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Abstract

Using daily attendance data from one school in Tehran along
with daily air pollution and weather data, I estimate the effect
of air pollution on school attendance. Among the four air pollu-
tants that I study I find that PM10, O3 and NO2 increase school
absence. I also find that the effects are more pronounced when
considering variables in their weekly averages. Identification is
achieved by exploiting high variation in daily attendance and air
pollution data and controlling for other factors that may affect at-
tendance. The results suggest that decreasing daily average levels
of PM10 in Tehran by one standard deviation (40 µg/m3) could
lead to a decrease in absence rate by as much as 17 percent.
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1 Introduction

In this paper I examine the relationship between air pollution and school

attendance, asking if higher levels of air pollution can cause more stu-

dents to be absent from school. I consider one school in city of Tehran

which enrolls an average of 830 students in all school grades each year.

In my attendance data, I observe absence instances on every school day

from 2001-02 to 2014-2015 school years in this school. I also observe air

pollution levels, measured as concentrations, for a number of “criteria

pollutants”1 on a daily basis for most of the days in the 14 year period

under consideration. Under the assumption that air pollution is exoge-

nous after controlling for potentially confounding variables I exploit the

variation in the level of air pollution to estimate its effect on students

absence from school. My main findings suggest that rises in levels of

air pollutants, when they have an affect on attendance, tend to increase

school absence. Specifically, in a model that uses data at daily level,

high levels of PM10 appear to increase absence: every 1 µg/m3 increase

in PM10 levels is associated with 4.9 more absences per 100,000 stu-

dents. In a model which uses data that is aggregated over periods of

7 days, three of the pollutants, namely PM10, O3 and NO2, exhibit a

positive and significant effect on absence.

Air pollution is a source of various types of external costs to health

and human capital. It can increase morbidity and mortality among sen-

sitive groups of population or lower labor productivity among workers

exposed to air pollution. These costs may be hard to identify and even

harder to measure accurately; nevertheless, it is important to be able

to provide estimations of these costs in order to inform environmental

policy-making in properly regulating air pollution. This may be of even

greater significance in the context of developing countries where environ-

mental issues are typically more sever but, at the same time, more often

neglected by policy makers (Greenstone and Jack 2015).

Being absent from school, on the other hand, can be costly in terms of

learning and investment in human capital. For every day that a student

misses school he or she will need to try harder to compensate for the what

1pollutants, as defined by US EPA, are ozone (O3), particulate matter (PM10 and
PM2.5), carbon monoxide (CO), nitrogen dioxide (NO2), sulfur diaoxide (SO2) and
lead. PM10 is “inhalable coarse particles” of 10 µm in diameter or smaller. PM2.5 is
“fine particles” that are 2.5 µm in diameter or smaller.

2



they missed on that school day. There are a number of empirical studies

that try to shed light on these costs. For example, Marburger (2001),

Park and Kerr (1990), and Romer (1993) provide some evidence on the

negative effect of absenteeism on academic performance in undergradu-

ate classes. Although these studies are about college students in North

America, the evidence can be held as an argument for the adverse effect

of missing classes on learning in lower educational levels. When con-

sidered in sum over the academic year and over all the students, school

absence can amount to huge losses in the opportunity to learn and invest

in human capital. School absence can also be costly in terms of public

funds in the case of public schools and in terms of parent wages if they

are forced to stay home and take care of their kids.

In addition to the accumulative loss in human capital, students who

tend to be more frequently absent may be more likely to perform worse

academically and drop out of school, which may result in lower educa-

tional attainment or poorer outcomes in the labor market for them. This

hypothesis needs to be empirically tested to demonstrate the potential

causal effect; however, the argument is similar in spirit to what Lavy,

Ebenstein, and Roth (2014a,b) show when they examine the effects of

exposure to ambient air pollution on cognitive performance during high-

stake examinations and the long-run human capital consequence of these

exams. Absenteeism, too, may have long run consequences for individu-

als through increasing the likelihood of poor educational attainment.

There are few papers in economics that inspect the effects of air pol-

lution on school attendance. Ransom and Pope 1992 is probably the

closest to this paper in their methodology and type of data. They use

weekly absence data from Provo School District and daily absence data

from one elementary school in Utah Valley to estimate the effects of

PM10 on school absenteeism and find that a 100µg/m3 increase in PM10

concentration is associated with a rise approximately equal to two per-

centage points in absence rate. The size of the school in their study

(average about 1000) is comparable to that in this paper (average about

850).However, they use six school years of daily attendance data (from

1985 to 1990) and only for elementary school as opposed to to 14 years

used here and for both elementary and high schools of one school com-

plex. Also, in contrast to what I do in this paper, they do not include

other pollutants in their regressions which may be correlated with PM10
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and affect health and student attendance at the same time.

Another notable study is Currie et al. (2009) who consider absences

in 39 of the largest school districts in Texas. Their data set consists of

1,512 schools with students in grades 1 through 8 and throughout schools

years of 1996 to 2001. They find that, among the three air pollutants

considered, high carbon monoxide evidently increases school absences.

They adopt a difference-in-difference-in-differences approach to identify

the effects of air pollution controlling for school and time fixed effects.

The time unit in their sample are six-week attendance periods. This

limits their ability to capture effects that might appear in shorter time

intervals. Also, they use pollution levels during the same six-week period

as their explanatory variables. The estimated coefficients, as a result,

will inevitably capture the “effects” of pollution on days in the future on

current attendance which, of course, is not meaningful and will lead to

inaccurate estimates. In the current paper, in contrast, I take advantage

of availability of data at daily level which lets me avoid those concerns.

Other papers in this area can be divided into two broad categories.

Papers in economics that consider the effects of air pollution on other

economics outcomes of interest like infant mortality or labor productiv-

ity and papers in epidemiology that consider school attendance as the

outcome variables but do not generally adopt the economics methodol-

ogy to address concerns with endogeneity of explanatory variables. A

comprehensive review of both of these strands of literature can be found

in Currie et al. (2009) and Graff Zivin and Neidell (2013). The current

paper builds upon the current literature by examining new data from a

new setting, but finds results that are largely consistent with and con-

firm the current state of knowledge, namely that ambient air pollution

can adversely affect students’ school attendance and, consequently, ac-

cumulation of human capital.

2 Background and Data

2.1 School attendance

The absence data comes from a private all-boys school located in northern

part of Tehran, Iran. This school enrolls students in 13 grade levels

corresponding to K-12 system in the United States. The data consists of

the number of students who are absent in each grade as well as individual
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instances of absence on every school day. The attendance data spans

14 years from 2001-2002 school year until 2014-2015. The number of

students enrolled in this school ranges from 809 to 857 with an average

of 64 students in each grade. On average 2.1 percent of students are

absent on every school day during the whole period.

Air pollution can cause a student not to attend school either through

its adverse health effects or through inducing avoidance behavior; that

is, inducing his parents to keep him at home to avoid exposure to high

outdoor pollution. My focus in this paper though is not on identifying

the specific channel of effect but on estimating the net effect and the

costs incurred consequently. Ideally, our explained variable would be the

observed rate of absence due only to ill health or avoidance behavior;

however, the reason for being absent is not recorded in the data set

and only an indicator of whether the absence was “excused” (that is,

authorized by school officials) is recorded. Sickness absence is authorized

upon providing medical evidence. Since the school is strict about its

attendance policy I assume that the majority of excused absences are due

to ill health and I ignore absences solely due to avoidance for the same

reason. Therefore I include only authorized absences in my estimations,

though inclusion of both types of absence does not change the results as

they make up 3 percent of the total which is a small fraction.

One concern with the attendance data is that it comes only from one

school and may not be representative of the population of students in

Tehran. The school, however, is large with more than 800 students span-

ning all school ages. Also since the school is located in an area of Tehran

with relatively clean air; its students come from families with middle to

high socioeconomic status; and it enforces a strict attendance policy; any

effects of the air pollution detected using the current attendance data is

probably an underestimation of that of the population of students in

Tehran.

Finally, in figure 1 the monthly averages of absence rate over the

years in the sample is plotted. The dots represent monthly average for

a specific month and year and the solid line is the mean of monthly

averages. The graph suggests a repeating pattern of variation through a

year with increasing rates until April and then falling afterwards. The

absence rates for the last month of the school years is much lower which

can be a result of higher attendance near final examinations.
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2.2 Air pollution and weather

Air pollution is a chronic environmental problem in Tehran, a large

metropolitan area confined by Alborz mountain range from three sides.

Both stationary sources like industries and residential units, and mobile

sources like personal vehicles and motorcycles are significant sources of

air pollution in Tehran (Bayat et al. 2012). Tehran can be considered

a highly polluted city when compared to most of the large cities in the

developed countries and comparable in levels to some of the most highly

polluted cities in the developing world.

My source of data for air pollution levels in Tehran is Air Quality

Control Company affiliated with City of Tehran who gather and publicly

report information on the levels of different pollutants both in concentra-

tion and AQI units. They measure air quality using nearly 40 monitoring

station that located around the city, but not all the stations have been

active on all of the days in the time period under study, and some of

them have started gathering data relatively recently. The need for multi-

ple monitoring stations arises because Tehran is large with an area of 730

km2 and the weather and pollution patterns can be noticeably distinct

across its extremities. Figure 3 is a map of Tehran with the school and

the monitoring stations designated on it.

I use measured daily concentrations from Aghdasyeh station, located

in northeast of Tehran, for CO, NO2, O3 and PM10. I choose this

particular station because it has the greatest number of days for which

pollution data is available. Although this station is not the closest one to

the school being studied, it is not too far either, distanced 8.7 kilometers

from the school. In table 1 I list four of the closest stations to the

school sorted by their distance. You can find the correlation coefficient

between pollutant concentrations of Aghdasyeh with those of the four

closest stations. The correlations are all positive and they are highest for

the station that is closest to the school, that is Region 2. This suggests

that even though the measured air pollution varies across different regions

in Tehran, they generally move in the same direction and taking one

station’s recorded measurements is a good proxy for the actual level of

air pollution that the students have been subject to.

The weekly average levels of the six pollutants for the period under

study (2001 to 2014) are plotted in figure 2. All the concentration time

series are evidently stationary. Missing data points are dropped from the
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plots. I do not use the data for PM2.5 even though it is known for its

particularly adverse health effects due to its extremely small size and high

penetrability into the respiratory system. The reason is that measuring of

ambient PM2.5 levels started much more recently compared to the other

pollutants hence its related concentration data is available for a relatively

small fraction of days. Nevertheless, as one would expect, there is a high

correlation between levels of PM10 and PM2.5 and much of the effect

of PM2.5 may be captured in the estimated coefficient for PM10. I also

exclude SO2 because of the small number of days with available data and

suspicious data quality prior to 2006, though including SO2 would not

turn over the results.

Daily weather data is obtained from Meteorological Organization of

Iran and includes daily data on temperature, pressure, dew point, precipi-

tation and wind speed. Controlling for weather is necessary to absorb the

direct effects of weather conditions on absences. For example, low tem-

perature could potentially increase illness-induced absence but, at the

same time, thermal inversions where pollution is trapped near ground

happen only in cold weather.

3 Empirical findings

3.1 Model and identification

I exploit the high variability of air pollution to identify the causal effects

of air pollution on student absence. Pollution levels vary greatly even

at daily frequency therefore I assume that they are exogenous to school

attendance after controlling for weather and cyclical time patterns. This

can be seen, for example, in figure 4 which plots the residuals from the

regression of daily levels of PM10 on the control variables in the model to

be described and its own lag for a period of three months in the sample.

This is similar in spirit to what Graff Zivin and Neidell (2013) do to

argue for the exogeneity of ozone levels in downtown Los Angles. Even

after controlling for weather variables and time dummies, a high level of

variation remains in the levels of PM10.

Weather is an important variable to control for because it potentially

affects student health and attendance but at the same time may be corre-

lated with pollution levels. For example, the CO level is higher at colder

days: the correlation coefficient between CO and temperature is −0.19 in
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the sample. But colder weather is also associated with higher incidence

of diseases like the flu and it is important to control for temperature in

estimating the effect of CO on attendance. There are other factors too

that may affect attendance and be correlated with pollution levels. One

such factor is day of week. Attendance is usually lower on the final days

of the week: table 3 shows that attendance on Thursdays, the last work

day of week in Iran, is lower. On the other hand, air quality is also gen-

erally better on final days of the week, probably due to the traffic getting

lighter towards the end of the week (see e.g. table 4 which indicates that

PM10 levels are highest on Sundays through Tuesdays). Not controlling

for day of week, then, can lead to a biased estimation of the effect of

air pollution. Similarly, attendance may be affected on days just before

or just after holidays, during exam weeks, or the flu season. Since these

factors exhibit a determined time pattern, properly controlling for their

patterns can absorb their effects.

These ideas can be summarized in the following regression model that

states absence rate in terms of air pollution and other potential factors

yt = q′tβ + w′tα + τ ′tδ + ut (1)

The outcome variable yt is the absence rate on day t. It can rep-

resent the absence rate for the whole school or a subset of grade levels

corresponding to different age groups. qt is a vector of pollution concen-

trations on day t. wt and τt are vectors of weather and time controls.

The identification assumption is that qt is uncorrelated with ut. More

specifically, wt consists of daily average temperature, wind speed and

precipitation. Finally, τt contains dummies for day of week, every half of

a month, and school year to control for other factors with specific time

patterns that may affect absences and be correlated with air pollution

levels.

To incorporate some of the possible non-linearity in effects, qt and

wt also include squares of the variables within them. In addition, school

absence tends to be highly autocorrelated; therefore, it is necessary to

take care of autocorrelation in the error term by including lag(s) of the

dependent variable or the standard error estimates will be biased.
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3.2 Estimation results

3.2.1 Whole school effects

The results of the estimation for the absence rate at the whole school level

is presented in table 5. Each column represents a regression. Estimated

coefficients are reported in each cell with their (heteroskedasticity robust)

standard errors in brackets. Column 1 is the simple linear model with

only pollutant levels and no controls included. The second columns adds

weather controls in linear form, column 3 adds time pattern dummies,

column 4 adds squares of pollution and weather variables, and column 5

adds the lag of the dependent variable. The days on which the pollution

data for either of the pollutant is not available or the school was closed

(like weekends and holidays) are regarded as missing and removed from

estimation.

Comparing the results of the first and the last column and noting

the difference between the magnitudes and standard errors implies that

including these controls is crucial for getting consistent estimates. For

example, the effects of O3 and NO2 lose their statistical significance after

adding controls but PM10 becomes highly significant.

PM10 is the only pollutant that seems to affect attendance with a 95

percent interval of 1.33 to 8.78 in column 5. For every 1 ppb increase in

concentration of PM10 the absence rate rises by 4.87 per 100,000. The

effect of the other pollutants is not significantly different from zero – NO2

and CO have the correct (positive) expected sign while O3 and SO2 have

the wrong (negative) sign.

3.2.2 Age group effects

How does the effect of pollution on attendance depend on age? Are

younger students more likely to miss school as a result of high air pol-

lution? The attendance data is available at grade level which allows me

to investigate the effect of age. This is done in table 6 which includes

three regressions. Estimated coefficients for the sub-sample of students

who are in grades 0 to 6 – aged roughly between 5 and 12 years old –

are in column 1 and for the students who are in grades 7 to 12 – roughly

aged between 12 and 18 years old – are in column 2.

The general result of the previous still holds – only PM10 appears to

affect attendance. But the difference between the estimated coefficient
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of PM10 between younger and older students is small not significantly

different from zero. This is better inferred from column 3 which contains

coefficients of a model that includes interactions of age (group) with

pollution levels for the combined groups as the sample. SO2 appears to be

the only pollutant that induces a significantly larger effect on attendance

of younger students compared to older ones. For every 1 ppb increase in

SO2, younger students are more likely to absent from school by about 3

in 100,000.

3.2.3 Time smoothed effects

Individual days might not be the most appropriate unit of observation

for our purpose because the effect of air pollution can appear only after a

few days. Also, due its high frequency, daily data can be quite noisy. One

way to overcome this problem is to aggregate the data over periods of

more than one day by taking the averages of variables over those periods.

This can smooth out the high frequency data noise and take account of

potential lags in effect.

The new specification can be written in the following form, where an

over bar indicates the average over an n days period.

ȳt = q̄′t−1β + w̄′t−1α + τtδ + ut (2)

I only retain year dummies in τt in this specification because weekdays

are no more meaningful for time smoothed data and it is too coarse for

inclusion of half-month dummies. I also exclude pressure and dew point

from weather variables due to their unlikely direct effect on absence and

non-significant coefficient. I use lags of independent variables in this

specification to avoid estimating the effects of future pollution levels on

today’s attendance.

Estimation results are presented in table 7. The first three columns

are for averaging of pollution and weather variables over 3-day intervals

and the next three columns are for their averaging over 7-day intervals.

Columns (1) and (4) are for absence over one day (no averaging); Column

(2) and (5) are average of absence over 3 days; and columns (3) and (6)

are for that over 7 days. Models (1) and (4) are there for the sake of

comparison. Two observations can be gleaned from this table. First, by
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widening the range of days over which absence is averaged, that is from

column (1) to (3) and from column (4) to (6) the coefficient for almost

all of the pollutants grows larger. This implies that some of the effects

of high pollution appears with a few days lag and is not captured in the

absence rate on the same day. Second, the PM10 and NO2 coefficients

in models with averaging pollutants over 7 days is always greater than

the corresponding ones in models with averaging over 3 days. This is ex-

pected since higher average pollution over a longer period of time should

have a greater impact on health and subsequently attendance.

Another interesting result is that in column (3) and (6) which corre-

spond to absence averaged over 7-day intervals the coefficients for PM10,

O3 and NO2 are all positive and (except for NO2 in column 3) signif-

icantly different from zero. This is in contrast to the previous result

in table 5 which only found PM10 to have a positive effect. This may

suggest that smoothing over time is important in eliminating the high

frequency noise and capturing lags in effects. In terms of magnitude the

results suggest that if PM10 increase by 1 ppb over a week the absence

rate in the subsequent week will be higher by about 20 in 100,000. The

coefficients of O3 and NO2 are 27 and 18 per 100,000, respectively.

3.3 Placebo tests

I perform placebo tests to rule out the possibility that the statistically

significant effects are a result of statistical coincidence. The tests involve

estimating the same models but with leads or lags of each pollutant

variables instead. The rational here is that future pollution should not

affect current attendance so we expected to estimate coefficients for leads

of pollutants not significantly different from zero. Likewise, the level of

pollutants in distant past is expected to not affect the current attendance.

I perform these tests for the daily and 7-days time-smoothed models. The

results are in figures 5 and 6.

In figure 5 estimated coefficients of the lags and leads of pollutants

for up to 60 days are plotted along with their 95 percent confidence

interval. Contemporaneous PM10 levels have the highest estimated co-

efficient. Among the lags only the sixth and eleventh lags are positive

and significant which may suggest lagged effect of PM10. Similarly for

O3, despite its contemporaneous effect is zero a few of its near lags 3

weeks are have positive and significant coefficients. In contrast, none of
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the lags of NO2 and CO are significant. As for the leads of PM10, the

estimated coefficients are statistically zero for all but a few days in fu-

ture, and on the days when they are not, the magnitude of the coefficient

is much smaller than that of contemporaneous levels. The coefficients of

the leads of the other pollutants are also estimated to be zero on virtually

all of the future 30 days.

A similar conclusion can be drawn for the 7-day time-smoothed model.

In figure 6 the coefficients of the leads and lags of each pollutant, for up

to 52 weeks forward and backward, are plotted for this model. It is read-

ily visible from the graphs that the estimated coefficients of the lags and

leads of PM10, O3 and NO2 are much smaller than that of the original

model and almost always statistically insignificant. So it is unlikely that

the results obtained for this model are due to mere chance. This is not

the case for CO, which was not found to have a significant effect in the

original model either.

4 Conclusion

Environmental pollution exerts external costs that need to be identified

and quantified in order for the policy maker to regulate pollution op-

timally. Air pollution is a prominent form of environmental pollution

and a prevalent issue in big cities of many developing and some devel-

oped countries. Some types of costs associated with air pollution, such

as rises in infant mortality or adult mortality have been the subject of

much study in the economic literature. But there have been relatively

few studies regarding the effects of air pollution on other economic out-

comes such as human capital, and there is still a lot to be learned about

such costs of air pollution.

In this paper I use air pollution data from Tehran and attendance

data from one school in Tehran to study the effects of air pollution on

student school attendance. I provide evidence that suggests high air

pollution increases students absence from school. Specifically, I show

that the effects are strongest when we consider weekly average levels of

pollution as explanatory variables (rather than daily levels) and average

absence rates over a week as the outcome variable (rather than daily

rates). Among the pollutants that I study, I find PM10, NO2 and O3 to

be positively affecting absence rate. In terms of costs, I find, for example,
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that lowering weekly average level of PM10 by 5 µg/m3 (which is about

16 percent of its standard deviation) would result in about 34000 more

student-years of school attendance in city of Tehran, which has roughly

1 million school-going students.

There are some important questions though that are not addresses in

this paper and could be topics for future research in this area. For exam-

ple, there is still a lot left to be understood about the link between school

attendance and formation of human capital: other than the accounting

measure of human capital as the number of days a student attends (or

misses) school, is there other identifiable links between school attendance

and longer term educational attendance? Namely, does frequent absence

from school cause lower educational attainment? Or is there at least an

association between the two so that school absenteeism may be a pre-

dictor of human capital investments later in the life? Answering those

question would shed further light on the importance of school attendance

in formation of human capital and better understanding the costs of ab-

sence from school caused by environmental pollution.
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Figure 1: Absence rate, monthly averages for 14 years

Table 1: Pollution correlations between Aghdasyeh and other stations

CO NO2 O3 SO2 PM10 PM2.5

Region 2 0.591 0.376 0.479 0.397 0.617 0.852
Darous 0.315 0.274 0.264 0.108 0.269 0.605
Poonak 0.211 0.367 0.354 0.377 0.693 0.822
Setad 0.378 0.337 0.084 0.232 0.516 0.685
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Figure 2: Weekly average of pollutant concentrations
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Figure 3: Location of the school and pollution monitoring stations
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Table 2: Correlation table for the six pollutants

CO NO2 SO2 PM10 PM2.5

O3 -0.414 -0.082 0.041 0.025 0.105
CO 0.199 0.231 0.282 0.306
NO2 −0.538 0.233 0.073
SO2 0.185 0.363

PM10 0.786

Table 3: Absences by day of week

Dependent variable:

Absence per 1000

Sunday 3.020∗∗∗ (1.071)
Monday 0.922 (1.073)
Tuesday 1.302 (1.072)
Wednesday 1.666 (1.071)
Thursday 4.383∗∗∗ (1.077)
Constant 19.692∗∗∗ (0.760)

Observations 2,677

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Saturday is the first day of the week

Table 4: PM10 by day of week

Dependent variable:

PM10 level

Sunday 5.778∗∗ (2.437)
Monday 6.247∗∗ (2.434)
Tuesday 5.463∗∗ (2.423)
Wednesday 3.624 (2.433)
Thursday 3.111 (2.434)
Friday 0.001 (2.450)
Constant 73.336∗∗∗ (1.720)

Observations 3,874

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Saturday is the first day of the week
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Table 5: Regression Results – Whole School

Dependent variable:

Absence per 100,000

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

PM10 −0.482 0.354 2.404∗ 7.419∗∗∗ 4.871∗∗∗

(0.910) (0.955) (1.232) (2.368) (1.823)

O3 −1.381 0.980 −2.560 −6.123 −0.963
(1.752) (1.717) (1.825) (5.076) (4.042)

NO2 −0.751 −1.234 0.245 3.577 1.770
(0.987) (0.876) (1.183) (2.499) (1.975)

CO −29.204 −41.059∗∗ −14.883 −19.074 −7.784
(19.245) (17.730) (20.231) (62.707) (57.197)

Weather vars X X X X
Time dummies X X X
Squares X X
2 lags of y X

Observations 1,269 1,116 1,116 1,116 1,116
R2 0.003 0.061 0.262 0.276 0.543

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 6: Regression Results – Age Groups

Dependent variable:

Absence per 100,000
Grade ≤ 6 Grade > 6 Combined

(1) (2) (3)

PM10 5.645∗ 5.213∗ 4.590∗∗

(3.202) (2.942) (1.957)

O3 −6.532 −3.246 −2.508
(7.490) (7.377) (5.403)

NO2 3.207 1.868 2.805
(5.865) (3.764) (3.003)

CO −4.742 5.832 −9.593
(95.696) (92.634) (67.251)

SO2 −3.989 0.209 −0.230
(3.453) (2.355) (2.132)

Grade > 6 −96.336
(221.861)

PM10 × Group > 6 1.370
(1.397)

O3 × Group > 6 −4.059
(3.470)

NO2 × Group > 6 −0.786
(2.121)

CO × Group > 6 21.163
(33.563)

SO2 × Group > 6 −3.240∗∗

(1.583)

Observations 884 884 1,768
R2 0.485 0.415 0.437

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Figure 4: Residuals from regression of PM10 on model controls and own lag
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Table 7: Regression Results – Time smoothed

Dependent variable:

Absence per 100,000
pollution averaged over past 3 days pollution averaged over past 7 days

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

PM10 −0.760 4.770 13.793∗∗∗ −2.689 9.697∗∗ 19.951∗∗∗

(2.369) (3.021) (4.818) (3.368) (4.791) (5.383)

O3 7.675 5.803 27.152∗∗ 1.693 4.847 27.977∗∗∗

(5.341) (4.397) (11.940) (4.293) (4.770) (10.610)

NO2 4.012 4.433 3.916 5.966∗∗ 6.482 18.130∗∗

(2.454) (3.508) (11.408) (2.849) (4.316) (8.087)

CO 48.324 −24.333 −60.534 −1.964 −74.449 −103.128
(59.806) (89.568) (162.320) (65.905) (81.912) (119.272)

Weather vars X X X X X X
Time dummies
Squares X X X X X X
1 lag of y X X X X X X

Observations 978 482 224 1,087 544 243
R2 0.541 0.469 0.391 0.503 0.456 0.405

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Figure 5: Estimated coefficients of lags and leads of pollutant for daily models
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Figure 6: Estimated coefficients of lags and leads of pollutant for 7-day time-smoothed models
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