversion variables used in the baseline IV estimation.
Instead of using dummy variables indicating whether an inversion has occurred, we check the robustness of our results by directly
using the temperature differences between adjacent layers to measure inversions, with larger positive temperature gaps between
upper and lower layers indicating stronger thermal inversions that constrain the diffusion of pollution (Panel D of Appendix Table
S6).

Finally, we make other adjustments that take into account the potential ramifications of influenza. These controls account for
the fact that both influenza and air pollution cause similar respiratory symptoms and that both influenza and air pollution peak in
autumn and winter. To account for these patterns, we control for the percentage of influenza-like illnesses (ILI), the major indicator
of influenza surveillance provided by the Chinese National Influenza Center (Panel E of Appendix Table S6).

The results of the above checks are robust and consistent with our previous findings. The exact estimates are summarized in
Appendix Tables S6–S7.

4.2. Impact of pollution episodes on health care utilization and medical costs

As the above results show, daily air pollution has significant average impacts on health care utilization and corresponding medical
expenditures. However, air pollution in Beijing and in many other regions in China is often present for multiple days until strong
winds or rainfall clears the air. Negative health effects might accrue over consecutive days of exposure to pollutants. The episode-
based analysis, specified in Eq. (2), can inform us about the health impacts of multi-day pollution episodes and can offer some
insights into the implied benefits of pollution reductions, not just in terms of daily pollution concentrations but also in terms of the
duration of such events.

To present the dynamics of the marginal damages that accrue over a pollution episode more intuitively, Fig. 3 plots the estimates
of Eq. (2) and shows results for health care visits, medical expenditures, cardiovascular medication expenditures, and respiratory
medication expenditures.28 In sum, the figure shows the evolution of the marginal impacts of pollution on health over the course
of an episode as well as the marginal impacts during clear days and single polluted days. There are three main findings. First, PM2.5
exposure is found to have a statistically significant impact in most instances. Second, within a pollution episode, starting on the
second polluted day, the marginal effects of PM2.5 concentrations are larger than those on Day 1 of the same episode. Third, the
increases in health care visits and medical costs caused by a marginal increase in ambient PM2.5 levels are the greatest on Day 7
and later of a pollution episode and are also larger than those on a single polluted day that is not part of a longer-lasting episode of
pollution. As shown in Appendix Figure S7, most of the later days during a pollution episode have statistically larger effects than
Day 1, and Day 7 and later has the largest pollution effects out of all other days within an episode, clear days, and single polluted
days. In addition, we provide a statistical test in Appendix Table S8 in which we include an interaction term between pollution and
the day of the episode, along with the main pollution term, and we find that the effects of pollution increase significantly as the
number of days for the pollution event increases.

These patterns are consistent across our different health outcomes of interest. The results of the episode-based regressions for all
medical outcomes are reported in Table 5. Taking cardiovascular medication expenditures as an example, every 10 μg∕m3 increase in
daily PM2.5 concentrations causes spending to increase on average by 0.309 percent on Day 1 of an episode, although insignificantly.
However, this marginal impact grows to a significant 0.793 percent on Day 2 of the episode, and for the subsequent episode days
from Day 3 to Day 5, the marginal impacts remain high, with magnitudes of approximately 0.6–0.8 percent. If a pollution episode
ontinues to Day 7 and later, expenditures on cardiovascular medication increase by 1.31 percent in response to an increase of 10
g∕m3 in the level of PM2.5 concentrations, which is a much larger increase than those on previous episode days.

These results suggest that the health costs induced by air pollution increase as the duration of the pollution event increases
ver consecutive days. This underscores the rationale behind issuing public health pollution alerts based on both the intensity
nd the duration of air pollution episodes. Incorporating all clear days, single polluted days and pollution episodes in our sample, a

back-of-the-envelope calculation based on the estimates from the episode-based analysis implies that the total medical cost of air
pollution, relative to no pollution, for the 19.7 million Beijing UEBMI beneficiaries amounts to 3.15 billion USD per year during
our study period.29 This estimate is 70 percent larger than the linear effects estimates obtained from model (1) (1.83 billion USD),

26 AURI medicines are recorded as a subcategory under the category of medicines for respiratory diseases.
27 Available at http://www.chinaivdc.cn/cnic/.
28 Plots for the other outcome variables (i.e., medication expenditures, out-of-pocket expenditures, and other western medication expenditures) are presented

n Appendix Figure S6.
29 This calculation is based on the estimates in Table 5, column (2). We use the average PM2.5 levels for each type of day (clear days, single polluted days and
ollution episodes), which are reported in Table 2.
12
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Fig. 3. Marginal effects of PM2.5 levels on health care visits and costs over pollution episodes.
Note: Figures plot the coefficients of PM2.5 levels (measured in 10 μg∕m3) interacting with indicators of the clear day, the single polluted day, the nth day of an air
pollution episode (see definitions of these indicators in Section 2.3), for three-day totals of (a) health care visits, (b) total medical expenses, (c) cardiovascular
medication expenses, and (d) respiratory medication expenses, in the logarithm forms. Estimates are obtained by a two-stage approach. In the first stage, PM2.5 is
regressed on inversion instruments, controlling for group fixed effects, time fixed effects, weather variables, two lags of instruments, and two leads of instruments
and weather variables. Time fixed effects and weather controls are the same as those specified in regressions in Table 4. In the second stage, three-day health
outcomes are regressed on interactive terms of concurrent PM2.5 and all episode-related indicators, controlling for residuals of PM2.5 predicted from the first
stage, as well as identical controls in the first stage. Standard errors are obtained using bootstrap with 200 replications of the two-stage procedure, clustered by
group-year. Whiskers stand for 95% confidence intervals.

which suggests that omitting the variation in the magnitude of the marginal effects over the course of pollution episodes results
in a substantial underestimation of the actual health costs of air pollution in settings that frequently experience long-lasting and
high-level pollution events.

4.3. Heterogeneous health care responses to pollution episodes

In the episode-based analysis, the average short-term health impacts of PM2.5 exposure over the course of a pollution episode are
estimated for the whole population enrolled in the Beijing UEBMI program. Using the detailed information on personal characteristics
provided, we further investigate the short-term effects of air pollution episodes on medical costs for different demographic groups
to understand the heterogeneity in responses to air pollution, which is crucial for estimating the distribution of health costs among
different populations and accurately evaluating the social costs of air pollution.

There are at least two potential sources of heterogeneity. First, actual exposure to air pollution might differ significantly
across individuals because of differences in working environments and defensive behaviors practiced. Second, people’s inherent
susceptibility to the same exposure levels might also diverge due to biological differences resulting from gender, age, and unobserved
genetic factors.

To investigate the heterogeneity in the health impacts arising from PM2.5 exposure over the course of a pollution episode, we
divide the studied population into two groups (1) by age and (2) by gender and allow the 𝛽𝑠 in model (2) to differ between groups
by interacting either the age group indicator (below/above age of 50) or the gender indicator with the pollution terms. Fig. 4
13
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Table 5
Marginal effects of PM2.5 levels on health care visits and costs over pollution episodes.

(1) (2) (3) (4) (5) (6) (7)
Health care
visits

Total
expenses

Medication
expenses

Out-of-pocket
expenses

Cardiovascular
medication

Respiratory
medication

Other
western
medication

Clear day 0.00139 0.00471 0.00359 0.00256 0.00546 0.00653* 0.00696**
(0.00332) (0.00331) (0.00374) (0.00340) (0.00437) (0.00382) (0.00313)

Single polluted day 0.00487** 0.00834*** 0.00731*** 0.00747*** 0.00944*** 0.00681*** 0.00897***
(0.00222) (0.00252) (0.00271) (0.00261) (0.00277) (0.00263) (0.00242)

Day 1 0.000429 0.00189 0.000922 0.00121 0.00399 0.00309 0.00322
(0.00237) (0.00255) (0.00261) (0.00253) (0.00274) (0.00274) (0.00234)

Day 2 0.00425* 0.00561** 0.00502* 0.00503** 0.00793*** 0.00588** 0.00632***
(0.00219) (0.00261) (0.00259) (0.00252) (0.00260) (0.00271) (0.00242)

Day 3 0.00263 0.00399 0.00337 0.00360 0.00614** 0.00368 0.00482**
(0.00207) (0.00245) (0.00237) (0.00238) (0.00240) (0.00256) (0.00225)

Day 4 0.00393** 0.00601** 0.00518** 0.00575** 0.00809*** 0.00470* 0.00651***
(0.00200) (0.00250) (0.00239) (0.00241) (0.00246) (0.00253) (0.00234)

Day 5 0.00235 0.00361 0.00300 0.00357 0.00569** 0.00257 0.00389*
(0.00193) (0.00234) (0.00237) (0.00234) (0.00236) (0.00248) (0.00221)

Day 6 0.00531** 0.00721*** 0.00642** 0.00674*** 0.00952*** 0.00594** 0.00709***
(0.00211) (0.00241) (0.00258) (0.00251) (0.00248) (0.00259) (0.00232)

Day 7+ 0.00811*** 0.0108*** 0.00969*** 0.00905*** 0.0131*** 0.00834*** 0.00983***
(0.00225) (0.00268) (0.00276) (0.00271) (0.00267) (0.00268) (0.00255)

Observations 10932 10932 10932 10932 10932 10932 10932

Note: Table presents the coefficients of daily PM2.5 levels (in 10 μg∕m3) interacting with indicators of the clear day, the single polluted day, the 𝑛th day of an
ir pollution episode (see definitions of these indicators in Section 2.3), for dependent variables of health care visits and different types of expenditure in the
ogarithm forms. Estimates are obtained by a two-stage approach. In the first stage, PM2.5 is regressed on inversion instruments, controlling for group fixed
ffects, time fixed effects, weather variables, two lags of instruments, and two leads of instruments and weather variables. Time fixed effects and weather controls
re the same as those specified in regressions in Table 4. In the second stage, three-day health outcomes are regressed on interactive terms of current-day PM2.5
nd all episode-related indicators, controlling for residuals of PM2.5 predicted from the first stage, as well as identical controls in the first-stage. Standard errors
re in parentheses and are obtained using bootstrap with 200 replications of the two-stage procedure, clustered by group-year. Significance levels are indicated
y *** 1%, ** 5%, * 10%.

epicts the heterogeneity in the dynamic health effects of PM2.5 exposure over a pollution episode on medical costs for different
opulation groups. In terms of the percentage changes in medical cost resulting from marginal increases in PM2.5 levels, the older
roup (individuals aged 50 and above) experienced slightly and insignificantly larger impacts than the younger group (individuals
nder 50), while no heterogeneity was found between the male and female groups.

.4. The role of PM2.5 levels in health impacts over a pollution episode

The results of the episode-based estimation reveal that the marginal impacts of PM2.5 exposure are not identical across different
ypes of polluted days, which suggests that the marginal effects of air pollution vary with the episode duration. This variation in the
agnitude of marginal impacts matters greatly for accurately estimating the actual cost of air pollution in settings with frequent
igh-level and long-lasting pollution events. As the main purpose of the episode analysis is to investigate the variation in the effects
f pollution over the course of a pollution episode and to provide a more accurate policy-relevant estimate of the health costs, we
o not intend to draw any strong conclusions on the medical reasons why such variation in the effect of pollution exists. The exact
easons could be related to either the accumulated effects of pollution exposure in the short term or to the effects of higher pollution
evels during the later days of an episode due to the pollution accumulation itself. In Appendix Figure S8, we plot the distribution
f pollution levels for each day of the pollution episodes, which reveals that pollution often accumulates and worsens during the
ater days of an episode and then starts to dissipate. Therefore, the higher marginal effects during the later days of an episode could
eflect the mixed effects of higher concentration levels and accumulated exposure due to the longer duration of the pollution event.

To investigate whether pollution concentration has a nonlinear effect on health outcomes, we first estimate a dose–response
urve for health care visits and total expenditures separately based on pollution level bins and report the results in Appendix Figure
9. The first bin (daily PM2.5 ≤ 15 μg∕m3) is the omitted category, and the other coefficients are estimates of the differences in the
ffect of pollution between higher-pollution days and the days that fall in the first bin. The pattern in the figure reveals that the
ffect of pollution first increases, then flattens when it passes through the third bin, and then increases sharply again when pollution
ises to the level in the largest bin.30

30 A similar pattern between mortality and pollution exposure has been documented in other epidemiological studies (Pope III et al., 2011, 2015).
14
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Fig. 4. Heterogeneity analysis of short-term health effects of pollution episodes by age and by gender.
Note: Estimates of marginal short-term effects of PM2.5 levels (measured in 10 μg∕m3) on three-day total medical costs over pollution episodes are plotted for
subpopulations (a) by age and (b) by gender. We interact the group indicator based on age or gender with pollution episode terms specified in Eq. (2) to allow
coefficients of interest to differ between groups. Whiskers stand for 95% confidence intervals.

Although our primary focus is to estimate the variation in the marginal effects of pollution across the different days of an episode,
we provide an additional analysis by examining whether the nonlinear effects of pollution concentrations could affect the varying
marginal effects of pollution exposure that we find over the course of an episode. More specifically, we first divide the episodes into
more-polluted episodes and less-polluted episodes based on the average pollution level within each episode. We then investigate
the differences in the health response over the course of the episode between the two types of episodes, which are summarized in
Fig. 5. As the figure reveals, from Day 3 to Day 6 of a pollution episode, the marginal impacts of PM2.5 are slightly larger for those
days that belong to episodes with an average PM2.5 concentration above 148 μg∕m3 (the 75th percentile of the episode-average
PM2.5 levels) compared with those belonging to less polluted episodes. This discrepancy is larger for Day 2 and for Day 7 and later.
However, even for those episodes with much higher pollution levels, there is still a variation in the health effects over the course of
an episode, and thus the duration of pollution episodes is an important dimension of the non-constant effects of pollution exposure,
the main finding in the episode analysis.
15
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Fig. 5. Heterogeneous marginal health effects of pollution episodes based on episode-average PM2.5 levels.
Note: Estimates of marginal effects of PM2.5 levels (measured in 10 μg∕m3) on three-day total medical cost over episode days are plotted based on episode-average
pollution level. We interact the indicator of whether episode-average PM2.5 level exceeding 148 μg∕m3 (the 75th percentile value) with pollution episode terms
specified in Eq. (2) to allow coefficients of interest to vary depending on the episode pollution level. Health effects of clear days and single polluted days are
also plotted in the figure for better comparison of the magnitudes of pollution effects. Whiskers stand for 95% confidence intervals.

5. Conclusions

We estimate the medical costs of exposure to air pollution by using detailed data that document the medical expenses incurred
by beneficiaries enrolled in the Urban Employee Basic Medical Insurance (UEBMI) program, which covers 19.7 million residents
in Beijing. We find a strong, positive correlation between air pollution and health care use in the short term. Our linear effects
estimation shows that a 10 μg∕m3 increase in PM2.5 concentrations corresponds to a 0.376 percent per beneficiary increase in
three-day medical expenditures.

Importantly, our episode-based analysis implies that the short-term health impacts of PM2.5 escalate as pollution lingers. When
relatively high air pollution levels persist for more days within a multi-day pollution episode, larger health responses emerge, as
evidenced by health care visits and medical costs. A back-of-the-envelope calculation based on our episode analysis shows that air
pollution generated approximately 3.15 billion USD in medical expenditures (for UEBMI beneficiaries and their covered expenses
relative to zero pollution) annually in the city. This health-cost estimate is approximately 70 percent larger than the estimated cost
based on a linear effects model. This discrepancy suggests that it is critical to account for the variation in the marginal effects of
pollution exposure over the course of the episode in order to accurately estimate total health costs in a setting in which high-level
and long-lasting pollution events occur frequently.

If any intervention could prevent a pollution episode from lasting more than six days or could reduce the pollution level on Day
7 and later during our defined pollution episodes to the average level on clear days, the short-term cost of air pollution on medical
expenditures would drop to 2.43 billion USD a year, a 23 percent decrease compared with the status quo. As a comparison, if the
same number of single polluted days were turned into an average clear day, the reduction in the medical cost of air pollution would be
nine percent. Therefore, to reduce the health costs of air pollution, the prevention of long-lasting pollution events should be given
greater priority in combination with methods for reducing average pollution levels. Reducing the number of long-lasting pollution
events may require more prudent strategies and preventive methods (such as issuing warnings a few days earlier), as pollutants often
accumulate and take time to dissipate. Governments should consider the effects of both the intensity and duration of air pollution
when designing and adjusting warning systems to reduce the public’s exposure to pollution.

Declaration of competing interest

The authors declare that they have no known competing financial interests or personal relationships that could have appeared
to influence the work reported in this paper.

Appendix A. Supplementary data

Supplementary material related to this article can be found online at https://doi.org/10.1016/j.jeem.2022.102680.
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