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Abstract

This paper examines the causal effect of unexpected school closures due to wildfires

on student academic achievement. We exploit exogenous variation in the intensity of

wildfire school closures in California between 2009 and 2017 as a natural experiment.

We find that wildfire school closures have negative effects on both ELA and math test

scores. Students with lower socioeconomic status experience larger negative effects

from such unexpected closures. Furthermore, we show that school time loss and air

pollution are two important mechanisms contributing to the decline we measure in

student achievement.
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1 Introduction

Schools are one of the key actors in the provision of human capital. Indeed, several as-

pects of schooling, including longer school time, better teachers, and more funding, can

improve student outcomes (Angrist and Krueger, 1991; Angrist et al., 2013; Hanushek,

1986; Jackson et al., 2015). At times, however, adverse events such as natural disasters

and infectious disease outbreaks force schools to close to ensure public safety, thus dis-

rupting students’ education. While such disruptions likely have negative ramifications

for students, there is relatively little empirical research on the effects of such unexpected

school closures on student achievement.

In this paper, we use administrative data from California to conduct one of the first

empirical analyses of the causal effect of sudden school closures due to wildfires on stu-

dent achievement. The impact of wildfires has drawn significant attention in the United

States because these fires have become larger, more frequent, and more widespread (Burke

et al., 2021). In California, wildfires are one of the most common reasons for school clo-

sures; in the 2017-18 academic year, for example, wildfire closures accounted for 91% of

all closure days. Further, wildfire-related school closures are similar to other unexpected

school closures such as the COVID-19 school shutdowns that began in March 2020 and

persisted for multiple academic years in some areas of the country. Both types of closures

led to learning interruptions, strain on teachers, economic losses for parents, and emo-

tional distress from exposure to the disaster. Given these repercussions, uncovering the

effects of wildfire school closures has important policy implications.

The current study focuses on wildfire school closures that occurred in California be-

tween the 2009-10 and 2016-17 academic years. We link school closure data to both

district-level and school-level test score data and use a school-grade/district-grade fixed

effects model to exploit exogenous variation in shock intensity across time. Compared

to extreme winter conditions, which are often used as exogenous shocks causing school

closures (Goodman, 2014; Marcotte and Hemelt, 2008), wildfires are less predictable and
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vary more widely across years, and thus teachers are less likely to consider the impact of

closures due to wildfires when developing their teaching plans. This unpredictability and

temporal variation in wildfires facilitate the identification of causal effects in the model

and allow us to extend the empirical evidence on the consequences of school closures

beyond prior results on weather-based closures.

We first estimate the overall impact of wildfire school closures on students’ academic

performance. The results reveal that these closures have a negative impact on test scores

in both English language arts (ELA) and math. Our preferred specification shows that

on average, one wildfire school closure day decreases both math and ELA scores by 0.02

standard deviations (SD) relative to the scores of the national reference cohort in the same

grade. Because wildfire school closures last for 2.4 days on average, a typical closure

caused by a wildfire leads to a loss of 0.048 SD in both ELA and math scores. Such a

magnitude is equivalent to at least 12% of the total yearly learning according to the esti-

mates of Betthäuser et al. (2023), or an approximately 40 percent of a SD change in teacher

quality, which can translate into a 1.34% change in lifetime earnings according to the es-

timates of Chetty et al. (2014). However, these effects are transitory—the negative effects

that emerge in one year do not persist into the following year. We also find that closures

lasting 2-5 school days have more severe impacts on test scores, compared to closures that

last for only one day or more than 5 days.

Next, we explore heterogeneity in the effects of wildfire school closures on student

achievement by gender and socioeconomic status (SES). We find that for a similar num-

ber of wildfire school closure days, learning loss is greater among students from low-SES

districts than among those from high-SES districts, which is consistent with related work

(Goodman, 2014; Groppo and Kraehnert, 2017). This heterogeneity suggests that policy-

makers apportioning resources in the aftermath of sudden school closures should con-

sider targeting low-income students. The results do not identify a gender difference in

the effect of wildfire school closures on student test scores in either ELA or math.
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We then explore two possible mechanisms driving these learning losses: loss of school

time and air pollution. The loss of school time can lead to both less time for instruc-

tion and out-of-school environment. To examine this mechanism, we exclude grade-year

cells that experienced large-scale wildfires or closures due to severe air pollution, so that

the treated group suffered primarily from a loss of school time rather than psycholog-

ical trauma, financial loss, or the health impacts of air pollution. The results for this

restricted sample show that the loss of school time led to a substantial decrease in test

scores, which suggests that the loss of school time is an important channel through which

wildfire school closures harmed student learning and has policy implications for allevi-

ating learning loss during unexpected school closures.

We also explore whether air pollution caused by wildfires underlies the link between

school closures and learning loss. Estimating the causal effect of air pollution on student

test scores is complicated by potential omitted variable bias (e.g., student sorting into

residential districts partly based on environmental quality) and measurement error. We

overcome these challenges by combining an instrumental variables (IV) approach that

is similar to Deryugina et al. (2019), exploiting variation in air pollution attributable to

changes in wind direction, and using Childs et al. (2022) wildfire smoke data that specif-

ically measures wildfire-driven PM2.5. Our IV estimates show that a 1-microgram per

cubic meter (µg/m3) increase in the cumulative wildfire smoke PM 2.5 (particulate mat-

ter that is 2.5 microns in diameter or smaller) concentration decreases both math and ELA

scores by 0.022 SD, indicating that wildfires also lead to learning loss via their effect on

air pollution.

In addition, we examine whether schools adjust their spending after wildfire school

closures, which can both reflect schools’ remediation strategies and be another mecha-

nism of the learning loss we find. Results show that wildfire school closures did not

affect total spending. We also break down total spending into nine categories and find

that most of them are not affected by wildfire school closures, except the small impacts
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($8-$31 per-pupil per-closure day annually) on instruction administration, ancillary ser-

vices, and maintenance & operation. However, few studies, to the best of our knowledge,

have found associations between these categories of spending and student achievement.

Therefore, these adjustments are unlikely to be used for remediating student learning loss

or one of the mechanisms of the learning loss we find.

We demonstrate that our identification strategy is effective at eliminating confound-

ing effects from unobserved school/school district characteristics. We show that wildfire

school closures in the future years are not predictive of student achievement in the cur-

rent year, suggesting a lack of preexisting trends in student achievement. Results also

show that the number of wildfire school closure days does not influence the number of

other school closure days. Additionally, we show that student mobility after wildfires

does not bias our estimates. Wildfire school closures do not affect enrollment and have

small effects on the racial/ethnic composition of students. The small changes in student

racial/ethnic composition only explain a negligible proportion of the estimated impact of

wildfire school closures on test scores.

Our study contributes to several streams of literature. First, we contribute to the liter-

ature on the effects of severe natural disasters on human capital development. We extend

this literature by providing the first, to the best of our knowledge, well-identified evi-

dence on the impact of wildfire school closures—which have become increasingly com-

mon in recent years—on student test scores and inequality in academic achievement.

Prior studies on the impacts of natural disasters on human capital development have

mainly focused on developing countries (Deuchert and Felfe, 2015; Herrera-Almanza and

Cas, 2020; Paudel and Ryu, 2018), especially low-income families whose income depends

heavily on weather conditions (Groppo and Kraehnert, 2017). However, given the in-

creasing impact of climate change and infectious diseases around the world, there is a
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need to extend this research to developed countries.1 In addition, the current study re-

veals the channels through which natural disasters affect human capital. Our findings

suggest that loss of school time and air pollution are two important mechanisms behind

the observed impacts.

Our research also adds to a growing body of literature on the impact of air pollution

on human well-being. Research has shown that air pollution is associated with many sig-

nificant outcomes in life (Aguilar-Gomez et al., 2022).2 We exploit plausibly exogenous

variation in wind direction to provide one of the first quasi-experimental evidence that

wildfire smoke harms student test scores, complementing studies exploring whether in-

terventions that improve air quality increase test scores(Ebenstein et al., 2016; Gilraine,

2020; Roth, 2016). Our estimates also suggest that the endogeneity problem can lead to

under-estimation of the negative impact of air pollution, which is consistent with Deryug-

ina et al. (2019)

Our findings also contribute to the small but growing literature on the economic

and social costs of wildfires. Research has documented the correlation between wild-

1A few studies have explored this topic in the context of developed countries. Sacerdote (2012), for

example, finds that Hurricanes Katrina and Rita negatively affected New Orleans students’ test scores in

the first year following the storms. These two hurricanes, however, almost completely destroyed the entire

public school system—more frequent but less disastrous events may have different effects. In addition,

the Covid-19 pandemic prompted studies on the impact of the pandemic on college graduation rates and

job placement (Aucejo et al., 2020), student math progress on an online platform (Chetty et al., 2020), and

predicted learning loss (Kuhfeld et al., 2020).

2Studies have shown the relationship between air pollution and health outcomes, (Deryugina et al.,

2019; He et al., 2020; Pullabhotla and Souza, 2022), productivity (Adhvaryu et al., 2022; He et al., 2019),

cognitive performance (Ebenstein et al., 2016; La Nauze and Severnini, 2021), and violent crimes (Burkhardt

et al., 2019).
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fires and air quality that translates into health deterioration (Burke et al., 2023), house

price declines, credit card and mortgage defaults (An et al., 2023), and lower earnings

(Borgschulte et al., 2022). Our findings that wildfire school closures negatively affect stu-

dent test scores, especially those with lower socio-economic status have important impli-

cations for the evaluation of the social cost of wildfire-related disasters.

Finally, our results extend the literature on how sudden school closures affect student

outcomes. Prior studies show that heavy snow-driven school closures have mixed ef-

fects on student test scores (Fuller, 2013; Goodman, 2014; Groppo and Kraehnert, 2017;

Hansen, 2011; Marcotte, 2007; Marcotte and Hemelt, 2008). Our study explores the im-

pact of school closures resulting from wildfires, a type of more unpredictable natural

disaster that is happening at an increasing frequency and severity and is more variable

across years, facilitating the identification of causal effects. We leverage these important

features of wildfire school closures to provide one of the first implications for evaluating

the impact of unexpected school closures resulting from natural disasters and infectious

disease outbreaks, such as the Covid-19 pandemic.

The rest of the paper is organized as follows. Section 2 reviews the study’s background

and data. Section 3 describes the empirical strategy. Section 4 presents the main results.

Section 5 concludes.

2 Background and Data

Unexpected wildfires affect a large number of students in the United States each year.

In California, for example, wildfires affected more than 867,000 students in 2017; further,

the number of California schools affected by wildfires increased dramatically over the

past decade (see Figure 1). Figure 2 illustrates the geographic distribution of California

wildfires between 2007 and 2019, showing that many public schools across a widespread

geographical area are located close to wildfire events. Further, researchers have predicted
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that climate change will generate more frequent extreme weather events, such as heat-

waves, heavy precipitation, and droughts, in at least some regions of the world (Senevi-

ratne et al., 2012). Given these trends, unexpected school closures will likely become more

common and thus deserve more empirical attention.

In California, wildfire school closures predominantly occur during the Fall semester.

For instance, within our sample, 92% of such closures happened between August and De-

cember, as shown in Figure 3. Considering that California’s statewide assessment of stu-

dent performance is conducted from January to early July, the majority of wildfire school

closures in our sample occurred prior to these assessment dates. The decision to shut

down schools during wildfire emergencies typically arises from a collaborative process

involving district-level decision-making and guidance from local and state government

authorities.

Unfortunately, schools do not always make up closure days. In the United States,

states have varying requirements regarding the number of instructional days and hours

in an academic year. The majority of states set the school year at 180 days. However,

when extreme situations prevent schools from having enough school days, states may not

require schools to make up all missed school days. In California, for example, Education

Code § 41422 provides that in extreme circumstances, if a school district can show, to

the satisfaction of the superintendent, that specific reasons prevented the school from

holding classes for at least 175 school days during a fiscal year it can still “receive the same

apportionment from the State School Fund as it would have received.” Therefore, schools

in California may not have enough incentive to make up for unexpected closure days.

Consequently, school closures caused by unexpected disastrous events can potentially

lead to unfinished teaching plans.

We combine multiple data sources to assess the effects of wildfire school closures on

student achievement. First, we use grade-specific district-level test score data from the

Stanford Education Data Archive (SEDA). These data include average district-level test
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scores in English language arts (ELA) and math as well as the achievement gap by gen-

der for students in grades 3 through 8 for each school district in each academic year (AY)

from 2009-10 to 2017-18, with the exception of AY 2013-14 (California did not administer

standardized tests in 2014).3 A one-unit increase in these scores refers to 1 grade-specific

standard deviation above the average test score of the national reference cohort, which

consists of four cohorts of students who were in 4th grade in 2009, 2011, 2013, and 2015.

The scores are comparable across school districts and years but not grades. The SEDA

dataset also includes information on district enrollment (in grades 3 through 8), the per-

centage of students eligible for free/reduced-price lunch, and racial/ethnic composition

of the student body.

Second, we use school-level test score data from the California Department of Edu-

cation (CDE) for the 2009-10 through 2018-19 AYs. These test score data are not directly

comparable across years because the state changed its assessment in 2014. We follow the

procedures developed by Reardon et al. (2017) to re-scale these school-level test scores.4

Specifically, we link reliability-adjusted California school test score scales to the NAEP

scales for ELA and math using the following equation:

µ̂
ˆnaep

sygb = µ̂
naep
cygb +

µ̂state
sygb√
ρ̂state

cygb

∗ σ̂
naep
cygb

where µ̂
ˆnaep

sygb is the estimated test score for school s, in year y, grade g, and subject

b ∈ {ELA, math}, on the NAEP scale. µ̂
naep
cygb and σ̂

naep
cygb are the NAEP test score means

3The SEDA converted these scores to a comparable national scale based on the National Assessment of

Education Progress (NAEP) test scores.

4Reardon et al. (2017) developed a method to link test score data from states to NAEP data, which

provides comparable state-level scores in reading and math for students in 4 and 8 in odd years. Reardon

et al. (2017) use this linking method to estimate test scores that are comparable across years and states.
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and standard deviations of year y, grade g, and subject b in California. µ̂state
sygb and ρ̂state

cygb

represent the original school-level test score and the reliability of the state test. To ease

interpretation, we then standardize the re-scaled scores using the cohort standardization

technique recommended in Reardon et al. (2017). For the resulting scores, 1 unit refers to 1

grade-specific standard deviation above the average test score of the California reference

group, which consists of five cohorts of California students who were in 4th grade in

2007, 2009, 2011, 2013, and 2015. Like the district-level test scores, these standardized

school-level scores are comparable across schools and years but not across grades.

We also obtained information on several school-level and district-level characteristics

from the CDE. At the school level, we use data on school location, grade-level enroll-

ment, gender and racial/ethnic composition of the student body, and percentage of stu-

dents eligible for free/reduced-price lunch. At the district level, we use expenditure data

for nine specific functions: instruction, instructional administration, school administra-

tion, guidance and counseling, psychological services, health services, ancillary services,

maintenance and operation, and facilities acquisition.

School closure data are drawn from the California Public School Closure Database,

which contains information on the number of school closure days due to natural disas-

ters and weather, wildfires, and student safety for AY 2002-03 to 2018-19 for each school.

Figure 4 shows that the number of closure days caused by wildfires is highly variable

across years, compared to those caused by extreme winter conditions, which has been

used frequently as exogenous shocks to study the impact of sudden school closures. We

also calculate enrollment-weighted closure days due to wildfires and other factors at the

district-year level because SEDA has district-year-grade test score data but not school-

year-grade test score data.

Our analytic sample combines wildfire school closures between AY 2007-08 and 2018-

19, and test scores between AY 2009-10 and 2016-17. Incorporating wildfire school clo-

sures in AY 2007-08 and 2008-09 allows us to (1) examine the lagged effects of wildfire
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school closures; and (2) include the 2007 Santa Barbara wildfire, which affected more than

1 million students. Further, we perform placebo tests by examining whether wildfires af-

fect student test scores realized one and two years before the wildfire school closures.5

We also use California Department of Forestry and Fire Protection data to obtain infor-

mation on the timing and geographical coverage of all wildfire events in California during

the focal period. We match this information with data on school locations and wildfire

closure timings to match each wildfire school closure to a specific wildfire event.6 The

information on acres burned allowed us to distinguish between schools that experienced

damaging wildfires and those that were closed only as a precaution.

To examine the mechanisms by which wildfire school closures impact test scores,

we analyze data on air pollution and wind direction. The wildfire smoke PM2.5 data

comes from Childs et al. (2022), which generates daily estimates of wildfire-driven PM2.5

across the contiguous US from 2006 to 2020 based on ground, satellite, and reanalysis

data sources. We use the cumulative smoke exposure during the school year at the local

level and match the smoke data to school data based on the zipcodes of schools 7. We use

5Placebo tests include school closures from AY 2017-18 and 2018-19. However, test scores from these

AYs are not included in the main analysis because we cannot test their pre-trends.

6In 2017 Southern California Fires, no fire was documented in Santa Barbara County in December but

multiple schools were affected. We match these closures to the wildfire happened in the closest county,

Ventura. We also matched January 2018 closures in Ventura to the December 2017 Ventura Fire. In 2007

Southern California Fires, no fire was documented in Ventura County but multiple schools were affected.

We match these closures to the fire happened in the closest county, Los Angeles. All of these are consistent

with fire documentation.

7We first merge the wildfire smoke PM2.5 data to schools based on the 5-digit zipcodes. For schools that

are not successfully matched to the smoke data (around 17% school-year cells), we further use the 4-digit

and 3-digit zipcodes to impute the smoke data.
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the daily smoke data to calculate averages and percentiles of wildfire-driven PM2.5 by

academic year for each school. We also use hourly wind direction data obtained from the

California Air Resources Board to calculate relative frequencies of four wind directions

(NE, SE, SW, and NW) at each monitor at both the month level and the year level.8 We

then match each school to the nearest monitor by year.9

Table 1 presents summary statistics of test scores, demographic characteristics, and

the number of wildfire school closure days in the analytic sample. Column 1 of Panel A

shows that during the sample period, students from California performed worse than the

national average (i.e., mean math and ELA scores are both negative). In addition, average

math scores are slightly lower for students in the closure sample (i.e., school-grade-year

or district-grade-year cells affected by wildfires) than for the overall California sample,

although this simple comparison does not necessarily indicate a causal relationship be-

tween school closures and test scores.

As shown in Panel B, about 60% of students in the analytic sample are eligible for free

or reduced-price lunch. About half of the sample members are Hispanic, while 39% are

White, 8% are Asian, and 4% are Black.10 A comparison of Columns 1 and 2 (or Columns

3 and 4) shows that schools/districts with a higher proportion of White students are more

likely to be affected by wildfires, while those with a higher proportion of Hispanic stu-

dents are less likely to be affected.

Among the 8,246 schools in the analytic sample, 1,297 were affected by wildfire school

8These monitors can be different from the ones used to get air pollution data.

9Wind direction is reported on a 0◦ - 360◦ scale, where 360◦ means a due north wind and 90◦ means

a due east wind. If the nearest monitor was missing wind direction data, we use the wind direction data

from the second nearest monitor, and so forth.

10Columns 1 and 3 show different racial/ethnic compositions because these mean statistics are calculated

without weights.
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closures during the study period. This translates into 9,980 affected school-year-grade

cells among the 201,869 cells in the analysis sample. Panel C in Table 1 also shows that on

average, these school-grades experienced 2.83 days of closure due to wildfires.

3 Empirical Strategy

We estimate the impact of wildfire school closures via a two-way fixed effects ap-

proach. It eliminates biases from cross district-grade differences that are constant over

time, such as location.11 Specifically, we estimate the causal effects of wildfire school

closures using the following equation:12

Scoredgt =α0 + Σ2
k=−2βkDays_Closure_Firedg(t+k)+

Σ0
k=−2ηkDays_Closure_otherdg(t+k)+

γXdgt + µdg + φt−g + λt + t ·ωc + εdgt

(1)

where Scoredgt denotes the mean standardized test scores in math or ELA for school

11Although wildfire school closures are sudden and likely perceived as idiosyncratic events by schools

and students, the likelihood of such closures may be correlated with the characteristics of schools and

students. For example, schools in cities may suffer less from wildfires than schools in mountain areas.

School districts may also have control over the length of school closures: schools with more resources are

likely more capable of recovering from disasters and shortening the length of their school closures.

12Our setting is not appropriate for using a standard event study model because our treatment, the

number of wildfire school closure days, is continuous and reflects the varying intensity of unexpected

school closures. Converting this continuous treatment to a binary one misses the rich variation in treatment

dosages in identifying the causal effects of school closures.The properties of applying event study models

in the setting where the treatment is continuous are still unclear (Monarrez et al., 2022; Sandler and Sandler,

2013).
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district d, grade g, and year t. Days_Closure_ f iredg(t+k) represents the average num-

ber of school closure days of district d in year t + k weighted by school enrollment,

k ∈ {−2,−1, 0, 1, 2}. β0, β−1, and β−2 are the coefficients of interest, which measure the

impact of one wildfire school closure day that occurred in the current (academic) year,

one year ago, and two years ago, respectively. Models also include a control variable,

Days_Closure_otherdg(t+k), for the number of closure days in the past two years caused

by other factors, such as heavy rain, snows, impassable roads, and broken/damaged in-

frastructures.

One may be worried that the estimated effects of wildfire school closures on student

achievement could be biased by pre-trends in student achievement. We test for this possi-

bility by examining whether wildfire school closures in the future influence current levels

of student achievement. Specifically, β1 and β2 capture the effects of wildfire school clo-

sures in years t = 1 and t = 2 on student achievement in year t = 0. β1 and β2 are

expected to be indistinguishable from 0. In Section 4.4, we show that the results cannot

reject the null hypothesis that there is no pre-trends.

µdg denotes the district-by-grade fixed effects. The district-by-grade fixed effects re-

strict comparisons to the same grades within a school district. Specifically, they differ-

ence out the time-invariant variation in student achievement across grade levels within

school districts as well as the time-invariant confounding variation in student achieve-

ment across school districts.

Although district-by-grade fixed effects alleviate the endogeneity problem caused by

time-invariant confounders, omitting time-variant variables (e.g., student body compo-

sition) may still bias the estimates. To address this problem, we add district-grade-year

measures of the gender and racial/ethnic composition of the student body as well as the

proportion of students eligible for free/reduced-price lunch (Xdgt). Year fixed effects, λt,

and cohort fixed effects, φt−g, are also included in the equation to control for both annual

shocks that affect students statewide and cohort-specific shocks. To control for county-
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specific trends, we add linear time trends, t ·ωc, for each county. We weight observations

using the test-taking population at the district-grade-year-subject level, a conventional

weighting scheme (Levine and McKnight, 2021).

District-level analysis may overlook the variation in wildfire school closures within

school districts. In large districts such as the Los Angeles Unified School District, geo-

graphic dispersion of schools can lead to variation in wildfire school closure days within

a district-year cell. To take advantage of this variation, we repeat the analysis using the

school-level test score data described above. The school-level analysis uses the same

methodology but replaces district-grade level variables with school-grade level variables

(test scores, closure days due to wildfires and other reasons, and gender and racial/ethnic

composition) or school-level variables (proportion of students eligible for free/reduced-

price lunch), depending on data availability. District-grade fixed effects are replaced with

school-grade fixed effects, while county-specific linear time trends are also replaced with

district-specific linear time trends. We use the following model to analyze the school-level

data:
Scoresgt =α0 + Σ2

k=−2βkDays_Closure_Firesg(t+k)+

Σ0
k=−2ηkDays_Closure_othersg(t+k)+

γXsgt + µsg + φt−g + λt + t ·ωd + εsgt

(2)

where all the variables are defined similarly as in Equation 1, except that the subscript

s denotes school s.

One potential concern of our empirical strategy is that the number of wildfire school

closure days may affect the number of other types of school closures. We test for this

possibility by regressing the total number of other types of school closures on the number

of wildfire school closure days using the following model:

Days_Closure_others(t+k) =α0 + Σ2
k=−2βkDays_Closure_Fires(t+k)+

µs + λt + εst

(3)
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Table A.I reports the results. The impacts of wildfire school closure days in the past

two years on other types of school closure days are both statistically insignificant and

small in magnitude in almost all cases. The only exception is that one wildfire school

closure day in the previous year can increase other types of school closures in the current

year by 0.007 days, which is unlikely to contaminate our main results. Therefore, we do

not find evidence that the number of wildfire school closure days in our sample influences

other types of school closure days.

3.1 Heterogeneity by gender and socioeconomic status

We also explore heterogeneity in the impact of school closures to identify student

groups that may need extra support in the face of these disruptions. First, we examine

heterogeneity by gender by estimating Equation 1 but replacing the dependent variable

with the district-year-grade level gender achievement gap.

We then examine heterogeneity by district-level SES. We calculate the average pro-

portion of free/reduced-price lunch students in district d between 2009 and 2017; divide

the distribution of average proportions into terciles; and categorize districts in the an-

alytic sample as having low, medium, or high SES. We estimate equation 1, replacing

Days_Closure_Firedg(t+k) with three interaction terms between (1) indicators of whether

district d belongs to each of the three SES groups and (2) the number of closure days

caused by wildfires (i.e., low SES x number of closure days, medium SES x number of

closure days, high SES x number of closure days). We also run the same regression using

school-level data and categorizing schools in the analytic sample as having low, medium,

or high SES based on the average proportion of students eligible for free/reduced-price

lunch between 2009 and 2017.

15



3.2 Exploring possible mechanisms of learning loss

School closures caused by wildfires may affect student outcomes through the loss

of school time, financial losses, psychological trauma, or bad air quality. We examine

whether two of these factors—the loss of school time and bad air quality caused by

wildfires—are mechanisms through which wildfire school closures affect student learn-

ing in California.

Schooling environment and instructional time are important determinants of a child’s

academic success (Chabrier et al., 2016; Eble et al., 2021). To identify the effect of school

time loss, we estimate Equation 3 but exclude areas that experienced large-scale wildfires

or poor air quality. Specifically, we exclude school-year-grade cells that either specified

bad air quality as the reason for the closure or experienced wildfires that burned more

than 1,000 acres.13 This leaves two groups of school-year cells: (1) those that did not

suffer from school closures, and (2) those that experienced preemptive or precautionary

school closures but did not encounter severe air pollution, financial losses, or psycholog-

ical trauma. This restricted sample allows us to identify the impact of losing school time

on test scores.

To explore whether air pollution caused by wildfires, measured by the wildfire-driven

PM 2.5 concentrations, is one of the mechanisms driving learning loss, we estimate the

following equation:

Scoresgt =α0 + Σ2
k=−2βkDays_Closure_Firesg(t+k)

+ Σ0
k=−2ηkDays_Closure_othersg(t+k) + θPM25st

+ γXsgt + µsg + φt−g + λt + t ·ωd + εsgt

(4)

where all the variables are the same as Equation 3, except an additional term PM25st,

13As a point of comparison, the city of San Francisco has an area of about 30,016 acres and the Central

Park in New York City has an area of about 843 acres.
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which is the average PM 2.5 exposure driven by wildfire smoke of school s in year t. θ

is the coefficient of interest. In addition, we also use the 75th, 90th, and 95th percentiles

of wildfire smoke-drive PM 2.5 exposure as measures of air pollution. We also include

weather controls, including temperature, precipitation, and wind speed at the school level

as a robustness check in Section 4.4.14

One potential concern is that PM25st might be endogenous because families may self-

select into locations with high/low air pollution. To address this concern, we employ the

instrument variable (IV) method by using the variation in wind direction; this approach

is similar to the one used by Deryugina et al. (2019). Specifically, we use yearly relative

frequencies of NE, SE, and SW wind as instruments of PM25st. The omitted category is

the yearly relative frequencies of NW wind.

The first stage specification is:

PM25st =Σg∈GΣ2
b=0βbg1[Gs = g] ∗WD90b

st(9−12)

+ Σ2
k=−2βkDays_Closure_Firesg(t+k)

+ Σ0
k=−2ηkDays_Closure_othersg(t+k)

+ γXsgt + µsg + φt−g + λt + t ·ωd + εsgt

(5)

The excluded instrument variables are 1[Gs = g] ∗WD90b
st , where 1[Gs = g] is an indi-

cator of whether school s is classified into geographical area g, and WD90b
st is the frequency

of NE (when b = 0), SE (when b = 1), and SW (when b = 2) wind of school s in year t. Other

variables are defined in the same way as Equation 4.

The validity of the IV requires that (a) the IVs (wind directions) are sufficiently predic-

tive of PM 2.5, and (b) these IVs only influence student test scores through altering PM

14We include yearly maximum and minimum temperatures as temperature controls, represented by

indicators for deciles of maximum and minimum temperatures at the 5-digit zip-code level. We do the

same for precipitation and wind speed.
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2.5. Prior research has found that wind directions and PM 2.5 are correlated (Deryugina

et al., 2019)—wind can transport pollution caused by wildfires to school locations. Ta-

ble 2, which reports the estimates of first-stage Equation 5, also shows that these IVs are

strong predictors of PM 2.5 levels in our focal sample. Further, the F-statistics in the IV

regression results (Table 7) show that there is not a weak-IV bias problem. To verify con-

dition (b), we need to assume that conditional on school-grade fixed effects (e.g., within a

county), variation in wind direction frequencies across years is not correlated with other

determinants of student outcomes.15

One challenge to measuring pollution induced by wildfires is that the PM 2.5 measure

may reflect variations in local sources of air pollution other than wildfires. We alleviate

this concern in two ways. First, as mentioned in Section 2, the PM 2.5 data in the cur-

rent study directly measures wildfire-driven PM2.5, which improves the reliability of our

measure of air pollution induced by wildfires. Second, following the idea of Deryugina

et al. (2019), we divide the State of California into three geographic areas, as shown in

Figure 2, and forcing Equation 5 to estimate a common effect of wind that carried air pol-

lution from wildfires on the PM 2.5 measures within each of the geographic areas. As

shown in Figure 2, within each geographic area, most wildfires, especially the most de-

structive ones, were located on one side of the schools. For example, in North California,

wildfires mostly took place to the east of the schools. This is consistent with Column 3

of Table 2, which indicates a higher frequency of east winds increases air pollution levels.

These estimates of the impacts of wind on air pollution are also consistent with Deryug-

ina et al. (2019). Therefore, Equation 5 provides a reliable estimation of the effects of wind

15One potential concern is that wind directions also affect air pollution caused by reasons other than

wildfire smoke, which may also affect test scores. As a robustness check, we estimate Equation 4 controlling

for the yearly average PM 2.5 from all sources at the school level. In Section 4.4, we show that our estimates

are robust to the inclusion of such controls.
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directions that brought air pollution from wildfires.

4 Results

4.1 Impact of Wildfire School Closures on Test Scores

Columns 1 and 2 in Table 3 present the estimation results for Equation 1 using district-

grade level data. The results show that wildfire school closures have a negative impact on

both ELA and math scores during the concurrent year but not the following years (i.e., the

coefficients on Closure dayst−1 and Closure dayst−2 are non-negative or indistinguishable

from 0). Columns 3 and 4 show the parallel results using school-grade level data for

the same group of students using Equation 3. The school-grade results show similar

patterns as the district-grade results.16 Our preferred specifications, shown in Columns

1 and 2, indicate that on average, one wildfire closure day in the current school year

decreases both ELA and math scores by approximately 0.02 standard deviations relative

to the scores of the national reference cohort in the same grade. One potential concern of

our estimates is that the academic assessments were administered before the occurrence

of wildfire school closures, which is a potential measurement error issue in test scores

and may lead to attenuation biases. However, about 90% of the wildfire school closures

in our sample happened before January, it is therefore unlikely that considering such a

possibility can substantially affect our results. We also show in Section 4.4 that excluding

wildfire school closures after December does not change our results.

Inspired by Herrmann and Rockoff (2012), we test whether the duration of closures

matters for achievement loss, using school-level data. Specifically, we estimate Equation

16Because the district-level test score data is standardized at country-grade-subject level while the

school-level test score data is standardized at the state level. Therefore, the magnitudes in Columns 1

and 2 are not directly comparable to those in Columns 3 and 4.
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3 with dummies for four closure durations: 1 day, 2-3 days, 4-5 days, or more than 5

days (rather than the number of wildfire school closure days). The results (see Table 4)

show that 1-day closures do not have a statistically significant impact on test scores. For

ELA scores, wildfire school closures lasting 2-3 school days are the main drivers of the

negative impact, while for math scores, closures lasting 4-5 days are the main drivers of

the decrease in test scores. Wildfire school closures lasting for more than 5 days have

a statistically significant impact on test scores, but the magnitude of the per-day effect

(i.e., the coefficient divided by an integer larger than 5) is smaller than the magnitude

of the per-day effect of closures lasting 2-5 days. One reason 2-5 day closures have a

greater impact than longer closures may be that very long closures highlight the severity

of the interruption in teaching and learning and thus are more likely to prompt schools

to implement remediation measures.

4.2 Heterogeneity

To explore the heterogeneous effects of wildfire school closures by SES and gender, we

categorize the schools/districts in the analytic sample as having low, medium, or high

levels of SES (see Section 3). We then estimate Equations 1 and 3, replacing wildfire clo-

sure days with three interaction terms between (1) indicators of whether a district/school

belongs to each of the three SES groups (upper, middle, or lower third) and (2) the num-

ber of closure days caused by wildfires. Table 5 reports the estimated coefficients on these

interaction terms. The negative effects of closures on test scores are clearly concentrated

among districts/schools with a high proportion of free/reduced-price lunch students; the

negative effects are much smaller in magnitude among districts/schools with a middle

or low proportion of free/reduced-price lunch students.

We use achievement gap data at the district-year-grade-subject level to detect whether

wildfire school closures affected the gender achievement gap. The results in Table 6 show

that we cannot reject the null hypothesis that school closures have no impact on the
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gender achievement gap. Notably, this analysis focuses on the gender achievement gap

within districts, while the previous analysis of heterogeneity by SES identifies differences

in the effect of wildfire school closures across districts.

4.3 Mechanisms

Wildfire school closures may influence student learning through several possible chan-

nels, including loss of school time, loss of family income, mental stress, and air pollution.

This subsection explores two potential mechanisms: school time loss and air pollution.

To examine the impact of school time loss, we estimate Equation 3 excluding school-

grade-year cells that encountered large-scale wildfires or closures due to extreme air pol-

lution (as described in Section 3). Results in Columns 5 and 6 of Table 3 indicate that a loss

of school time significantly decreases math test scores. The impact of lost time on ELA

scores is not statistically significant but has the expected negative sign and the magni-

tude is within the 95% confidence interval of the estimate in Column 3. Given differences

in sample sizes and compositions, these results should not be interpreted as the fraction

of the total impacts estimated in Columns 3 and 4 that can be attributed to the loss of

school time. Rather, these results provide clear-cut evidence that a reduction in school

time harms test scores even without the other negative shocks associated with extremely

large wildfires.

To explore whether school time loss had a greater effect on students with lower SES

than on students with higher SES, we again apply the method described in Section 4.2

(i.e we replace the number of wildfire school closure days with interaction terms in the

regressions) and exclude school-years that did experience large-scale fires or air pollution.

The results in Table A.II show that the negative impact of school time loss is most intense

among students with lower SES.

Next, we explore whether air pollution is another channel through which wildfires

affect test scores. Table 7 presents the estimation results of Equation 4. As mentioned
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above, we use the average wildfire-driven PM 2.5 concentration as well as the 75th, 90th,

and 95th percentiles of PM 2.5 concentration during the academic year as measures of air

pollution.

Panel A in Table 7, which reports the ordinary least squares (OLS) estimates of the

relationship between wildfire-driven PM2.5 and test scores, suggests that an increase in

wildfire-driven PM 2.5 is associated with small decreases in test scores. However, the

OLS results may be subject to the omitted variable bias issue. Thus, Panel B presents

the corresponding IV estimates of the causal effects of wildfire-driven PM 2.5 on test

scores. Here, the coefficients on PM 2.5 are substantially larger in magnitude (2-7.3 times)

and have the expected negative sign, except specification 7. Our preferred specifications,

in Columns 1 and 5, show that, on average, each 1-µg/m3 increase in wildfire-driven

PM 2.5 concentration decreases math scores by 0.038 SD and ELA scores by 0.010 SD.

These magnitudes (i.e., the change in test scores per 1-µg/m3 fluctuation in PM 2.5) are

comparable to those found in other studies that explore the relationship between wildfire-

driven PM 2.5 and student test scores (see Gilraine, 2020 for a study that finds a 0.03 SD

impact on math and ELA scores in the Los Angeles Unified School District, and Ebenstein

et al., 2016, for a study that finds a 0.006 SD impact on high school matriculation exams

in Israel).

Last, we examine whether wildfire school closures affect school spending. Adjust-

ments in expenditures can both reflect schools’ remediation strategies in response to clo-

sures and be another mechanism through which closures impact learning. To explore

such effects, we estimate Equation 1 using district-level per-pupil expenditure as the de-

pendent variable. Column 1 in Table 8 presents the impact of closures on total spend-

ing, while Columns 2 - 10 show the impact on 9 distinct categories of spending. The

magnitudes of the coefficients can be interpreted approximately as proportional changes.

Results in Column 1 show that we cannot reject the null hypothesis that wildfire school

closures have no impact on total spending. When spending is broken into specific cat-
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egories, the results show that school closures have no statistically significant impact on

6 of the 9 categories, including instruction, psychological services, and health services,

which prior studies have found are associated with test score outcomes (Greenwald et al.,

1996; Lafortune et al., 2018; Baron, 2022) and/or which are important for post-wildfire

remediation services.

Wildfire school closures have a negative effect on per-pupil instruction administration

spending (Column 3) and positive effects on ancillary services (Column 7) and mainte-

nance & operation (Column 9).17 However, given that few studies have found that these

three categories of spending are associated with student test scores, it is unlikely that

adjustments in these spending categories are responsible for the identified decreases in

test scores. While such spending adjustments may be necessary for school operations,

they are unlikely to be used for remediation strategies that address learning loss. The

small magnitudes of the changes in per-pupil spending in these categories strengthen

this argument—the estimated coefficients suggest a -$31 annual change (-0.083*293.79,

per-pupil per-closure day) in instruction administration spending, a $8 annual change

(0.077*99.89, per-pupil per-closure day) in ancillary services spending, and a $23 annual

change (0.047*489.21, per-pupil per-closure day) in maintenance spending.

4.4 Robustness Analysis

We conduct several robust analyses to check (1) whether there exist pre-trends in test

scores, (2) whether student migration after wildfires pollutes our estimates, (3) whether

the possibility that tests may be taken prior to the occurrence of wildfires within an aca-

demic year affects our results, (4) whether estimated effects of school time loss are robust

17Instruction administration refers to activities that assist instructional staff within the planning, de-

velopment, and evaluation of learning experiences for students. Ancillary services include co-curricular

activities and athletics that are not directly related to test scores.
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to using different criteria for identifying large-scale wildfires, (5) whether our estimates

of the impact of smoke exposure are sensitive to the inclusion of weather controls and

all-source air pollution controls, and (6) whether the estimated effects of wildfire school

closures are biased due to the negative weights assigned to groups and periods in the

two-way fixed effects model.

The validity of the estimates depends on whether there were pre-trends in test scores

that can be mistakenly attributed to the effects of school closures. In our setting, because

school closures cannot affect prior test scores, testing for pre-trends is equivalent to testing

whether the coefficients on Closure dayst+1 and Closure dayst+2 in Equations 1 and 3 are

indistinguishable from 0. The results in Figure 5 indicate that we cannot reject the null

hypothesis that no pre-trends exist, either for our district-level or school-level data.

Wildfires may lead to migration of students’ families, which changes the student body

composition of schools and in turn affects their average test scores. If this mobility is

random in terms of student characteristics, then the results are unbiased. However, it is

possible that some types of families are more likely to move than others, for example,

risk-averse families who do not want to experience wildfire closures again may be more

likely to move to a new area.

To address this concern, we estimate whether wildfire school closures are associated

with shifts in enrollment. Table A.III shows that the association between wildfire school

closures and enrollment is positive but not statistically significant. On average, 1 wildfire

closure day increases the school-grade level enrollment of the current year by only 0.3

students (the average enrollment in the sample is over 100). Wildfire school closures that

occurred in the previous two years also have limited (i.e., small in magnitude and/or not

statistically significant) associations with enrollment. Therefore, the results indicate that

school closures caused by wildfires do not change total enrollment.

We also examine whether wildfire school closures are associated with changes in the

racial/ethnic composition of the focal schools. The results in Table A.IV show that al-
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though wildfire school closures are associated with changes in student body racial/ethnic

composition, the magnitudes of these shifts are quite small: on average, 1 wildfire closure

day is associated with 0.06 - 0.46 percentage point change in the proportion of each of

the four largest racial groups (Asian, Black, Hispanic, and White). These results trans-

late into 0.7% - 2.8% changes in their mean proportions. Similarly, closures that occurred

in the previous two years have limited (i.e., small in magnitude and/or not statistically

significant) associations with changes in student body racial/ethnic composition.

In sum, wildfire school closures are associated with changes in student composition.

However, these changes are so small in magnitude that they do not change the conclu-

sions based on the main analyses. In addition, we control for both student racial/ethnic

composition and the proportion of students eligible for free/reduced-price lunch through-

out the analyses, which would alleviate the impact of any changes in student body com-

position. Further, calculations using the estimated coefficients on student racial/ethnic

composition in Equation 3 show that changes in student body composition result in a

much smaller impact on test scores than the estimated total impact of school closures on

test scores.18

Another concern about the validity of our results is that tests in California can be

scheduled between January and June, meaning that wildfires in the school year t may

happen after the test in that school year. We test for this possibility by running the regres-

sion using Equation 3 and counting only wildfire school closures that happened before

18The regression results in Columns 1 and 2 of Table 3, for example, show that the coefficients on the

percentage of Asian, Black, Hispanic, and White students are 0.99, -0.66, -1.03, and 0.32, respectively, for

ELA scores and 1.2, -0.64, -1.25, and 0.20, respectively, for math scores. Thus, changes in racial/ethnic com-

position lead to a -0.003 SD (0.99*-0.059% - 0.66*-0.101% - 1.03*.158% + 0.32*-0.458%) change in ELA scores

and a -0.003 SD (1.2*-0.058 - 0.64*-0.111 - 1.25*.16 + 0.2*-0.461) change in math scores. These magnitudes are

only about 15 % of our estimated effect of per-day wildfire school closure.
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January (within a school year). Results are shown in Columns (7) and (8) of Table 3. The

estimates are almost identical to those in Columns (3) and (4), meaning that our results

are robust to the possibility that tests may be taken prior to wildfires.

In the mechanism analysis, we identify the effect of school time loss by excluding ob-

servations that either specified poor air quality as the reason for closure or experienced

wildfires that burned more than 1,000 acres. Here, we use alternative criteria for defining

large-scale wildfires and check whether the estimated impact of school time loss remains

stable. Results are shown in Table A.V. When large-scale wildfires are defined as ones

that burned more than 500 acres or more than 5,000 acres, the estimated effects of wildfire

school closures are quite similar to the original estimates in Table 3. When large-scale

wildfires are defined more narrowly as ones that burned more than 15,000 acres, the esti-

mated effects of wildfire school closures become slightly larger in magnitude for both ELA

and math scores. This increase in the negative impact of wildfires likely occurs because

wildfires that burn 5,000 - 15,000 acres can lead to economic loss and/or psychological

trauma. Hence, the estimated effects of these wildfire school closures on test scores reflect

the effects of not only school time loss, but also economic loss and psychological trauma.

In sum, these estimated effects have similar magnitudes as the main analyses. We there-

fore conclude that the estimated effect of school time loss is robust to different criteria for

identifying large-scale wildfires.

In addition, we test whether the inclusion of weather controls affects our results. Fol-

lowing Deryugina et al. (2019), we estimate Equation 4 with weather controls, including

minimum and maximum temperature, precipitation, and wind speed. Table A.VI reports

the results, which are similar to our main results in Table 7. We also control for all-source

PM 2.5 to address the potential concern that our IVs (wind direction) may affect air pol-

lution resulting from reasons other than wildfires that also influence student test scores,

a situation where exclusion restriction may be violated. Results in Table A.VII show that

controlling for the overall PM 2.5 does not affect our results. Therefore, our results are
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robust to these additional controls.

Numerous studies have shown that treatment effect estimates from two-way fixed

effects models can be biased due to negative weights assigned to groups and periods

when the treatment is implemented at different times and the treatment effect is hetero-

geneous (De Chaisemartin and d’Haultfoeuille, 2020; Goodman-Bacon, 2021; Callaway

et al., 2021; Sun and Abraham, 2021). Because wildfire school closures occurred in differ-

ent years across schools, we conduct several robustness analyses using the school-level

data to check if our estimated effects of wildfire school closures suffer bias from the neg-

ative weights.

Following De Chaisemartin and d’Haultfoeuille (2020), we calculate the weights at-

tached to the regressions with the twowayfeweights Stata package. We find that only 1.1%

of the weights in the school-level sample are negative and the sum of the negative weights

is -0.003. In addition, we compute the adjusted estimator developed by De Chaisemartin

and d’Haultfoeuille (2020), which is valid even when there is heterogeneity in treatment

effects, using the did_multiplegt Stata package. The adjusted estimates of the effects of

wildfire school closures are -0.02 (standard error = 0.002) for math and -0.02 (standard

error = 0.005) for ELA, which are quite close to our original estimates. Therefore, the neg-

ative weights issue in two-way fixed effect models is likely not a concern in the current

analysis, and our estimated effects of wildfire school closures are not substantially biased

by the negative weights issue.

5 Conclusion

Using administrative data from California, we investigate the effect of unexpected

school closures due to wildfires on student achievement. We find that exposure to wild-

fire school closures negatively affects student test scores. The overall negative impact of

per-day closure on both ELA and math test scores is approximately 0.02 SD. Such effects
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could develop into major learning losses, given that an increasing number of schools are

experiencing closures (at least in California, see Figure 1) and disastrous events are occur-

ring at an increasing frequency (Burke et al., 2021; Seneviratne et al., 2012). Moreover, the

COVID-19 pandemic prompted extended school closures on a global scale.

We also explore heterogeneity in the effects of wildfire school closures on student test

scores by SES. The effects of wildfire school closures are larger for students in schools/districts

with a high proportion of free/reduced-price lunch students (i.e., students with lower

SES). The heterogeneity identified herein is consistent with the existing literature (Good-

man, 2014; Groppo and Kraehnert, 2017). Given that the negative effects of school closures

are transitory, the current results suggest a worsening disparity in student achievement

in the short term.

Further, we explore the channels through which wildfire school closures affect student

test scores. First, we isolate the impact of lost school time from the impact of air pollution,

financial loss, and psychological trauma, and find that the loss of school time did cause

a reduction in test scores. The negative impact is stronger for students from schools with

a high proportion of free/reduced price lunch students. While Groppo and Kraehnert

(2017) find that in a developing country, negative impacts on low-income students are

driven by a loss of family income, our findings suggest that low-SES students suffer more

intensely than higher income students from a similar loss of school time.

In addition, our results show that wildfire school closures affect test scores, especially

math scores, through their impact on air pollution, measured by the wildfire-driven PM

2.5 concentration. By exploiting variation in air pollution driven by changes in wind

directions, we show that on average, each 1-µg/m3 increase in PM 2.5 concentration de-

creases math scores by 0.038 SD and ELA scores by 0.010 SD.

Taken together, our findings show that wildfire school closures have a negative impact

on student achievement. Further, there is substantial heterogeneity in this impact by so-

cioeconomic status: students from low-SES school districts are particularly vulnerable to
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the negative effects of school closures caused by disastrous events. We also show that the

loss of school time and air pollution caused by wildfires are two important mechanisms

through which wildfire school closures affect student achievement.

These findings highlight the need for policymakers to develop and implement plans

to reduce learning loss in the aftermath of disasters and ameliorate resulting increases in

inequality. The findings reinforce other efforts in this area, such as the climate action plan

released by the U.S. Department of Education in 2021, which focused on preparing the

country to confront the rapidly changing climate and its impacts, as well as the work of

Park et al. (2020), which suggested that extreme weather disproportionately affects stu-

dents of color, leading to increases in inequality in the United States. Thus, the current

findings should inform the design of any resulting remediation policies. By identifying

the impact of unexpected school closures, the mechanisms driving this impact, and the re-

sulting inequality, this study sheds light on the optimal designs for targeted remediation

policies.
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Tables

TABLE 1
Summary Statistics

District-Level: School-Level:
(1) (2) (3) (4)

Full Closure Full Closure
Sample Sample Sample Sample

Panel A: Test Scores

Math score -0.23 -0.26 0.01 -0.03
ELA score -0.18 -0.19 0.02 0.05

Panel B: Demographics

Free/Reduced price lunch 0.56 0.55 0.60 0.55
Asian 0.08 0.05 0.08 0.05
Black 0.04 0.05 0.06 0.05
Hispanic 0.48 0.36 0.51 0.40
White 0.39 0.53 0.27 0.42

Panel C: Closure Days

Closure days 0.02 2.40 0.02 2.83

Obs. (District-grade-year in Math) 25,827 1,248 - -
Obs. (District-grade-year in ELA) 32,846 1,628 - -
Obs. (School-grade-year in Math) - - 190,253 9,294
Obs. (School-grade-year in ELA) - - 201,869 9,980
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TABLE 2
Impact of Wind Directions on Wildfire Smoke Exposure

(1) (2) (3)
South Middle North

California California California

Northeast -.118* -.070 .523***
(.071) (.072) (.104)

Southeast .024 .205*** .446***
(.072) (.065) (.116)

Southwest .225*** .546*** -.137*
(.058) (.073) (.078)

Mean Dependent Var. 2.542 3.053 3.030
Observations 45,302 54,732 67,880
R-squared 0.636 0.644 0.587

Notes: This table reports the first-stage results of the two-stage least squares regression, or the effect of
variations in frequencies of wind directions on PM 2.5 driven by wildfire smoke. All regressions include
school-x-grade fixed effects, cohort fixed effects, year fixed effects, and school-district linear time trends.
Other controls include school-grade level student race and gender composition, school level percentage
of students eligible for free/reduced price lunch, and closure days due to various reasons. Estimates are
weighted by school-year-grade enrollments. Robust standard errors clustered at the school level are re-
ported in parenthesis; *** p<0.01, ** p<0.05, * p<0.1
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TABLE 3
Impact of School Closures on Test Score

District-Level: School-Level: School-Level: School-Level:
Full Full Exclude Closures

Sample Sample Large-scale Fires Before Jan.
(1) (2) (3) (4) (5) (6) (7) (8)

ELA Math ELA Math ELA Math ELA Math

Closure days -.021*** -.019*** -.010** -.010* -.006 -.012** -.011** -.010*
(.005) (.006) (.005) (.006) (.005) (.006) (.005) (.006)

Closure dayst−1 .000 .002 .007** .017*** .009*** .018*** .007** .017***
(.002) (.004) (.003) (.004) (.003) (.004) (.003) (.004)

Closure dayst−2 -.001 .001 .004** .012*** .005** .012*** .004** .012***
(.002) (.003) (.002) (.003) (.002) (.003) (.002) (.003)

Observations 32,846 25,827 201,869 190,253 191,049 179,912 201,869 190,253
R-squared .961 .936 .917 .875 .918 .876 .917 .875

Notes: This table reports the effect of school closures on student achievements. All regressions include cohort fixed effects and year fixed effects.
Columns (1) and (2) include district-x-grade fixed effects, race and gender composition, free/reduced price lunch percentage, closures days due to
reasons other than wildfires, and county linear time trends. Columns (3) - (6) include school-x-grade fixed effects, race and gender composition,
school level free/reduced price lunch percentage, closures days due to reasons other than wildfires, and district linear time trends. In Column (7)
and (8), we only include school closures before January. Robust standard errors clustered at school level are reported in parenthesis; *** p<0.01, **
p<0.05, * p<0.1
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TABLE 4
School Closure Duration and Learning Loss

(1) (2)
ELA Math

Wildfire closure, 1 day .012 -.010
(.028) (.033)

Wildfire closure, 1 - 3 days -.069** -.006
(.024) (.028)

Wildfire closure, 3 - 5 days -.022 -.094**
(.036) (.033)

Wildfire closure, more than 5 days -.052 -.075
(.075) (.087)

Observations 201,869 190,253
R-squared .917 .875

Notes: This table reports the effect of school closures on student achievements. Both regressions include
school-x-grade fixed effects, cohort fixed effects, year fixed effects, and school-district linear time trends.
Other controls include school-grade level race and gender composition, school level free/reduced price
lunch percentage, and closures days due to reasons other than wildfires. Robust standard errors clustered
at school level are reported in parenthesis; *** p<0.01, ** p<0.05, * p<0.1
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TABLE 5
Impact of School Closures by

Proportion of Free/Reduced-price Lunch (FRPL) Students

School-level District-level
(1) (2) (3) (4)

ELA Math ELA Math

Closure * High FRPL -.032*** -.044*** -.055*** -.050***
days (.009) (.011) (.015) (.015)

* Medium FRPL -.004 -.002 -.014** -.011
(.007) (.007) (.006) (.008)

* Low FRPL -.009 .002 -.019 -.028
(.007) (.009) (.010) (.016)

Observations 200,713 189,309 32,846 25,827
R-squared .917 .875 .961 .936

Notes: This table reports the effect of school closures on student achievement by the proportion of students
eligible for free/reduced-price lunch at districts/schools. All regressions include cohort fixed effects and
year fixed effects. Columns 1 and 2 controls for district-x-grade fixed effects, district-grade level student
race and gender composition, the percentage of students eligible for free/reduced price lunch, closures
days due to reasons other than wildfires, and county linear time trends. Estimates are weighted by district-
year-grade enrollments. Columns 3 - 6 include school-x-grade fixed effects, school-grade level student race
and gender composition, school level percentage of students eligible for free/reduced price lunch, closures
days due to reasons other than wildfires, and district linear time trends. Estimates are weighted by school-
year-grade enrollments. Robust standard errors clustered at district level for columns 1 and 2 and at school
level for columns 3 - 4 are reported in parenthesis.
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TABLE 6
Impact of School Closures on Gender Achievement Gap

(1) (2)
ELA Math

Closure days -.001 .004
(.005) (.004)

Closure dayst−1 .000 .000
(.001) (.001)

Closure dayst−2 .001 .001
(.001) (.001)

Observations 27253 21401
R-squared .427 .439

Notes: This table reports the effect of school closures on district-grade level gender achievement gap.
Both regressions include district-x-grade fixed effects, year fixed effects, cohort fixed effects, and con-
trols for district-grade level student race and gender composition, the percentage of students eligible for
free/reduced price lunch, and county linear time trends. The number of observations is smaller because
some district-grade-year cells did not report gender achievement gap. Estimates are weighted by district-
year-grade enrollments. Robust standard errors clustered at district level are reported in parenthesis.
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TABLE 7
Impact of Air Pollution Caused by Wildfires in School Closures

ELA Math
(1) (2) (3) (4) (5) (6) (7) (8)

Mean 75th 90th 95th Mean 75th 90th 95th
PCTL PCTL PCTL PCTL PCTL PCTL

Panel A: OLS

Closure days -.010** -.010** -.010** -.009** -.009* -.010** -.009* -.009*
(.004) (.004) (.004) (.004) (.005) (.005) (.005) (.005)

Wild f ire_PM 2.5 (µg/m3) -.004*** -.003*** -.001*** -.001*** -.009*** -.006*** -.003*** -.001***
(.001) (.001) (.000) (.000) (.001) (.001) (.000) (.000)

Observations 195,392 195,392 195,392 195,392 184,304 184,304 184,304 184,304

Panel B: IV Estimates

Closure days -.009** -.009** -.004 -.010** -.004 -.006 .004 -.007
(.004) (.004) (.005) (.005) (.005) (.005) (.006) (.006)

Wild f ire_PM 2.5 (µg/m3) -.010 -.011*** -.009*** -.001 -.038*** -.039*** -.022*** -.002
(.007) (.004) (.003) (.001) (.008) (.006) (.003) (.002)

Cragg-Donald Wald F-statistic 296.830 312.424 199.050 330.998 278.214 280.662 196.188 297.756
Observations 195,392 195,392 195,392 195,392 184,304 184,304 184,304 184,304

Notes: This table reports OLS and IV estimates of the effect of wildfire-driven PM 2.5 on student achievement. Columns (1) and (5) use yearly
wildfire-driven PM 2.5 exposure as a measure of air pollution; columns (2) and (6) use the 75th percentile of this measure; similarly, columns (3) and
(7) use the 90th percentile and column (4) and (8) use the 95th percentile of this measure. All regressions control for cohort fixed effects, year fixed
effects, school-x-grade fixed effects, school level race and gender composition, percentage of students eligible for free/reduced-price lunch, closures
days due to reasons other than wildfires, average PM 2.5 concentration between January and August, and district linear time trends. Estimates are
weighted by school-year-grade enrollments. Robust standard errors clustered at the school level are reported in parenthesis. *** p<0.01, ** p<0.05,
* p<0.1
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TABLE 8
Impact of School Closures on School Spending

(1) (2) (3) (4) (5)
Total Instruction Instruction School Guidance &
Spending Spending Admin. Admin. Counseling

Closure days -.000 -.001 -.083*** .005 .002
(.006) (.005) (.028) (.006) (.018)

Closure dayst−1 -.001 .005 -.035 .006 .000
(.004) (.003) (.023) (.005) (.024)

Closure dayst−2 -.002 .003 -.014 .003 -.014
(.005) (.004) (.015) (.006) (.025)

Mean per student ($) 14,295.61 5,176.87 374.30 727.82 165.28
Observations 5,950 5,945 4,634 5,950 4,786

(6) (7) (8) (9) (10)
Psychological Health Ancillary Maintenance & Facilities
Services Services Services Operations Acquisition

Closure days -.013 .005 .077*** .047*** -.054
(.015) (.015) (.027) (.017) (.087)

Closure dayst−1 .006 -.002 .028 .028 -.068
(.010) (.015) (.032) (.018) (.042)

Closure dayst−2 .009 .012 -.038 .003 -.017
(.009) (.014) (.050) (.019) (.038)

Mean per student ($) 120.74 106.45 99.89 489.21 1161.70
Observations 4,789 5,337 1,758 5,010 5,367

Notes: This table reports the effect of school closures on school spending. The dependent variables are the natural log of per-pupil spending. All
regressions control for district fixed effects, year fixed effects, district-grade level student race composition, the percentage of students eligible for
free/reduced price lunch, and closure days due to reasons other than wildfires. The number of observations is different from each other because
school districts did not report all categories of school spending. For each regression, we exclude observations that reported 0 in the outcome variable.
Robust standard errors clustered at school-district level are reported in parenthesis.
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Figures

FIGURE 1
Number of schools impacted by school closures due to listed causes

in California

Notes: This figure shows the number of schools affected by wildfires, natural disasters & weather, student
safety reasons, infrastructure, and other reasons between 2009 to 2018.
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FIGURE 2
Location of Schools and Wildfires

Notes: This figure shows the location of wildfires that burnt at least 1,000 acres between 2009 and 2017 in
California.
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FIGURE 3
Timing of Wildfire School Closures and CA Academic Assessment

Notes: This figure shows the timing of wildfire school closures and state academic assessments in
California.
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FIGURE 4
Total School Closure Days Caused by Wildfires and Winter Conditions in California

Notes: This figure shows the number of school closure days caused by wildfires and winter conditions
between 2009 and 2018 in California.
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FIGURE 5
Impact of Wildfire School Closures on Student Test Scores

(a) District-Level Sample

(b) School-Level Sample
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A Supplementary Tables

TABLE A.I
Impact of Wildfire School Closures on Other Closures

(1) (2)
ELA Math

Closure days -.002 -.004
(.006) (.006)

Closure dayst−1 .007* .006
(.004) (.004)

Closure dayst−2 -.002 -.002
(.001) (.002)

Observations 52,400 41,594
R-squared .02 .02

Notes: This table reports the impact of wildfire school closures on other types of school closures. All
regressions include year fixed effects. Robust standard errors are reported in parenthesis; *** p<0.01, **
p<0.05, * p<0.1
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TABLE A.II
Impact of School Time Loss by Free/Reduced-price Lunch Status

(1) (2)
ELA Math

Closure days * High Free/Reduced-price Lunch -.026*** -.037***
(.009) (.011)

* Medium Free/Reduced-price Lunch .000 -.003
(.007) (.008)

* Low Free/Reduced-price Lunch -.007 -.010
(.008) (.009)

Closure dayst−1 * High Free/Reduced-price Lunch .020*** .017**
(.005) (.006)

* Medium Free/Reduced-price Lunch .006 .015***
(.004) (.005)

* Low Free/Reduced-price Lunch .005 .022***
(.004) (.005)

Closure dayst−2 * High Free/Reduced-price Lunch .010** .018***
(.004) (.005)

* Medium Free/Reduced-price Lunch .002 .011**
(.003) (.005)

* Low Free/Reduced-price Lunch .006* .010**
(.003) (.004)

Observations 191,049 179,912
R-squared .918 .876

Notes: This table reports the effect of school time loss on student achievement by the proportion of stu-
dents eligible for free/reduced-price lunch at schools. All regressions control for cohort fixed effects, year
fixed effects, school-x-grade fixed effects, school-grade level student race and gender composition, school-
level percentage of students eligible for free/reduced price lunch, closures days due to reasons other than
wildfires, and district linear time trends.Estimates are weighted by school-year-grade enrollments. Robust
standard errors clustered at school level are reported in parenthesis. *** p<0.01, ** p<0.05, * p<0.1
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TABLE A.III
School Closures and Enrollment

(1) (2)
ELA Math

Closure days .347 .317
(.220) (.204)

Closure dayst−1 .250 .153
(.171) (.147)

Closure dayst−2 .279* .195
(.146) (.131)

Mean Dept. Variable 110.239 104.946
Observations 201,869 190,253
R-squared .967 .966

Notes: This table reports the impact of school closures on school-grade-year level enrollment. All regres-
sions include year fixed effects, school-x-grade fixed effects, and closures days due to reasons other than
wildfires. Robust standard errors clustered at school level are reported in parenthesis.
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TABLE A.IV
School Closures and Racial Composition (in percentage point)

Asian Black Hispanic White
(1) (2) (3) (4) (5) (6) (7) (8)

ELA Math ELA Math ELA Math ELA Math

Closure days -.059*** -.058** -.101*** -.111*** .158* .160* -.458*** -.461**
(.023) (.023) (.038) (.039) (.095) (.096) (.135) (.137)

Closure dayst−1 .032** .038** .076*** .072*** -.044 -.042 .093** .089**
(.015) (.016) (.019) (.019) (.044) (.044) (.045) (.045)

Closure dayst−2 .015 .017 .019 .007 -.331*** -.367*** .453*** .484***
(.014) (.015) (.017) (.017) (.073) (.077) (.076) (.079)

Mean Dept. Variable 7.836 7.911 6.542 6.475 5.540 5.832 27.700 27.390
Observations 201,869 190,253 201,869 190,253 201,869 190,253 201,869 190,253
R-squared 0.963 0.963 0.937 0.940 0.969 0.970 0.962 0.963

Notes: This table reports the impact of school closures on school-grade-year level student racial composition. The outcome variables are the school-
year-subject level percentages of students by race. All regressions control for year fixed effects, school-x-grade fixed effects, and closures days due
to reasons other than wildfires. Robust standard errors clustered at school level are reported in parenthesis. *** p<0.01, ** p<0.05, * p<0.1
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TABLE A.V
Impact of School Time Loss: Robustness Check

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

< 500 < 5000 < 15000 < 500 < 5000 < 15000
acres acres acres acres acres acres

Closure days -.005 -.006 -.009* -.011* -.011* -.014**
(.005) (.005) (.005) (.006) (.006) (.006)

Closure dayst−1 .008*** .009*** .009*** .018*** .018*** .018***
(.003) (.003) (.003) (.004) (.004) (.004)

Closure dayst−2 .005** .005** .005** .012*** .012*** .012***
(.002) (.002) (.002) (.003) (.003) (.003)

Observations 190,998 191,062 191,197 179,859 179,925 180,053
R-squared 0.918 0.918 0.918 0.876 0.876 0.876

Notes: This table reports the effect of school time loss on student achievement by different criteria for identifying large-scale wildfires. Column (1)
and (4) exclude school-year-grade cells that either specified bad air quality as the reason of closure or experienced wildfires that burned more than
500 acres; column (2) and (5) exclude school-year-grade cells with wildfires burned more than 5,000 acres; column (3) and (6) exclude school-year-
grade cells with wildfires burned more than 15,000 acres. All regressions include cohort fixed effects, year fixed effects, school-x-grade fixed effects,
school-grade level student race and gender composition, school-level percentage of students eligible for free/reduced price lunch, closures days due
to reasons other than wildfires, and district linear time trends. Estimates are weighted by school-year-grade enrollments. Robust standard errors
clustered at school level are reported in parenthesis. *** p<0.01, ** p<0.05, * p<0.1
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TABLE A.VI
Impact of Air Pollution: IV Estimates with Weather Controls

(1) (2)
ELA Math

Closure days -.009* -.000
(.005) (.006)

smoke -.011 -.050***
(.008) (.010)

Cragg-Donald Wald F-statistic 190.405 184.674
Observations 178,179 168,118

Notes: This table reports IV estimates of the effect of air pollution on student achievement. Both regressions
control for cohort fixed effects, year fixed effects, school-x-grade fixed effects, school level race and gender
composition, percentage of students eligible for free/reduced-price lunch, weather controls including indi-
cators for deciles of maximum and minimum temperatures, precipitation, and wind speeds, closures days
due to reasons other than wildfires, and district linear time trends. Estimates are weighted by school-year-
grade enrollments. Robust standard errors clustered at the school level are reported in parenthesis; ***
p<0.01, ** p<0.05, * p<0.1

53



TABLE A.VII
Impact of Air Pollution: IV Estimates with Overall Pollution Controls

ELA Math
(1) (2) (3) (4) (5) (6) (7) (8)

Mean 75th 90th 95th Mean 75th 90th 95th
PCTL PCTL PCTL PCTL PCTL PCTL

Closure days -.009** -.009** -.004 -.010** -.003 -.006 .004 -.007
(.004) (.004) (.005) (.005) (.005) (.005) (.006) (.006)

smoke -.010 -.011*** -.009*** -.001 -.039*** -.040*** -.022*** -.002
(.007) (.004) (.003) (.001) (.008) (.006) (.003) (.002)

Cragg-Donald Wald F-statistic 298.916 310.953 206.597 334.193 280.594 279.515 203.074 301.126
Observations 195,392 195,392 195,392 195,392 184,304 184,304 184,304 184,304

Notes: This table reports IV estimates of the effect of air pollution on student achievement. Columns (1) and (5) use the average of PM 2.5 concen-
tration during the school year as a measure of air pollution; columns (2) and (6) use the 75th percentile of PM 2.5 concentration during the school
year as a measure of air pollution; similarly, column (3) and (7) use the 90th percentile and column (4) and (8) use the 95th percentile of PM 2.5
concentration. All regressions control for cohort fixed effects, year fixed effects, school-x-grade fixed effects, school level race and gender composi-
tion, percentage of students eligible for free/reduced price lunch, closures days due to reasons other than wildfires, average PM 2.5 concentration,
and district linear time trends. Estimates are weighted by school-year-grade enrollments. Robust standard errors clustered at the school level are
reported in parenthesis; *** p<0.01, ** p<0.05, * p<0.1
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