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Abstract

Climate change poses significant risks due to rising frequency and severity of
natural disasters. These disasters can disrupt education through school closures,
infrastructure damage, financial stress, and health issues. This study assesses their
impact on student achievement by combining US county-level data on FEMA disas-
ter declarations with the Stanford Education Data Archive. Exploiting variation in
disasters across counties and years in a staggered two-way fixed effects design, event
study estimates reveal a persistent negative effect of natural disasters on student
achievement for up to five years post disaster. Counties with above-average per-pupil
expenditure show quicker recovery. The study sheds light on effect heterogeneity by
gender, socio-economic background, and disaster characteristics.
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1 INTRODUCTION

The rising risk of natural disasters and extreme weather due to climate change poses
significant challenges globally. In 2021, the United States experienced a record-breaking
streak, with seven consecutive years of over ten billion-dollar disasters (Smith, 2022).
Population growth and development patterns increase the damage costs of these events
(Smith, 2022). Extending beyond immediate physical damage to broader socio-economic
dimensions is crucial to comprehend the multifaceted impacts of natural disasters and
long lasting effects of climate change. One critical aspect is the disruption caused to
educational systems. Nearly half of the school closures in the US, before the Covid-19
pandemic, were attributed to natural disasters (Jahan et al., 2022). While school closures
are perhaps the most visible manifestation of how natural disasters affect learning, it
represents only one facet of a complex phenomenon. Natural disasters can affect child
health (Currie and Rossin-Slater, 2013), school quality, and infrastructure damage, as well
as induce family income instability (Deuchert and Felfe, 2015) and housing displacement

with unequal effects for different socio-economic groups (Nguyen and Minh Pham, 2018).

This paper investigates the effects of natural disasters on student achievement and
unravels the underlying mechanisms. Focusing on student achievement allows for a nu-
anced examination of the cognitive skill component of human capital, capturing variations
in any skill inputs including ability, child health, family support, school resources, and
institutional characteristics (Woessmann, 2016). I combine county level student achieve-
ment, achievement gaps, demographic compositions, and school financial information
from the Stanford Education Data Archive (SEDA) (Reardon et al., 2019) with disaster

declarations from the Federal Emergency Management Agency (FEMA).

The variation of natural disasters across US counties and school years serves as the
foundation for my analysis in a two-way fixed effects framework. First, I study how the
effect of natural disasters dynamically evolves over the school years following the event,
using the event study approach by Sun and Abraham (2021). Sun and Abraham (2021)

provide a method particularly for the event study setting, making it an especially appro-



priate baseline model for this study. Second, I estimate static two-way fixed effects models
with several treatment specifications to study different intensity channels such as the type
of natural disaster, the frequency by which natural disasters strike different counties, and

disaster size along various dimensions such as damage, fatalities, and duration.

I find persistent negative effects of natural disasters on student achievement for up to
five years after a natural disaster hits a county. Natural disasters adversely affect even
those cohorts who were not yet enrolled at the time of the disaster, an effect that cannot
be explained by school closures. Possible explanations include a decline in children’s
health, which hinders cognitive and social-emotional development, changes in the student
composition of affected areas, and reduced school quality due to infrastructure damage or
the loss of skilled teachers. I show suggestive evidence that financial distress in families
may be a key mechanism. Specifically, natural disasters increase the share of students
receiving free or reduced lunch, which seems to be unrelated to migration patterns. I
present new evidence related to the resilience of schools to natural disasters and show
that counties with above-average per-pupil expenditure recover more quickly from natural

disasters.

Exploring different treatment intensities shows that not only very large disasters drive
the results. Although point estimates are consistently higher for large disasters, below-
average disasters have a significant negative effect on student achievement. In terms of
the type of disaster, volcanic activity and landslides have the most devastating effect.
Those disasters occur very rarely and might be harder to predict. Also hurricanes, fires,
and earthquakes lead to significantly lower student achievement. Generally, predictability
does not alleviate all damage. My results show that more frequent disasters are more
harmful, indicating that a higher frequency leaves the county little time to recover and

does not allow them to adapt sufficiently to disasters.

I contribute to the literature on the adverse effects of natural disasters during early
life which shows that in-utero and post-birth exposure to natural disasters (Currie and
Rossin-Slater, 2013) or pollution (Klauber et al., 2024) negatively affect various health

outcomes, cognitive skills, and income (Karbownik and Wray, 2019). This strand of



literature attributes the persistent negative results to a reduction in the health stock of
children. While this might explain parts of the effects, I demonstrate that school inputs
play a crucial role. The existing literature typically focuses on one specific major disaster
event such as hurricanes (Ozek, 2023; Sacerdote, 2012) or earthquakes (Di Pietro, 2018),
which are often extreme outliers as the majority of disasters are not as severe. My paper
is more closely related to Opper et al. (2023) who focus on the static effects of differently
sized disasters on human capital and migration.! By leveraging recent advancements in
the difference-in-difference methodology, I derive robust estimates regarding how these

effects evolve over time.

The remainder of the paper is organized as follows: Section 2 illustrates the possible
mechanisms and presents the existing empirical evidence. Section 3 describes the different
data sources in more detail. Section 4 contains the two main empirical strategies, including
the event study design and the static two-way fixed effects model. The results are

presented in Section 5, and Section 6 concludes.

2 CONCEPTUAL FRAMEWORK AND EXISTING

EVIDENCE

Natural disasters can affect educational outcomes through several mechanisms. 2 First,
natural disasters affect the shadow price of quality education, reflecting its accessibility
(Nguyen and Minh Pham, 2018). This includes infrastructure damage, temporary or

permanent school closures, as well as effects on teaching staff.

1Opper et al. (2023), who developed their paper in parallel with this one, estimate the impact
of disasters on net migration, average test scores, high school graduation rates, and post-secondary
enrollment rates using FEMA disaster declarations and the SEDA database. Their study differs from
my paper in three main ways: First, they focus on the effects of varying disaster sizes based on property
damage, while this study also considers disaster frequency and type. Second, they present only static
effects on first-difference outcomes, whereas this study provides robust event study results. Third,
this paper offers additional insights into the impacts on student composition, adult mental health, and
variations by gender, socio-economic background, and per-pupil spending.

2Nguyen and Minh Pham (2018) present a simple model to illustrate the different mechanisms through
which natural disasters affect children’s development, which guides the structure of this section.



Figure 1
Days of school closures in the US between 2011 and 2019
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Note: The figure shows unplanned school closure days in the US by general causes on panel a) and
by type of natural disaster in Panel b). Jahan et al. (2022) conducted daily systematic online searches
to collect data on publicly announced unplanned school closures lasting at least one school days in the
United States from August 1, 2011, through June 30, 2019

Natural disasters and extreme weather events account for the most frequent cause
of prolonged unplanned school closures in the US prior to the Covid-19 pandemic, as
depicted in Figure 1 panel a). Panel b) splits those natural disaster school closures by
disaster type. Hurricanes, ice and snowfall cause most of the school closures. There is a
wide range of literature showing that instruction time correlates with student performance
(Aucejo and Romano, 2016; Jaume and Willén, 2019; Lavy, 2015; Pischke, 2007; Wedel,
2021).% In Maryland, students experiencing reduced instruction time due to unscheduled
closures during snowfall performed worse on high-stakes exams (Marcotte, 2007). Drawing
from Massachusetts data, Goodman (2014) provides evidence that coordination problems
in the classroom, as outlined by Lazear (2001), play an important role in this context.
While heavy snowfall leads to coordinated school closures and no effect on achievement,

moderate snowfall induces student absence and reduces math achievement by 0.05 stan-

dard deviations. The Covid-19 pandemic has also provided further insights into the

3See Blanden et al. (2023) for a detailed review of the evidence.



detrimental impact of school closures. Both cognitive and socio-emotional development
were significantly impeded, with students from disadvantaged homes experiencing more
severe setbacks (Engzell et al., 2021; Werner and Woessmann, 2023). However, natural
disasters do not necessarily increase the cost of quality education. Sacerdote (2012) shows
that students forced to switch school after the hurricanes Katrina and Rita experienced
a sharp decline in test scores in the first year after the hurricanes. Yet, the long-run
effects are mixed, with Sacerdote (2012) identifying an improvement in test scores among

low-performing students placed in higher-quality educational settings.

Secondly, natural disasters can increase the costs of good health or impede the access
to a healthy environment (Nguyen and Minh Pham, 2018). The evidence on wild fires
is closely related to the broader literature on pollution exposure (Wu, 2022). Currie
et al. (2009) show that a rise in pollution increases absence, possibly due to health issues,
decreases cognitive skills (Lavy, 2015), but also hinders long-run knowledge acquisition
due to impaired brain development (Block and Calderon-Garciduenas, 2009). Currie
and Rossin-Slater (2013) find negative effects of hurricane exposure during pregnancy on
children. They demonstrate that the evidence regarding additional impacts of hurricanes
during pregnancy on outcomes such as birth weight — subsequently influencing adult
height, 1Q, earnings, and education (Black et al., 2007) — is more mixed and depending
on the specification. Klauber et al. (2024) observe no effect of cleaner air around birth on
birth weights but show that children require less medication for at least five years. Fuller
(2014) shows that hurricane exposure during pregnancy in North Carolina translates into
lower standardized test scores in maths and reading by the third grade, while children
exposed to floodings or tornadoes also exhibit somewhat diminished math performance.
Karbownik and Wray (2019) study the long-run effects of hurricane exposure in utero and
as an infant by using World War I draft records linked to census data and find that white
males had 5% lower income. The literature on in-utero exposure links these effects to

stress during pregnancy. To test this channel, I incorporate data on adult mental health.

Thirdly, natural disasters can affect children’s education through household income,

wages, and increased costs of other commodities (Arouri et al., 2015; Boustan et al.,



2020; Masozera et al., 2007; Pleninger, 2022). Deuchert and Felfe (2015) demonstrate
that damages to real estate redirect investment toward house reconstruction, potentially
diverting resources away from children’s health and education. I contribute to this channel
by estimating the effects of natural disasters on the share of students receiving free or

reduced lunch, which serves as an indicator of increased financial distress in affected

households.

Certain characteristics influence the vulnerability to natural disasters (Cutter et al.,
2008), including socio-economic status, race, ethnicity, and gender, as wealth and social
safety nets can facilitate recovery. Boys often react more strongly to disruptive (family)
events, showing fluctuations in test scores and increased disciplinary issues (Autor et al.,
2016, 2019; Bertrand and Pan, 2013). My research enhances the literature by analyzing
achievement patterns separately for boys and girls and assessing how natural disasters

impact the gender achievement gap and the socio-economic gap.

Vulnerability is closely linked to disaster resilience, which Cutter et al. (2008) classify
into social, economic, institutional, infrastructure, and community capital. Insurances
play a crucial role in mitigation: Pleninger (2022) demonstrates that unemployment
insurance effectively reduces the impact of natural disasters on income. Moreover, in-
surance and revenue diversification enhance the resilience of municipal bonds against
price drops following natural disasters (Auh et al., 2022). However, municipalities with
above-average racial minority compositions experience greater expenditure losses and a
heightened debt default risk compared to average municipalities in the decade following
a hurricane (Jerch et al., 2023). In turn, this constrains public expenditures: Deryugina
(2017) illustrates that hurricanes lead to increased unemployment and disability insurance
claims but a decline in educational assistance transfers. I contribute to this literature
by studying whether counties with higher pre-existing per-pupil expenditures display

enhanced resilience to natural disasters.

The literature underscores that the mechanisms might vary depending on the type of
natural disaster. In this paper, I study the effect of different types of natural disasters.

While numerous studies concentrate exclusively on individual types of disasters, such as



hurricanes (Sacerdote, 2012) or earthquakes (Di Pietro, 2018), which are often extreme
outliers and relatively infrequent occurrences, the majority of disasters are not as severe.
I analyze heterogeneity across various dimensions of disaster size, including factors such

as fatalities, costs, and duration.

3 DATA

3.1 Natural Disasters

The OpenFEMA Dataset by the Federal Emergency Management Agency (FEMA) of
the Department of Homeland Security contains all major disaster declarations since
1964. A disaster declaration made by the President of the United States and only in
strongly affected areas that struggle to deal with the consequences, which rules out any
inconsequential natural disasters. Every disaster declaration includes the date the disaster
was declared, the area, the type of incident, and which assistance program was declared.
One disaster can cause multiple disaster events across different counties. The years are

adjusted to align with school years, so the year variable matches the education data.

For large disasters, there is information on the number of deaths, the number of injured,
the number of people that got homeless, reconstruction costs, insured damage and total
damage in the international emergency events database (EM-DAT) that I merge via
county and start date. Generally, EM-DAT considers only disasters that caused more than
10 deaths, that affected more than 100 people, or that called for international assistance
or an emergency declaration. This information refers to overall fatalities and damage for

a disaster and is not specified on a county level.

Panel a) Figure 2 shows the number of disaster declarations in FEMA by year. Each
disaster event is only counted once, even when it affected multiple counties. In 2011, the
year with the most disaster declarations, there were 177 events, while in 2015, there were

the fewest declarations (79).% Since then, the number has been increasing every year.

4Smith (2022) shows that the frequency and costs of severe natural disasters have been on the rise
over the past four decades since the 1980s, with variations observed between individual years.



Figure 2
Summary statistics: FEMA disaster declarations
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Note: Panel a) shows total events declared as disaster in FEMA. Every disaster is counted only once
even when declared in multiple locations. Panel b) shows number of disasters by disaster type in FEMA
between 2009 and 2018. Panel c¢) shows average disaster fatalities if information on fatalities exists. Panel
d) shows average value of the damage in thousands of US dollars at the moment of the event adjusted for
inflation using CPI. Note that EM-DAT includes only disasters with at least 10 fatalities, 100 affected or
if a country called for international assistance or an emergency declaration.

Panel b) shows disasters by type: 502 fires, 414 storms, 4 earthquakes, and 2 volcanic
activities. Panel c) displays the average fatalities for those disasters for which we can
merge EM-DAT data. Hurricanes have the highest average fatalities with 45 deaths,
followed by landslides with 43 fatalities even though those were only 4 events. Fires
are the most frequent type, but they have no fatalities. Panel d) depicts the average
disaster damage in thousands of dollars as recorded in EM-DAT. In EM-DAT, adjusted

damage refers to the financial losses caused by a disaster, which are normalized to account



for factors such as inflation using CPI. Hurricanes emerge as the most economically
devastating disasters, with storms following closely behind, causing approximately half the
financial losses incurred by hurricanes. In contrast, landslides and fires are characterized

by minimal direct financial impact.

3.2  Qutcome Data

Student achievement: The Stanford Education Data Archive (SEDA) offers a unique
source for school district- and county-level student achievement measured by standardized
test scores for the 2008/09 to 2017/18 school years (Fahle et al., 2021). Moreover,
it contains achievement gaps by gender and socio-economic status, demographic, and
socio-economic data. Achievement in SEDA is based on the EDFacts data system that
contains test data for all students in grades three to eight in maths and reading each
year. EDFacts does not contain individual student-level data but the number of students
in each school, subgroup, subject, grade, and year scoring at each performance level.
Unfortunately, every state can design their own test and benchmark for performance
levels, such that the data are not comparable across states. SEDA transforms these state
specific benchmarks and places them onto a common scale across states and years using
the National Assessment of Educational Progress (NAEP) and calculates achievement for
different subgroups and geographical units. They exclude cases with low participation
and insufficient data. Finally, the score is standardized by subtracting the average
of the four national cohorts that were in fourth grade in 2009, 2011, 2013, and 2015
and dividing by the national grade-subject-specific standard deviation of this reference
cohort. Consequently, a county mean of 0.5 indicates that the average student scored
approximately 0.5 standard deviations higher than the average national reference cohort
in that same grade. One standard deviation on this scale is approximately three grade
levels. Estimates on this scale are comparable across the US and over time by relying on

the stability of the NAEP scale over time.’

®See Reardon et al. (2019) for a more detailed description on the SEDA data construction.



Table 1 provides summary statistics extracted from the SEDA dataset for several key
variables. The final analysis will focus on the youngest children in grade three. However, I
will also show results for grades four and five.® The math grades for grades three, four, and
five have mean scores ranging from -0.016 to -0.064. The socio-economic gap in math for
grade three has a mean of -0.229. Conversely, the male-female gap appears relatively low,
with a mean of -0.023, suggesting minimal disparity between genders in math and grade
three. On average, there are 13% Black students and 70% White students. 60% of the
students get a free or reduced lunch. School size is captured through log enrollment, which
has a mean value of 5.969. Furthermore, SEDA provides financial aspects of education,
revealing mean values of $11,524 for total per-pupil expenditure and $11,572 for total
per-pupil revenue. I will show results by high and low per-pupil expenditure, where high

per-pupil expenditure exceeds $11,000, which is close to the median value. Finally, Table 1

displays the population estimate for 2008 that I use to weight the regressions.

Table 1

Summary statistics SEDA data

Statistic N Mean Median St. Dev. Min Max
Math grade 3 15,930 —0.016 —0.005 0.298 —1.513 1.120
Math grade 4 15,930 —0.047 —0.030 0.301 —1.621 1.052
Math grade 5 15,930 —0.064 —0.045 0.299 —1.589 1.075
Socio-economic gap 15,663 —0.229 —0.222 0.265 —1.539 0.778
Male-female gap 15,624 —0.023 —0.012 0.285 —1.496 1.053
Percent Black students 15,930 0.134 0.032 0.206 0.000 1.000
Percent White students 15,930 0.694 0.763 0.264 0.000 1.000
Percent free/reduced lunch 15,930 0.596 0.594 0.170 0.087 1.000
Log enrollment 15,930 5.969 5.814 1.230 2.890 11.158
Total per-pupil expenditure 15,860  11,524.460  10,936.790 2,519.827 4,920.042  30,126.450
Total per-pupil revenue 15,862  11,571.940  11,081.720 2,355.729 5,305.988  28,087.980
Population estimate 2008 15,930  82,383.660 27,729 233,250.100 1,469 5,256,705
Inflow 21,942 0.050 0.046 0.022 0.007 0.703
Outflow 21,942 0.049 0.046 0.019 0.012 0.419
Mental health 23,013 3.614 3.600 0.872 0.630 8.300

Note: Summary statistics for the county level data from the Stanford Educational Archive 4.1 for 2009 to
2018, county level in- and out-migration from the Statistics of Income Division migration data for 2010
to 2018, and average number of poor mental health days from CHR&R, for 2010 to 2018.

SEDA is a repeated aggregate cross-section. However, Reardon et al. (2019) show that

it highly correlates with longitudinal data on school and district level. The correlation

6Grades six to eight have substantially more missing values in SEDA.
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is higher at the district level (r = 0.87) than at the school level (r = 0.80), which they
attribute to higher mobility between schools than between districts. On the county level,

the mobility-induced measurement error in learning rates will be even lower.

In- and out-migration: A natural disaster might increase mobility between counties.
To study this impact, I add county level in- and out-migration from the Statistics of
Income Division migration data. The Statistics of Income Division uses the number of
personal exemptions claimed to approximate the number of individuals. Total values for
migration to and from other US counties and abroad are available for 2010 to 2018. I
divide the total inflow and total outflow by the population estimate from 2008. Table 1
contains the summary statistics. One limitation of the data is that those who are not
required to file United States Federal income tax returns are not included. Thus, elderly
and people of low socio-economic status are underrepresented. Additionally, the data

contains estimates for the aggregate adjusted gross income of the in- and outflows.

Adult mental health: The county-level mental health data for 2010 to 2018 come from
the County Health Rankings & Roadmaps (CHR&R) (Remington et al., 2015), a program
of the University of Wisconsin Population Health Institute. The main outcome variable
is the average number of poor mental health days among adults. Table 1 contains the

summary statistics.

4 IDENTIFICATION STRATEGY

4.1 Difference-in-Differences Event Study Design

To explore the evolution of the impact of a natural disaster over time and evaluate
the validity of the parallel trend assumption, I adopt a difference-in-differences event
study design. Given the staggered occurrence of natural disasters across different time
periods, various counties may exhibit learning curves or encounter changes in external

conditions, resulting in heterogeneous treatment effects. The presence of such hetero-

11



geneous treatment effects complicates the identification of a clean control group and
conventional DiD models are prone to generating biased estimates (Borusyak et al., 2024;
Callaway and Sant’Anna, 2021; De Chaisemartin and d’Haultfoeuille, 2020; Gardner,
2022; Goodman-Bacon, 2021). Sun and Abraham (2021) illustrate this contamination
concerning the coefficients related to lead and lag indicators within a dynamic specification
of the two-way fixed effects model. They propose a re-weighting procedure to address this
bias. Their target parameter is the cohort average treatment effect on the treated (CATT)

for a treatment cohort e and a relative time period [:
CATT.y = ElYj et — Yigu|Ei = €] (1)

In my setting, a treatment cohort e are counties that are treated in the same year. Panel
a) of Figure Al shows the first treatment period of each county. [ are the periods to the
initial natural disaster of county ¢ within the observed time frame. Y;.y; is the outcome
in response to the treatment. Y7, is the potential outcome of county ¢ in a world where
it is untreated. Each CATT,, is then the average treatment effect [ periods from initial
treatment for all counties first treated at time e. The main identifying assumptions are

parallel trends in the baseline outcomes and no treatment effect on pre-treatment periods,

and potential treatment effect heterogeneity.

I estimate all CATT,,; using a linear two-way fixed effects event study model that
interacts relative period indicators with cohort indicators, excluding the last treated as

control C' and the year before treatment [ = —1:

Yie=ai+ M+ Y Y d(1{E =e}- D)) +e, (2)

e¢C l#—1
The county fixed effects a; remove any geographic differences between the counties that
are time-invariant, such as risk of experiencing a natural disaster, elevation, proximity to
the coast or differences in time-constant spending. The year fixed effects \; capture any
time-invariant factors across different years. 1{E; = e} is an indicator for a county ¢

belonging to treatment cohort e, and Dﬁ}t is an indicator for county ¢ being [ years away

12



from treatment. Alternatively, one can also use never-treated counties as control, which

I implement as a robustness check.

Se,l is the difference-in-differences estimator for CAT'T;; that needs re-weighting. Sun
and Abraham (2021) estimate the weights Pr(E; = e|E; € [, T — l]) with total periods
T by sample shares of each cohort in the relevant period [ € g from its corresponding
set g.

To derive the interaction-weighted estimator, Sun and Abraham (2021) take the weighted
average over all estimates for CATT,; multiplied by the sample share of each cohort in

the period Pr(E = e):

Zz(s,m L =e|E; e [-1,T - 1)) (3)

leg e

Uy = lgl

Under parallel trends, limited anticipation, and potential treatment effect heterogene-
ity, 04 is consistent. Unless specified otherwise, standard errors are clustered at the county

level.

4.2 Static Two-Way Fized Effects

Some counties experience multiple disasters, and disasters vary in intensity. To illustrate
these channels, I estimate a static two-way fixed effects model where several post treatment

indicators are collected in a set. The baseline equation is the following:
Yie=o; + A\ + @D,{f + €¢, (4)

where «; and \; are county and year fixed effects, respectively. First, I binarize the
treatment following Callaway et al. (2024) such that Dif = 1{D;; > 0} is a dummy of
whether a county experienced at least one disaster in the past five years in a county and
year, similar to Deryugina (2017) and Jerch et al. (2023).” The control group are counties

that did not experience a natural disaster in the past five years. As a robustness check,

"The dummy includes the past five years to capture longer term effects of the treatment.

13



I include state times year fixed effects to compare counties within states and account for
time-varying factors specific to each state. Standard errors are clustered at the county

level and all estimations are weighted by the county population in 2008.

The first intensification channel is the severity of a natural disaster. I estimate the
equation:

Yie=ai+ N+ 51Maj0ri17t_5 + 52Min07’l-17t_5 + €1, (5)

Maj 07“2-17;5 is an indicator equal to 1 if a county experienced at least one major disaster

® is an indicator equal to 1 if the county experienced no

in the past 5 years. M inorit’
major disaster but at least one minor disaster in the past five years, similar to Jerch et al.
(2023). All other specifications are identical to Equation 4. 5, and &y provide estimates
of the impact of any type of disaster that falls into either of these two categories. I use
three alternative methods to measure the severity of a disaster. In the first specification,
I follow Boustan et al. (2020) and define major natural disasters as such that caused more
than 25 deaths, which corresponds roughly to the median value of fatalities. Boustan
et al. (2020) argue that the actual number of fatalities might be determined by economic
development, which is why they avoid using the actual number of fatalities and prefer to
use this simple threshold. Alternatively, one can distinguish between major and minor
disasters based on costs. I define major natural disasters as such that cause more than

one billion dollar (adjusted) total damage. Lastly, I split disasters on whether the event

lasted more than 50 business days or less.

The second intensification channel is the number of natural disasters. More frequent
disasters could be more detrimental if counties have no time to recover (Pleninger, 2022).
Counties might also enhance their level of protection through increased exposure to

disaster events.

Let the number of natural disasters be the dose d that a county experienced in the past
five years. To study if more disasters cause more harm or whether counties are adapting,

I estimate the following model:
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j=1

where {D};S = d;} is a series of dummy variables equal to 1 if county ¢ in year ¢
experienced a dose of d; natural disasters in the past five years, with untreated units as
the omitted category. The spatial distribution of the number of natural disasters is shown
in panel b) of Figure Al. This treatment specification follows the multi-valued discrete
setting in Callaway et al. (2024) and the OLS coefficients 4 = (7, ..., 7) are estimators of
the average level treatment effect over treatment dosages. However, comparison between
different dosages requires stronger assumptions than standard parallel trends. Under
strong parallel trends, the path of outcomes for lower-dose units must reflect the path
of higher dose units had they received the lower-dose. In absence of this condition, the
comparison across dose groups can still be interpreted as a causal response. However, it

is contaminated by the selection bias (Callaway et al., 2024).

5 RESULTS

5.1 FEvent Study Results

To assess how student achievement evolves over time, I estimate the event study design

from Equation 2, following Sun and Abraham (2021).

Figure 3 shows that there is a negative effect of natural disasters on student achievement
from the year a county is hit by a natural disaster (year = 0) until up to five years
later. Comparing different student cohorts over time, math achievement in grade three
is about 0.025 of a standard deviation lower one year after the natural disaster. Since
one standard deviation is approximately three grade levels, students fall around 0.075
grade levels behind due to the natural disaster. The effect is very persistent, such that
students in grade three in counties that experienced a natural disaster five years earlier

are still 0.03 standard deviations behind. The results look similar for grades four and five,
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Figure 3
Event study: Math achievement

(a) Math achievement in grade
three (b) Math achievement in grade four
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Note: The figure shows the main results from the event study analysis following Sun and Abraham (2021)
for grade three, four, and five. The x-axis represents years relative to the first natural disaster between
2009 and 2018. The y-axis represents the estimate with 95% confidence intervals. The figure shows a
decrease in math achievement after the natural disaster.

although the effects are somewhat smaller for grade four and again smaller for grade five.

For grade five, only the effect one year after the disaster is statistically significant.

The analysis primarily focuses on grade three. Grades six to eight are not as extensively

covered in the SEDA data. Despite these limitations, the results for grades six to eight are
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presented in Figure A2, which also indicate negative effects in the higher grades. However,
these effects are not always significantly different from zero. Grade eight shows a positive
point estimate in the year of the disaster, but it is close to zero and not statistically

significant, making it difficult to draw any firm conclusions.

The coefficients in the years before the natural disaster in Figure 3 are all not sig-
nificantly different from zero, reassuring that the parallel trends assumption holds. One
issue discussed in the recent difference-in-differences literature is that pre-trend tests can
be under-powered, such that one cannot reject the absence of pre-trends, nor can one
reject the potential existence of pre-trends that would cause significant bias (Bilinski and
Hatfield, 2018; Freyaldenhoven et al., 2019; Kahn-Lang and Lang, 2020; Roth, 2022).%
Roth (2022) finds that linear violations of parallel trends, which pre-trend tests detect
only 50 percent of the time, can cause biases equal to or greater than the estimated
treatment effect. Table A2 suggests that the pre-trend test from the baseline event study
would detect a small linear trend of magnitude 0.006 with 50 percent power and a linear
trend of 0.010 (0.009 for grade four and five) with 80 percent power. However, the low
likelihood ratio of the observed coefficients under the linear trend of 0.010 relative to
parallel trends favors parallel trends. For the small linear trend of 0.006 under 50 percent
power, the likelihood ratio is still low for grade five but closer to one for grade three
and four. I illustrate this linear trend as the red solid line in Figure A3. It is likely
that a linear violation did not cause the estimated effect if it cannot fully explain the
pattern in the event study. For grade three and five, the linear trend falls outside the
confidence intervals. The linear trend would cause a bias of at most 0.013 for grade three
in the year after the natural disaster, which is considerably smaller than the estimate.
For grade four, the results are less robust and the bias would be larger or similar to the
estimated treatment effect for the later post-treatment years if such a linear trend existed.
[ will conduct further robustness checks following Borusyak et al. (2024) and assess the

sensitivity of the results in a number of ways.

8Pre-trend tests reverse the roles of a type I and a type II error. A 95 percent confidence interval sets
the probability of finding a violation when parallel trends actually hold to 5 percent, but the probability
of failing to detect a pre-trend can be much higher (Bilinski and Hatfield, 2018).
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Another issue highlighted by Roth (2022) is that samples failing to detect a linear
trend in the population means can suffer from selection bias. This bias often increases
the bias arising from violations of parallel trends. To illustrate this, I assume that the
true population means follow the red solid line in Figure A3. The dotted blue line shows
the expected coefficients on average, conditional on not finding a significant pre-trend.
However, in this analysis, the blue dotted line is very close to the red line, which suggests

that the selection bias does not exacerbate the bias in my baseline event study.

Additionally, I estimate event study results following the imputation method by Borusyak
et al. (2024). The imputation method proposed by Borusyak et al. (2024) separates pre-
trend testing from the estimation of treatment effects, removing the correlation between
treatment effects and pre-trend estimators.” This approach avoids the bias introduced
by pre-testing, as highlighted by Roth (2022). Figure A4 shows that the pre-trend
coefficients, with the exception in grade three and five, are statistically insignificant.
The F-test cannot reject the hypothesis that coefficients are jointly equal to zero with a
p-value of 0.184 for grade three and 0.706 for grade four, lending further support to the
parallel trends assumption. Only for grade five, the F-test weakly rejects the hypothesis
that coeflicients are jointly equal to zero with a p-value of 0.025. The imputation method
generally confirms the negative effects on student achievement from grades three to five.
However, the method produces larger standard errors. Interestingly, there is a positive
point estimate for grade three, four years after the disaster event. As with Sun and
Abraham (2021), the period-four estimate is not significantly different from zero.

In the standard setting of Sun and Abraham (2021) in Figure 3, the last treated cohort
serves as the control group. As a sensitivity analysis, one can augment the control group
by using counties that were never treated as a control. Figure A5 illustrates that this
specification yields virtually identical results.

The main specification with Sun and Abraham (2021) focuses on a single grade level,

comparing different cohorts over time. Alternatively, we can pool all grade levels and

9Borusyak et al. (2024) run the pre-trend test with a dynamic TWFE specification on the set of
untreated observations only.
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add cohort fixed effects to account for variations across cohorts. Panel a) of Figure A6
shows the pooled math score of all grade levels. Panel b) adds cohort fixed effects to
the pooled math scores. Both plots appear nearly identical. The results in Figure A6
confirm a significant negative effect in the year of the natural disaster and the year after.
In the following years, the point estimates show negative values, gradually approaching
zero each year and becoming statistically insignificant. By the fifth year after the natural
disaster, the point estimate slightly exceeds zero, but without significant deviation from
it.

In summary, student achievement experiences a significant negative decline when a
disaster strikes a county, particularly evident in the year of the natural disaster and
one year after. These adverse effects persist for up to five years following the natural
disaster. Notably, the impact is most pronounced and enduring among grade three
students compared to those in grades four and five. This implies that disasters detri-
mentally affect cohorts, even those not yet enrolled in school at the time of the event.
For example, a student showing lower math performance in third grade five years after
the disaster would have been of preschool age at the time of the disaster, still three years
away from starting elementary school. The negative effects may stem from a potential
decline in preschool quality and supply. Part of this impact could also be linked to a
reduction in children’s health stock, consistent with findings by Fuller (2014), who reports
negative impacts on grade three achievement for children whose parents were exposed to
hurricanes during pregnancy. Other possible mechanisms include financial difficulties, a
decline in infrastructure and school quality, especially if high-quality teachers relocate
from the affected areas or if teachers and parents experience significant mental distress.
Such distress can reduce parental support and affect the quality of teaching, ultimately

impacting student achievement.

Achievement gaps: The persistent negative effects in grade three could affect vul-
nerable children more strongly than others and thus widen achievement gaps. The

existing literature suggests that boys and girls respond differently to family and school

19



Figure 4
Event study: Gender achievement gap

(a) Achievement of girls (b) Achievement of boys

0.08 ' 0.08 '
i
i
0.04 . 0.04 T .
i i
: 1 ] : T
0.00 J T+ ¢ 0.00 -
| ]
|

0.04 0.04

Estimate and 95% Conf. Int.
Estimate and 95% Conf. Int.

|
-0.08 L -0.08 L
-4 2 0 4 -4 2 0 2 4

Event Time Event Time

(c) Male-female gap

(=]

0.08
0.04

it

-0.04

Estimate and 95% Conf. Int.

-0.08

-4 -2 v}
Event Time

ra
.

Note: The figure shows the main results from the event study analysis following Sun and Abraham (2021)
for the male-female gap in grade three math achievement. The x-axis represents years relative to the
first natural disaster between 2009 and 2018. The y-axis represents the estimate with 95% confidence
intervals.

environments. (Autor et al., 2016, 2019; Bertrand and Pan, 2013), with boys often
demonstrating more adverse outcomes in test scores and disciplinary issues in response to
disruptive (family) events. Descriptively, the male-female gap in mathematics within the

SEDA data is negligible. Figure 4 shows that in grade three, boys (panel b) face more

negative effects than girls (panel a). However, panel c¢) indicates that the effect on the
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male-female gap is not significant, except for one year after the natural disaster. There is
also no significant effect on the gender gap in grade four, as shown in Figure A7. However,
in grade 5, there is a significant negative effect on the male-female gap, suggesting that
boys may experience more pronounced setbacks in learning outcomes as a result of such

events.

Figure 5
Event study: Socio-economic gap
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Note: The figure shows the main results from the event study analysis following Sun and Abraham (2021)
for the socio-economic gap in grade three math achievement. The x-axis represents years relative to the
first natural disaster between 2009 and 2018. The y-axis represents the estimate with 95% confidence
intervals.

Panel a) of Figure 5 displays the negative effect on economically disadvantaged children
in grade three.!'® However, panel b) shows no clear evidence of a widening socio-economic
achievement gap post-disaster in grade three, except for the period five years after the
natural disaster. For grade four and five, Figure A8 suggests a widening of the socio-
economic gap, indicating that students from economically disadvantaged backgrounds are

more adversely affected by the disaster.

OSEDA does not provide a separate achievement score for children who are not economically
disadvantaged.
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Figure 6
Heterogeneity by per-pupil spending
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Note: The figure shows the main results from the event study analysis following Sun and Abraham (2021)
for math achievement by high and low per-pupil spending. The x-axis represents years relative to the
first natural disaster between 2009 and 2018. The y-axis represents the estimate with 95% confidence
intervals.

Per-pupil spending: In terms of effect heterogeneities, an alternative approach in-
volves exploring different county attributes to investigate whether certain counties demon-
strate greater resilience to natural disasters. I split the sample into ex-ante low and high
per-pupil spending counties. Counties with per-pupil spending above USD 11,000 in
2009, which was approximately the average, are classified as high-spending counties. All
other counties are classified as low-spending counties. Figure 6 shows that high per-pupil
spending counties only experience significant negative effects in the year following the
natural disaster, then appear to recover more quickly. In contrast, low per-pupil spending
counties exhibit negative results until three years after the natural disaster. However,

Table A1 indicates that counties with lower per-pupil spending also exhibit lower ex-ante

student achievement and a higher proportion of students eligible for free or reduced-price
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lunch. Consequently, the observed effect cannot be solely attributed to differences in
per-pupil spending. Instead, it underscores the broader disparities in disaster resilience
that are closely tied to financial resources, as highlighted by Cutter et al. (2008). The link
between financial investment and resilience to natural disasters appears to be a consistent
theme across different domains. Auh et al. (2022) find that municipal bonds backed by
diversified revenue sources are generally resilient to natural disasters, except for those
issued by municipalities in weak financial condition. This exception is attributed to the
challenges faced by financially burdened municipalities in diversifying away the shock

caused by severe natural disasters.

5.2 Heterogeneity by Disaster Characteristics

The previous section demonstrates that the effects on student achievement are consistently
negative over time. Notably, the impact across the post-disaster periods remains similar,
justifying their aggregation into a static effect. The specifications from Chapter 4.2 allow
for more flexibility to study different channels, such as disaster severity, frequency, and
type. Beginning with the baseline estimate for the static TWFE model in Equation
4, the initial column of Table 2 displays the outcomes without weighting. On average,
third-grade students in counties experiencing at least one natural disaster within the
past five years demonstrate a performance decline of 0.021 standard deviations. In the
subsequent column, the preferred specification integrates population weights to address
variations in population sizes across US counties. According to this specification, student
achievement declines by 0.028 standard deviations. Model 3 incorporates state times
school year fixed effects to enable comparisons among counties within states. The state-
school year fixed effects control for unobserved time-varying state effects such as state
fiscal shocks. However, this specification may inadvertently absorb some of the treatment
effect (Wolfers, 2006). As anticipated, the coefficient is half the size, yet the overall
interpretation of the results remains consistent. The static estimates closely align with
the average across the five post-treatment periods when employing the event study design

in Figure 3.
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Table 2
Static effect on student achievement

Math score grade 3
Model 1 Model 2 Model 3

(1) (2) (3)

Disaster -0.0206™*  -0.0284** -0.0141**
(0.0054)  (0.0080)  (0.0067)
Population-weighted v v
Observations 15,930 15,930 15,930
R? 0.76518 0.87385  0.90586
Within R? 0.00153 0.00693  0.00151
County fixed effects v v v
School year fixed effects v v
State-school year fixed effects v

Note: The table presents the results from estimating the TWFE model in equation 4 for math achievement
in grade three. Model 1 contains only county and school-year fixed effects and no weights. Model 2
contains county and school-year fixed effects and is weigthed by the ex-ante county population size.
Model 3 contains county and state times school year fixed effects and population weights. Clustered
(county) standard-errors in parentheses. Signif. Codes: ***: 0.01, **: 0.05, *: 0.11

Severity of disasters: The negative coefficient observed in Table 2 may be driven by
severe natural disasters, while smaller-scale disasters may not have a significant impact.
To investigate this possibility, I estimate Equation 5 and differentiate between minor
and major natural disasters. In the first column of Table 3, I define major disasters
as those resulting in more than 25 deaths, following the definition by Boustan et al.
(2020). All regressions are population-weighted. Counties in the aftermath of a major
natural disaster exhibit a performance decline of 0.038 standard deviations compared
to counties unaffected by natural disasters. However, the coefficient on minor natural

disasters remains close to the overall effect with a significant of coefficient of -0.027,
indicating that also below-average natural disaster cause severe harm.

In column two, I dissect disasters by their costs, employing a threshold of 1 billion
dollars in damages as the cutoff point. The point estimate for major disasters is -0.042,
but it is not only the 1 billion dollar disasters that impede learning. Minor disasters in

this specification decrease student achievement by 0.025 of a standard deviation. Lastly, I
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Table 3
Heterogeneity by severity of disasters

Math score grade 3
By fatalities By damage By duration

(1) (2) (3)

Minor disaster -0.0274*** -0.0251** -0.0247
(0.0079) (0.0080) (0.0077)
Major disaster -0.0377** -0.0423*** -0.0680***
(0.0137) (0.0115) (0.0131)
Observations 15,930 15,930 15,930
R? 0.87391 0.87422 0.87516
Within R? 0.00738 0.00980 0.01723
County fixed effects v v v
School year fixed effects v v v

Note: The table presents the results from estimating the TWFE model in equation 5 with county and
school year fixed effects for math achievement in grade three. Major disasters are those that caused more
than 25 deaths (column 1), more than 1 billion dollar (adjusted) total damage (column 2), or that lasted
more than 50 business days (column 3). All models contain population weights. Clustered (county)
standard-errors in parentheses. Signif. Codes: ***: 0.01, **: 0.05, *: 0.11

redefine major disasters based on the duration of the disaster declaration, with durations
exceeding 50 days classified as major disasters. Counties experiencing a disaster that
lasted more than 50 days have a -0.068 lower student achievement, but again, also shorter
disasters cause significant harm in student achievement with a significant coefficient of
-0.025. These results align with Opper et al. (2023), who also find the largest effects
from very large disasters, defined as those causing over $500 per capita property damage.

They also show that even disasters exceeding $100 per capita property damage lead to

significant negative impacts on student achievement.!!

Multiple disasters: In some counties, multiple natural disasters occurred within the
observed time frame. The occurrence of several disasters could intensify their adverse ef-
fects, leaving counties with limited time to recover. However, another perspective suggests

that counties may develop greater resilience and adaptability to natural disasters over

"Unlike Equation 5, Opper et al. (2023) only consider disasters that occurred within the same year
and estimate their effect on the first difference of student achievement.
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time, potentially reducing the harm caused by frequent occurrences. I estimate Equation
6, which includes a dummy variable for each count of disasters. The counterfactual are
counties that did not experience any disaster in the past five years.

Figure 7
Heterogeneity by number of disasters
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Note: The figure shows the results from estimating equation 6 that contains county and school-year fixed
effects, population weights and a dummy for each disaster count over the past five years.

Figure 7 demonstrates a clear trend: as the number of natural disasters increases,
students in affected counties experience progressively worse academic performance. This
suggests that frequent occurrences of natural disasters may leave counties with insufficient

time for recovery, contributing to the persistent decline in academic performance.

Disaster type: Certain types of natural disasters may have a more pronounced impact
on student achievement than others. As depicted in Figure 8, volcanic activity and
landslides cause the greatest harm. However, those are relatively rare events and are
thus unlikely to drive the results. Earthquakes, though rare, can cause substantial
infrastructure damage and incur high costs. These events are associated with a 0.05
standard deviation decrease in student achievement. More frequent events, such as
hurricanes and fires, reduce student achievement by 0.05 standard deviations, while the

effects of storms and floods are close to zero and not significant.
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Figure 8
Heterogeneity by disaster type
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Note: The figure shows the results from estimating equation 6 that contains county and school-year fixed
effects, population weights and a dummy for whether a disaster type occurred in the past five years.

5.3  Mechanisms

The results show that disasters detrimentally affect cohorts, even those not yet enrolled in
school at the time of the event. Thus, missed days in school cannot be the only factor at
play. There are many potential mechanisms that may play a role, including long-lasting
infrastructure damage, relocation of higher-performing students or high-ability teachers,
financial difficulties of families, and a decline in the health stock of children and caregivers.
Some of these mechanisms can be tested directly with the available data. In this section,
I discuss them in more detail, focusing on migration patterns, changes in the student

composition, and mental health of the adult population.

Migration: The loss of human capital following a natural disaster poses a significant
detriment to a region or county, whether it be through the decline in cognitive abilities of
the population or through a brain drain. One concern is that some families might have

moved away after the disaster event. If families move within counties, this is still reflected
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in the student achievement county score. However, the migration of selected families
from or into the county might partially account for the decline in student achievement.
Overall, around 5% of the population of the county baseline population leaves the county
each year and 5% of the county baseline population moves in from another county.

Figure 9
Event study: Migration
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Note: The figure shows the results from the event study analysis following Sun and Abraham (2021) for

migration inflow and migration outflow. The x-axis represents years relative to the first natural disaster
between 2010 to 2018. The y-axis represents the estimate with 95 confidence intervals.

Figure 9 shows the event studies for in- and out-migration of the county. Interestingly,
there is an increase in the inflow and the outflow. Both variables are highly correlated.
However, this increase is very small, with the largest point estimate being 0.003 percentage
points. Although the effects on migration are small, the second question is if these
migration patterns are selective, because certain groups have better financial resources
and job opportunities to choose their place of residence more freely. If migration outflow
was positively selected while migration inflow was negatively selected, it could lead to an
overestimation of the effect on student achievement. However, Figure A9 demonstrates
that the aggregate adjusted gross income (AGI) of the out-migrating population remains
unchanged after a disaster event. This suggests that out-migrating families are not

more positively selected after a disaster. On the contrary, the increase in aggregate
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AGI indicates that the incoming households may be slightly more positively selected
compared to those before a disaster. Since high-SES students tend to perform better
academically than their low-SES peers, this implies that if there is any impact, it may be

an underestimation of the effect of natural disasters on student achievement.

Figure 10
Event study: Enrollment and student composition
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Note: The figure shows the results from the event study analysis following Sun and Abraham (2021) for
enrollment, share of White students, the share of Black students, and share of students receiving free or
reduced lunch in grade three. The x-axis represents years relative to the first natural disaster between
2010 to 2018. The y-axis represents the estimate with 95% confidence intervals.
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Student composition: Next, I test if natural disasters shift the student composition.
As depicted in Figure 10, overall enrollment, the share of Black students and the share of
White students remain unchanged. This underscores that selective migration or a selective
relocation of students is unlikely. There is a significant rise in the number of students
receiving free or reduced lunches two to four years after the disaster event. Given the
results on aggregate adjusted gross income for both in-migration and out-migration, this
shift is unlikely to be driven by migration. Instead, it appears to be more closely related
to a financial deterioration of the population following a natural disaster. Although not
entirely clear, this suggests that financial distress within families could be a key channel

through which natural disasters negatively impact student achievement in the long term.

Figure 11
Event study: Adult mental health
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Note: The figure shows the results from the event study analysis following Sun and Abraham (2021) for
mental health. The x-axis represents years relative to the first natural disaster between 2009 and 2018.
The y-axis represents the estimate with 95% confidence intervals.

Adult mental health: Long-run effects of early life exposure to natural disasters may
be linked to a reduction in the mental and physical health stock (Karbownik and Wray,

2019). Unfortunately, I cannot directly test the effect on children’s mental health due to
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data limitations. However, mental health of adults could serve as a critical channel.
Adults experiencing distress, anxiety, or depression following a natural disaster may
struggle to provide the necessary support and stability for children, at home, at school,
and within the broader community, which could have long-term negative consequences
for children’s cognitive and socio-emotional development. Moreover, adults grappling
with their own mental health may find it challenging to model positive coping strategies
or maintain consistent communication with schools, hindering the implementation of
effective interventions to support student well-being and academic success. However,

Figure 11 shows no effect on the average number of mentally unhealthy days.

6 DISCUSSION AND CONCLUSION

This research unveils a persistent negative impact on student achievement following
natural disasters, with students experiencing setbacks for up to five years post-event.
These dynamics signal a depletion in the human capital reservoir of these regions, resulting
in long-term economic damage (Gust et al., 2024). Leveraging data from the SEDA
database spanning 2009 to 2018 and FEMA disaster declarations, I apply state-of-the-art
difference-in-differences techniques by Sun and Abraham (2021) to produce event study
estimates that account for heterogeneous treatment effects in this staggered framework.
Boys and low-SES children experience somewhat stronger effects. Alternative difference-
in-differences methods by Borusyak et al. (2024), along with an alternative control group
specification, confirm the detrimental effects on students. These findings are particularly
concerning given the increasing frequency and severity of natural disasters. Except for
the Covid-19 pandemic, natural disasters are the most frequent reason for prolonged

unplanned school closures in the US.

However, school closures represent just one facet through which natural disasters
impact human capital. The observed negative effects on cohorts not yet enrolled during
disasters suggest a depletion of health resources among younger children, damage of

school buildings and facilities, lower financial resources of families and communities,
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and potential shifts in student and teacher composition of affected areas as contributing
factors. While not all of these channels are directly testable, the increase in the share of
students receiving free or reduced lunch suggests financial distress in families may be a

key mechanism.

Significant divergences emerge when considering pre-disaster investment levels, with
counties with higher per-pupil expenditure demonstrating swifter recovery compared to
their lower-spending counterparts. However, countries with lower pre-disaster investment
levels also have an ex-ante higher share of children receiving reduced or free lunch. Never-
theless, this finding holds important policy implications, indicating that augmenting per-
pupil spending can enhance community resilience against human capital erosion caused
by natural disasters. Future inquiries should delve into the specific types of investments
pivotal in shielding against disaster-induced damage. Unfortunately, empirical evidence
by Deryugina (2017) suggests that governments typically curtail education spending in

the aftermath of natural disasters, which could worsen the situation in future disasters.

The results in this paper show that having multiple disasters in a row can cause
more damage. Furthermore, the severity and nature of disasters play pivotal roles, with
major events such as hurricanes exerting the most pronounced adverse impact on student
performance. These findings underscore the imperative for proactive disaster preparedness

and response measures, alongside targeted interventions.
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A APPENDIX A: ADDITIONAL TABLES AND
FIGURES

Figure A1l
Map: First year of disaster and number of disasters

(a) First disaster event

Treatment yaar
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Note: The figure shows the first year of a FEMA disaster declaration between 2009 and 2018 for the Sun
and Abraham (2021) estimations and the average number of FEMA disaster declarations in the past five
years.
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Figure A2
Event study: Math achievement in higher grades

(b) Math achievement in grade
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Note: The figure shows the results from the event study analysis following Sun and Abraham (2021) for
grade six, seven, and eight. The x-axis represents years relative to the first natural disaster between 2009
and 2018. The y-axis represents the estimate with 95 confidence intervals. The figure shows a decrease
in math achievement after the natural disaster.
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Figure A3
Pre-trend diagnostics: Math achievement
(a) Pretest grade three (b) Pretest grade four
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Note: The plots show the pre-trend diagnostics by Roth (2022) for the Sun and Abraham (2021) estimates.
The red line is the a linear violation of parallel trends that a pre-trend test would detect with 50 percent
power. The dashed blue the expected coefficients conditional on not finding a significant pre-trend if the
true population means were the hypothesized red line.
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Figure A4
Event Study: Math achievement with imputation method

(a) Grade three, imputation
method (b) Grade four, imputation method
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(c) Grade five, imputation method

Note: Event study analysis following the imputation method by Borusyak et al. (2024) for grade three,
four, and five. The x-axis represents years relative to the first natural disaster. The y-axis represents the
estimate with 95% confidence intervals.
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Figure A5
Event study: Math achievement never-treated as control

(a) Math achievement in grade
three (b) Math achievement in grade four
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Note: The figure shows the results from the event study analysis following Sun and Abraham (2021)
for grade three, four, and five with never-treated counties as control group. The x-axis represents years
relative to the first natural disaster between 2009 and 2018. The y-axis represents the estimate with 95%
confidence intervals. The figure shows a decrease in math achievement after the natural disaster.
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Figure A6
Event study: Math achievement with pooled grades and cohort fixed effects

(b) Math achievement with cohort

(a) Math achievement pooled fixed effects
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Note: The figure shows the results from the event study analysis following Sun and Abraham (2021) for
grade three to eight a) pooled and b) including cohort fixed effects. The x-axis represents years relative to
the first natural disaster between 2009 and 2018. The y-axis represents the estimate with 95% confidence
intervals. The figure shows a decrease in math achievement after the natural disaster.

Figure A7
Event study: Male-female achievement gap in grade four and five
(a) Male-female gap grade four (b) Male-female gap grade five
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Note: The figure shows the main results from the event study analysis following Sun and Abraham (2021)
for the male-female gap in grade four and five math achievement. The x-axis represents years relative to
the first natural disaster between 2009 and 2018. The y-axis represents the estimate with 95% confidence
intervals.
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Figure A8
Event study: Socio-economic achievement gap in grade four and five

(a) Socio-economic gap grade four (b) Socio-economic gap grade five
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Note: The figure shows the main results from the event study analysis following Sun and Abraham
(2021) for the socio-economic gap in grade four and five math achievement. The x-axis represents years
relative to the first natural disaster between 2009 and 2018. The y-axis represents the estimate with 95%
confidence intervals.

Figure A9
Event study: Aggregate adjusted gross income
(a) Aggregate adjusted gross (b) Aggregate adjusted gross
income inflow income outflow
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Note: The figure shows the main results from the event study analysis following Sun and Abraham (2021)
for the aggregate adjusted gross income. The x-axis represents years relative to the first natural disaster
between 2009 and 2018. The y-axis represents the estimate with 95% confidence intervals.
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Table A1l
Balancing table: High and low per-pupil spending
High (N=659) Low (N=928)
Mean Std. Dev. Mean Std. Dev. Diff. in Means Std. Error
Math grade 3 —0.024 0.308 —0.084 0.272 —0.060 0.015
Percent Black students 0.133 0.211 0.144 0.209 0.010 0.011
Percent White students 0.681 0.273 0.733 0.251 0.052 0.013
Percent free/reduced lunch 0.511 0.177 0.564 0.151 0.053 0.008
Log enrollment 6.069 1.427 5.934 1.037 —0.135 0.065

Note: The table shows the mean and the standard deviation by high and low per-pupil spending, the
difference in means, and the standard error.

Table A2

Pre-trend test results
Metric Grade 3 Grade 4 Grade 5
Power 50 50 50
Hypothesized trend 0.006 0.006 0.006
Bayes factor 0.585 0.586 0.235
Likelihood ratio 1.038 1.105 0.526
Power 80 80 80
Hypothesized trend 0.010 0.009 0.009
Bayes factor 0.234 0.234 0.235
Likelihood ratio 0.336 0.372 0.526

Note: Summary statistics of power, slope and bias calculation (Roth, 2022). The table shows the
probability that we would find a significant pre-trend (set to 50% or 80%), the slope of the differential
trend that we would be able to detect with that power, the ratio of the probability of “passing” the
pre-test under the hypothesized trend relative to under parallel trends (a smaller Bayes factor favors
parallel trends over the hypothesized trend when the pre-trend is insignificant), the likelihood ratio of
the observed coefficients under the hypothesized trend relative to under parallel trends.
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