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In addition, in the US the federal government 
is spending an increasingly large sum on aiding 
local communities in their recovery from these 
disasters (Ghaedi et al. 2024). In 2023 alone, the 
Federal Emergency Management Agency (FEMA) 
allocated over $27 billion in aid through its Pub-
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Across the globe, climate-related hazards are 
becoming more and more commonplace. Anal-
yses of the NatCatSERVICE natural catastrophes 
worldwide data clearly show an upward trend 
revealing an increase by a factor of about three 
within the last thirty-five years (Hoeppe 2016). 
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1. Authors’ calculations using FEMA OpenFEMA data.

lic Assistance (PA) program.1 As climate-related 
hazards become more common events, and pub-
lic assistance in response to these events is not 
guaranteed, we must understand how these di-
sasters shape local economies. In this article 
we examine the earnings and employment im-
pacts of a wide range of natural hazards at the 
county level. We examine impacts within the 
first few quarters after a natural hazard and up 
to five years later. This time horizon allows us 
to observe the immediate short-term responses 
to the destruction and the medium-term recon-
struction efforts. This time period is long 
enough to allow for post-disaster adaptation to 
occur, but short enough to attribute changes 
causally to the disaster. In addition to examin-
ing different impacts by hazard type and indus-
try, we are specifically interested in understand-
ing the impacts on Black and Latino/a/x workers. 
These workers are often the most vulnerable to 
the negative consequences of climate-related 
hazards because they have weaker connections 
to the labor market and fewer personal resources 
to cushion them from the negative impacts of 
such a disaster (Ganong et al. 2020).

In this project we use the Census Bureau’s 
Quarterly Workforce Indicators (QWI) dataset 
from 2000 through 2023, which includes infor-
mation on county-level earnings and employ-
ment by industry and race and ethnicity, com-
bined with the Spatial Hazards Events and 
Losses (SHELDUS) database, which reports haz-
ard types as well as county-level dollar amounts 
from damages caused by natural hazards. We 
follow SHELDUS and operationalize a natural 
hazard as any event included in the database 
that is attributable to climatic or weather-related 
phenomena (for example, floods, hurricanes, 
wildfires). Together these data shed light on how 
local labor markets respond to climate hazards. 
We build on existing knowledge through expand-
ing the set of climate hazards assessed and the 
types of industries analyzed. Critically, we add 
the dimension of race and ethnicity, to see if 
outcomes differ for more vulnerable popula-
tions.

We find evidence of heterogeneity of impacts 
on employment growth and earnings. On aver-

age, we find that natural hazards appear to re-
duce employment growth in the first two quar-
ters post disaster followed by a return to baseline 
employment and possibly a slight increase one 
to two years post disaster (which we refer to as 
short-term) turning back to a cumulative em-
ployment reduction three to five years post di-
saster (which we consider to be medium-term). 
When looking separately at hazards by type, we 
see that the decrease seems to be driven by re-
sponses to hurricanes and tropical storms. 
When examining results by industry, we see that 
the longer-term losses are driven by outcomes 
in construction, accommodations and food ser-
vices, as well as to a lesser extent, the health-
care and social services industries. We find that 
the shorter-term increases are, unsurprisingly, 
driven by results in the construction sector. Fi-
nally, when examining results by race, we see 
that longer-term losses appear to be spread 
across all racial-ethnic groups while shorter-
term increases are primarily experienced by His-
panic workers.

Background and Liter ature
A natural disaster can shape a local economy 
through several pathways. First, a hazard could 
lead to capital depreciation. Capital deprecia-
tion occurs directly as a result of destroyed in-
frastructure, such as roads, ports, and rail lines. 
An inflow of aid can counteract these impacts 
and may even lead to improvements in infra-
structure in the longer run, or aid could forestall 
these negative impacts for a few years. Second, 
a natural disaster could reduce productivity. This 
can arise directly by reducing a worker’s ability 
to engage with the local economy if, for example, 
their own home is ruined. Again, the amount 
and nature of aid can shape this response in 
the longer run. A larger amount of aid in the 
short run could support construction efforts 
and thus the longer-term impacts on the local 
economy may not be observed until aid runs 
out. Third, a natural disaster could change the 
nature of local amenities. For example, if a 
nearby forest is burned down, this could impact 
tourism in the area, or cause people to move 
away since a key amenity is no longer a part of 



1 3 6 	 t h e  s o c i a l ,  p o l i t i c a l ,  a n d  e c o n o m i c  c o n s e q u e n c e s  o f  c l i m a t e  h a z a r d s

r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

the community. Alternatively, local investments 
that arise as a result of the disaster could also 
change this trajectory, perhaps even creating 
new amenities (Bilal and Rossi-Hansberg 2023; 
Boustan et al. 2020). Ultimately, how local econ-
omies respond to natural hazards, and the tim-
ing of this response are an empirical question 
and perhaps a policy choice.

There is a growing body of knowledge exam-
ining the economic impacts of natural disasters. 
A recent review of the literature by W. J. Wouter 
Botzen and colleagues (2019) synthesizes the 
significant negative direct and indirect eco-
nomic consequences of these events, which in-
clude outcomes ranging from gross domestic 
product (GDP), GDP growth rate, trade flows, 
death counts, employment, per capita income, 
expenditures, migration, housing and other as-
set values, and government transfers. Botzen 
and colleagues (2019) highlight the lack of con-
sensus within this literature. To provide some 
examples, one key finding in this body of work 
is a significant negative impact on GDP growth 
following a disaster. Gabriel Felbermayr and 
Jasmin Gröschl (2014) find that a hazard in the 
top 1 percent of the disaster index distribution 
reduces the GDP growth rate by 7 percent, but 
that these large impacts only hold for the most 
significant events. Another well-identified study 
by Solomon M. Hsiang (2010) examines the ef-
fect of cyclone intensity on economic activity 
in twenty-eight Caribbean-basin countries by 
sector, finding that agriculture, wholesale, re-
tail, and tourism sectors are all impacted nega-
tively by cyclones, whereas the construction sec-
tor grows. More recently, Stephanie Lackner 
(2018) shows that earthquakes reduce per capita 
GDP for low- and middle-income countries but 
may boost it for high-income countries. In an 
attempt to unify this literature, Laura Bakkensen 
and Lint Barrage (2025) develop an empirical-
structural approach to studying the impacts of 
climate change on growth, highlighting the need 
for empirical researchers to understand impacts 
on the structural determinants of growth rather 
than growth itself. They provide empirical evi-
dence on impacts of cyclones, finding a wide 
range of results from substantial negative ef-
fects on economic growth in vulnerable small 
island states to small gains, particularly in coun-
tries where risks are predicted to decline.

Examining the set of papers studying local 
labor market impacts within the United States, 
which is the focus of this article, we also find 
heterogeneity in outcomes. Anna Rhodes and 
Max Besbris (2022) provide a unique view into 
the responses of households in a middle-class 
community in Texas following Hurricane Har-
vey. After following fifty-nine households for 
two years, they bring to light a few key factors 
that shaped households’ decision-making. Im-
portantly, they note the strong connections 
many households feel to their community are 
one of the primary reasons many provide for 
staying. They also highlight that in addition to 
the availability of federal support, private insur-
ance is also a key determinant of the households’ 
ability to rebuild. In fact, they find that for 
households with flood insurance, some resi-
dents considered the experience an “opportu-
nity” to rebuild and perhaps even added to the 
household’s savings, whereas those without this 
additional insurance often had to take on ad-
ditional debt. There are also a number of quan-
titative case studies of specific disasters, which 
again provide mixed results, highlighting the 
need for work that provides a broader view (see, 
for example, Vigdor 2008; Hornbeck 2012; Gal-
lagher and Hartley 2017; Kirchberger 2017; Der-
yugina et al. 2018; Groen et al. 2020; Meltzer et 
al. 2021). There are a small set of quantitative 
studies which examine a wider set of natural 
hazards within the US, which we summarize in 
table 1.

Focusing first on studies examining the im-
pacts of hurricanes in the US, the broad con-
sensus is that hurricanes lead to longer-term 
declines in county-level employment but per-
haps increases in earnings. Ariel R. Belasen and 
Solomon W. Polachek (2008) study hurricanes 
in Florida using county-level employment data 
and find that earnings of the average worker in 
a Florida county rise by over 4 percent within 
the first quarter of being hit by a major Category 
Four or Category Five hurricane relative to coun-
ties not hit, and simultaneously employment 
falls between 1 and 5 percent depending on hur-
ricane strength. Brigitte Roth Tran and Danel 
J. Wilson (2025) examine a wider set of hazards 
across the US but, when focusing only on hur-
ricanes, find similar results for earnings. Eric 
Strobl (2011) examines hurricanes across the 

{ TAB}TABLE 1  ABOUT 
HERE{/TAB}



r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

	 i m pa c t s  o f  c l i m a t e  h a z a r d s  o n  e m p l o y m e n t  a n d  e a r n i n g s  	 1 3 7

Table 1. Summary of Key Empirical Articles on Local Economic Impacts of Climate Hazards in the 
United States

 
Key Dependent 
Variables

Disaster Type 
(Data Source) Main Findings

Belasen and  
Polachek (2008)

Earnings and employ-
ment

Hurricanes 
(NOAA) Florida

Earnings of average worker in Flor-
ida county rise within first quarter 
of being hit by a hurricane relative 
to counties not hit. Employment 
falls.

Strobl (2011) Growth rate and  
migration

Hurricanes 
(NOAA) Coastal 
counties

County’s annual economic growth 
rate falls as a response to out-mi-
gration of wealthier individuals.

Fussell et al. (2017) Migration Hurricanes 
(SHELDUS)

Counties with past population de-
clines hardly experience changes 
in future populations. In growing 
counties hurricanes suppress fu-
ture population growth.

Boustan et al. 
(2020)

Migration Wide range 
(FEMA and 
American Na-
tional Red Cross 
[ARC])

Disasters increase out-migration 
rates at the county level. Migration 
response to milder disasters is 
smaller but is increasing over time.

Noy and Strobl 
(2023)

Innovation Hurricanes 
(NOAA)

Hurricanes lead to a temporary 
boost in damage-mitigating pat-
ents a few years after the event. 
However, there is long-term gen-
eral reduction of innovation after a 
damaging storm.

Pleninger (2022) Income distribution Wide range 
(FEMA)

Natural disasters have a damaging 
effect on middle incomes and little 
impact on overall income distribu-
tion.

Coulombe and Rao 
(2025)

Employment Fires (NOAA) Increased fire exposure causes 
lower employment growth in the 
longer and the medium run.

Tran and Wilson 
(2025)

Earnings and employ-
ment

Wide range 
(FEMA and 
SHELDUS)

Disasters increase total and per 
capita income and employment 
over the longer run, with impacts 
strongest for disasters that cause 
the greatest damage.

Walls and Wibben-
meyer (2023)

Employment Fires (USGS 
MTBS)

Major wildfires lead to county-level 
employment growth for up to a 
year after a fire but have no signifi-
cant impacts after that.

Source: Authors' compilation.
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2. Recent work by Tarikua Erda (2025) examines how manufacturing firms readjust their capital (particularly 
machinery) in response to federally declared floods. She finds evidence that while floods degrade capital, the 
firms that survive replace capital and see higher productivity as a result of this upgrading. This provides some 
evidence that surviving firms “build back better” in response to climate hazards.

coastal USA and finds that hurricanes reduce a 
county’s annual economic growth rate by 0.45 
percentage points, with 28 percent of it due to 
richer individuals moving away from affected 
counties. Elizabeth Fussell and colleagues (2017) 
find that counties with past population declines 
hardly experience changes in population as a 
result of a hurricane, but in growing counties 
hurricanes suppress future population growth. 
Ilan Noy and Eric Strobl (2023) find that hurri-
canes lead to a temporary boost in damage-
mitigating patents a few years after the event, 
but there is a long-term general reduction of 
innovation after a damaging storm.

Looking next at studies examining the im-
pacts of wildfires on local economies, here we 
see results are more mixed. Raphaelle G. Cou-
lombe and Akhil Rao (2025) examine local labor 
market impacts of fires and find that increased 
fire exposure causes lower employment growth 
in the short and medium run, with medium run 
impacts linked to migration. Tran and Wilson 
(2025) find no statistically significant impacts 
of fires on earnings. Margaret A. Walls and Mat-
thew Wibbenmeyer (2023) find positive impacts 
of major wildfires on county-level employment 
growth for up to one year after a fire, but no 
significant effects after that.

There are also a few studies that examine the 
impacts of a wide range of natural hazards on 
local economies on a related but different set 
of outcomes, including mobility and inequality, 
again finding a mixed set of outcomes. Leah 
Platt Boustan and colleagues (2020) construct 
a long panel examining a broad set of natural 
hazards and find that disasters increase out-
migration rates at the county level by 1.5 per-
centage points and lower housing prices and 
rents by 2.5–5 percent. They find that migration 
responses to milder disasters are smaller but 
increasing over time. When focusing on par-
ticular hazard types, they find that wildfires and 
hurricanes encourage out-migration, while 
floods actually attract in-migrants to an area.2 
Storms and tornadoes have no effect on migra-
tion flows. Regina Pleninger (2022) examines 

the impacts of a wide range of natural hazards 
on county-level income distributions and finds 
that impacts are most damaging for middle in-
comes, with little impact on overall income dis-
tribution. She finds results are mostly driven by 
heavy storms and hurricanes.

Most closely related to our article, Tran and 
Wilson (2025) examine the impacts of a wide 
range of natural hazards on earnings and em-
ployment and find that disasters increase total 
and per capita income over the longer run. They 
find that this effect is driven initially by an em-
ployment boost and in the longer run by higher 
wages. They find that these results are primar-
ily driven by tornadoes and hurricanes. They 
also find that over the longer run, house prices 
increase while population is roughly flat, es-
pecially in areas with inelastic housing supply. 
They find that the longer-run increase in in-
come is largest for the most damaging disas-
ters.

Overall, the results from these studies sug-
gest that local economic impacts of climate haz-
ards vary widely, particularly in relation to our 
key economic constructs of interest, earnings 
and employment, with some studies finding 
positive impacts on earnings, others finding no 
impacts, some finding positive impacts on em-
ployment, and others finding negative impacts 
on employment. One reason that these findings 
may vary is that impacts of natural hazards will 
affect individual sectors of a local economy dif-
ferently. For example, in construction we expect 
to see increases in both earnings and employ-
ment following a natural disaster, but in other 
industries, particularly those providing services, 
we may expect to see declines in both earnings 
and employment.

Only a few of these studies examined impacts 
on earnings and employment within particular 
sectors. Beginning with construction, a sector 
where theory most strongly predicts an increase 
in employment and earnings, due to the strong 
demand generated in this sector post-natural 
hazard, authors find some evidence of a posi-
tive impact on earnings and employment and 
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some evidence of no impact. Belasen and Po-
lachek (2008) find positive impacts on earnings 
and no impacts on employment in the construc-
tion sector. In contrast, Tran and Wilson (2025) 
find the initial boost in employment they ob-
serve is driven by this sector, with larger impacts 
for natural hazards causing more damage. Sim-
ilarly, Walls and Wibbenmeyer (2023) find pos-
itive impacts on construction employment 
growth for up to six quarters after the fire.

In contrast, we expect employment and earn-
ings to be negatively impacted in most other 
industries, at least in the short run, as a result 
of individual negative consequences of natural 
hazards, which is reflected in the literature. Be-
lasen and Polachek (2008) find negative or no 
impacts on earnings and employment growth 
in manufacturing, trade, transportation, utili-
ties, finance, investment, and real estate but 
positive impacts on employment and earnings 
in the service sector. Walls and Wibbenmeyer 
(2023) find negative or no effects on employ-
ment growth in all non-construction industries, 
including the service sector. Tran and Wilson 
(2025) do not separately examine earnings and 
employment impacts for industries other than 
construction. Our work examines earnings and 
employment outcomes in each of these sectors 
by natural hazard type for the most severe nat-
ural hazards to help reconcile existing findings 
and gain further understanding of how natural 
hazards shape local economies.

Our work also builds on our understanding 
of the heterogeneity of impacts by race and eth-
nicity, an area where there has been even less 
research. One notable exception is an article by 
Jeffrey A. Groen and colleagues (2020), who use 
the Longitudinal Employer-Household Dynam-
ics (LEHD) to examine the impacts of both Hur-
ricane Katrina and Hurricane Rita on individual 
outcomes. Overall, they find that in the short 
term, earnings of affected individuals suffer, 
but in the long term, earnings of affected indi-
viduals outpaced the earnings of individuals in 
the control sample. They include evidence that 
these earnings gains were a result of wage 
growth in affected areas relative to control ar-
eas, driven by limited labor supply and growing 
labor demand, particularly in sectors tied to re-
building. When looking separately at outcomes 
for Black workers, they find that in the short 

run Black workers experience larger earnings 
losses than White workers and in the longer 
run, though both White and Black workers ex-
perience gains in wage growth; Black workers 
experience less wage growth than White work-
ers. Our study is the first to estimate heteroge-
neous earnings and employment impacts of a 
wide range of natural hazards across counties 
in the US for Black and Latino workers who over-
all have less household wealth and therefore 
less of a buffer against the economic hardships 
brought on by climate-related disasters (Ganong 
et al. 2020).

Overall, our work extends existing knowledge 
by examining a wider set of natural disasters, 
studying a wider set of industries, and investi-
gating whether there are heterogeneous effects 
among economically vulnerable populations, 
specifically Black and Latino individuals.

Data and Methodology
Our analysis draws primarily on two datasets. 
One is a publicly available data source, the QWI. 
The other is a proprietary dataset, the SHEL-
DUS, currently supported by the Center for 
Emergency Management and Homeland Secu-
rity at Arizona State University (ASU).

The QWI contains county-level data on em-
ployment, wages, hiring, and layoffs by industry 
type and worker demographics from 1990 for 
some states, through the present. These data 
are generated from unique job-level data, the 
LEHD, that link workers to their employers. For 
this reason, these data are available by race and 
ethnicity, in addition to county and industry. 
We use data on total county-level employment 
and earnings, as measured at the start of each 
quarter. Our baseline sample includes 3,109 
counties from the 48 continental states plus 
Washington, DC. Of these counties, 849 are met-
ropolitan counties.

In tables 2 and 3 we present descriptive sta-
tistics drawn from the QWI on employment and 
earnings. Table 2 shows that across all counties 
and year-months between 2000 and 2022, the 
average county had 42,321 workers, who earned 
on average $3,698 per month (in 2022 dollars). 
We see that the highest industry-level employ-
ment at the county level is in the health care 
and social assistance category, and the highest 
average earnings occur in the utilities sector. 
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Table 3 presents earnings and employment by 
race and ethnicity. We see that Asian workers 
have the highest average earnings per month 
($4,509) among the identified racial groups, and 
White workers comprise the largest share of 

workers in these data. Average monthly earn-
ings in a county by racial and ethnic groups are 
also presented in table 3. Here we see that Asian 
workers have the highest average earnings and 
White workers are just below. The average earn-

Table 2. Average Quarterly Employment and Earnings (Workers per County) by Industry

  N Employment N Earnings

All workers 279,664 42,321 279,664 3,698
Agriculture, forestry, fishing and hunting 255,808 404 272,504 3,078
Mining, quarrying, and oil and gas extraction 134,452 404 215,283 5,647
Utilities 160,309 293 246,714 7,498
Construction 274,172 2,179 278,205 3,962
Manufacturing 260,513 4,579 273,406 4,597
Wholesale trade 267,996 1,920 276,735 5,076
Retail trade 277,423 4,873 279,221 2,487
Transportation and warehousing 264,052 1,547 275,549 3,915
Information 235,423 1,190 268,606 4,343
Finance and insurance 270,762 1,917 277,826 4,993
Real estate and rental and leasing 239,225 775 265,184 2,982
Professional, scientific, and technical services 269,345 2,657 276,992 4,634
Management of companies and enterprises 131,095 1,472 199,605 6,002
Administration and support and other 251,550 2,919 270,390 2,890
Educational services 155,109 1,449 215,533 2,953
Health care and social assistance 272,363 5,450 277,451 3,406
Arts, entertainment and recreation 214,101 854 258,575 1,835
Accommodation and food services 274,035 3,712 278,265 1,338
Other services 272,892 1,405 277,702 2,578

Source: Authors’ calculations from the Quarterly Workforce Indicators, Longitudinal Employer-House-
hold Dynamics, US Census Bureau. 
Note: Sample sizes (N) represent unique observations for county-year-quarter from 2000 to 2022. 
Earnings are quarterly averages of monthly earnings, adjusted for inflation and reported in 2022 
dollars.

Table 3. Average Monthly Employment and Earnings by Worker Race and Ethnicity

N Employment N Earnings

American Indian or Alaska Native 280,375 228 274,025 3,159
Asian 280,375 2,188 276,149 4,509
Black 280,375 5,107 276,252 2,893
Hispanic or Latino 280,375 5,876 279,092 2,834
Native Hawaiian or Other Pacific Islander 280,375 62 239,105 3,003
Two or more race groups 280,375 529 277,542 3,081
White 280,375 28,217 279,644 3,947

Source: Authors’ calculations from the Quarterly Workforce Indicators, Longitudinal Employer-House-
hold Dynamics, US Census Bureau. 
Note: Sample sizes (N) represent unique observations for county-year-quarters from 2000 to 2022. 
Earnings are quarterly averages of monthly earnings, adjusted for inflation and reported in 2022 
dollars.
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3. This dataset was originally supported by grants from the National Science Foundation and the University of 
South Carolina’s Office of the Vice President for Research and is now managed and supported by the Center for 
Emergency Management and Homeland Security at ASU. Data for South Carolina and Arizona are publicly 
available; however, data for the remaining states are the property of ASU and must be purchased.

ings are lowest for Black and Hispanic or Latino 
workers.

SHELDUS is a county-level hazard dataset 
for the country beginning in 1960 that covers 
disasters such as thunderstorms, hurricanes, 
floods, wildfires, and tornadoes, in addition to 
perils such as flash floods and heavy rainfall. 
These data include information on the type, 
date, and county of an event as well as the direct 
losses caused by the event (property and crop 
losses as well as fatalities). We then assign each 
hazard to a quarter to align it with the quarterly 
QWI data. We have acquired SHELDUS data 
through 2022.3

We present some descriptive statistics on the 
SHELDUS data in tables 4, 5, and 6 and figures 
1, 2, and 3. In table 4 we show that our data cover 
sixteen different types of natural hazards, with 
the most common category being wind events, 
followed by flooding. Figure 1, panel A shows 
the distribution of each of these events over the 
course of our study period. Table 5 presents de-
scriptive statistics on the three types of damages 
in our data: property damages, crop damages, 
and fatalities. The average property damage is 
almost $3 million, but this high average is driven 
by a few events that caused severe damages, the 
most significant one being Hurricane Katrina. 
When looking at crop damages, we see that the 
averages are already much lower. When looking 
at fatalities, we see that the county experienc-
ing the largest loss from a natural hazard, lost 
638 people, again, attributable to Hurricane Ka-
trina. In table 6 we classify hazards by the 
amount of property damage caused. We create 

{TAB}TABLE 2 ABOUT HERE{/TAB}
{TAB}TABLE 3 ABOUT HERE{/TAB}

five different categories and for the remainder 
of our analysis we focus on those hazards which 
we classify as extreme hazards. To create this 
cutoff we searched for the closest round num-
ber that included at least the top 2 percent of 
hazards, which we found to be $10 million in 
property damages. Figure 1, panel B shows the 
distribution of these hazards over our study pe-
riod and we see a significant amount of varia-

Table 4. Natural Hazard Types

Count Percent

Avalanche 574 0.5
Coastal storm 389 0.4
Drought 1,321 1.2
Flooding 18,219 16.2
Fog 170 0.2
Hail 5,516 4.9
Heat 416 0.4
Hurricane or tropical storm 1,993 1.8
Landslide 428 0.4
Lightning 4,222 3.8
Seismic activity 41 0.0
Severe storm or 
thunderstorm

1,148 1.0

Tornado 8,098 7.2
Wildfire 1,461 1.3
Wind 59,505 53.1
Winter weather 8,654 7.7

Total 112,155 100

Source: Authors’ calculations using SHELDUS 
data for hazards with nonzero damages from 
2000 to 2022.

Table 5. Natural Hazard Damages

Mean
Standard  
Deviation Minimum Maximum

Property damages 2,976,311 112,408,756 0 21,459,998,720
Crop damages 348,596 7,795,727 0 1,050,000,000
Fatalities 0.08 1.94 0 638

Source: Authors’ calculations using SHELDUS data for hazards with nonzero damages from 2000 to 
2022.
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Table 6. Natural Hazards by Property Damage

Count Percent

Minor prop damages (<25k) 50,988 45.5
Moderate prop damages (≥25k and <100k) 25,246 22.5
Significant prop damages (≥100k and <1m) 25,108 22.4
Major prop damages (≥1m and <10m) 8,177 7.3
Extreme prop damages (≥10m) 2,636 2.4

Total 112,155 100

Source: Authors’ calculations using SHELDUS data for hazards with nonzero 
damages from 2000 to 2022.

Figure 1. Climate Hazard Counts by Type, 2000–2022

Source: Authors’ calculations from SHELDUS data. 
Note: Seismic activity includes earthquakes, tsunamis, and volcanic eruptions. The optimal way to view 
this figure is in color. We refer readers of the print edition of this article to https://www.rsfjournal.org 
/content/12/4/134 to view the color version.
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tion both in the number and type of hazard over 
the study period. Figure 2 presents a tree dia-
gram of property damages for extreme hazards, 
showing that flooding causes the most amount 
of damage, followed by hurricanes or tropical 
storms and then wildfires, tornadoes, and hail. 
Figure 3 shows that for these extreme hazards 
we see variation within states as well as across 
states, with variation both in terms of the in-
tensity of the damages caused by these hazards 
as well as the type of hazard.

To shed light on how natural hazards shape 
the local labor market immediately after the 
event, we start with a set of descriptive analyses. 
We then perform a more systematic examina-
tion by following Tran and Wilson (2025) who 
model the impacts of natural hazards on ag-
gregate county-level earnings and employment 
as impulse response functions by using a panel-
data variation of Òscar Jordà’s (2005) local pro-
jection method:

yc,t+h – yc,t–1 = �β hDc,t +Σ
–1

τ =–p
δτDc,t+τ + δhXc,t+h + αc  

+ αq + αr(c),t + εc,t+h

In this model, Yc,t represents our two outcome 
variables—employment and earnings—in 
county c, at time t. We measure employment at 

{TAB}TABLE 4 ABOUT HERE{/TAB}
{TAB}TABLE 5 ABOUT HERE{/TAB}
{TAB}TABLE 6 ABOUT HERE{/TAB}
{FIG}FIGURE 1 ABOUT HERE{/FIG}
{FIG}FIGURE 2 ABOUT HERE{/FIG}
{FIG}FIGURE 3 ABOUT HERE{/FIG}

the quarterly level as the number of workers 
who are employed in a county at the beginning 
of the quarter. We measure real earnings in 2022 
dollars as the quarterly average of average 
monthly earnings per worker. Both outcome 
variables are logged. The dependent variable 
yc,t+h – yc,t–1 then measures the cumulative differ-
ences in the outcome variables from a baseline 
quarter (t−1) over a horizon of h quarters, where 
h spans from twelve quarters (three years) be-
fore the hazard event to twenty quarters (five 
years) after the hazard event. A separate regres-
sion is run for each value of h. The coefficient 
of interest is β h, which measures the relation-
ship between the occurrence of an extreme haz-
ard event in county c at time t—as represented 
by the indicator variable Dc,t—and the cumula-
tive change in the outcome at time horizon h. 
Using the log form of the outcomes variables 
means we interpret β h as a percent change in 
the outcome variable relative to the baseline 
value.

The second term on the right-hand side of 
the regression model represents a series of in-
dicator variables that control for whether any 
other natural hazard with nonzero property 
damages occurred p quarters before the extreme 
hazard event. We choose twelve quarters as the 

Figure 2. Extreme Hazards Property Damage Shares by Hazard Type, 2000–2022

Source: Authors’ calculations from SHELDUS data. 
Note: Seismic activity includes earthquakes, tsunamis, and volcanic eruptions. Damages are measured 
in real 2022 dollars. The optimal way to view this figure is in color. We refer readers of the print edition 
of this article to https://www.rsfjournal.org/content/12/4/134 to view the color version.
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value of p. We define the pre-disaster period as 
the twelve quarters (three years) preceding the 
event because this window provides a stable 
baseline against which to measure post-disaster 
deviations, capturing typical economic dynam-
ics while avoiding confounding from earlier 
hazard events. A three-year period also aligns 
with the temporal scale used in prior disaster 
economics studies (Belasen and Polachek 2008; 
Strobl 2011) and provides sufficient data points 
for testing pre-trends in our event-study frame-
work.

The third term is a continuous variable that 
controls for how many additional climate haz-
ards with nonzero property damages occurred 
in county c between the extreme hazard of 
interest at time t = 0 and the estimation period 
t + h. The variables αc and αq represent county 
and quarter fixed effects, respectively. Including 
county fixed effect controls for any non-time-
varying county characteristics, while including 
quarter fixed effects controls for the cyclicality 
of earnings and employment across quarters. 
We also control for region by quarter fixed ef-
fects (αr(c),t) to account for any regional trends 
in employment or earnings that may occur si-
multaneously with the climate hazard horizon. 
To identify heterogeneity of these relationships 
by disaster type, industry, and race and ethnic-
ity, we perform subgroup analyses of the same 
estimation model.

We split our data into two groups, counties 
with an extreme hazard and those with a less 
severe hazard (we drop four counties that have 
no hazard during the full study period). We then 
adjust our data so that time zero is the date of 
the first extreme hazard, or other moderate haz-
ard in that county for the remaining counties. 
We then examine mean employment and earn-
ings three years before and five years after the 
hazard.

Results
We begin by presenting uncontrolled means for 
both employment and earnings in figure 4, sep-
arating extreme hazards from all other hazards. 
In panel A we see that on average employment 
growth seems to flatten after a county experi-
ences an extreme natural hazard, but we see no 
change in slope in counties experiencing less 
severe hazards. When looking at earnings, in 

figure 4, panel B, it appears that there is no 
change in slope after a county experiences a 
natural hazard, either of the extreme type or 
one that causes less damage.

We next present results from our regression 
models. We begin with aggregate results and 
then present results by hazard type, industry, 
and race and ethnicity. We present aggregate 
results for employment in figure 5, panel A. We 
see here that in the first few quarters after an 
extreme hazard, employment drops before ex-
periencing a small upward trend, relative to pre-
vious trends, but that by the three-year mark it 
appears that employment growth slows, relative 
to trends previous to the hazard. These results 
appear to persist up through five years post haz-
ard. Our estimates show that three to five years 
post natural hazard, employment growth de-
clines by 0.5 percent. These results are econom-
ically meaningful and in line with the literature, 
which could suggest a slow and perhaps per-
manent reallocation of labor away from the mar-
ket following a climate hazard. Specifically, our 
results align with those of Belasen and Polachek 
(2008) who look at employment outcomes post 
hurricane, as well as those of Coulombe and 
Rao (2025) and Walls and Wibbenmeyer (2023), 
who examine outcomes post fire exposure. The 
results are also similar to those of Tran and Wil-
son (2025) when looking at the five-year time 
horizon for all hazards. However, Tran and Wil-
son observe possible gains in employment when 
looking further out as areas have more time to 
recover from adverse climate events, and when 
focusing only on extreme hazards. Given this 
long time period, the causal link between the 
climate event and the hazard itself becomes less 
clear, and thus the majority of the economic 
literature, including our analysis, focuses on 
the three- to five-year period post hazard.

In figure 5, panel B, we see a slight, but sus-
tained, increase in earnings post hazard. When 
examining each subsequent layer of heteroge-
neity, however, earnings trends seem largely 
unchanged by the occurrence of an extreme 
hazard. For this reason, we focus the remainder 
of the analysis on results for employment. We 
include results for earnings in appendix tables 
and pull out a few key results that appear to be 
driving the main earnings result in figure 5, 
panel B.

{FIG}FIG 4 ABOUT HERE{/FIG}

{FIG}FIG 5 ABOUT HERE{/FIG}
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Figure 4. Means of Outcome Variables over Time by Severity of Climate Hazard Event 

Source: Authors’ calculations from the Quarterly Workforce Indicators, Longitudinal Employer-House-
hold Dynamics, US Census Bureau, and SHELDUS. 
Note: Earnings are quarterly averages of monthly earnings, adjusted for inflation and reported in 2022 
dollars.
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Figure 6 presents results by hazard type. Here 
we see that trends look very different for each 
of these disaster types. Specifically, we see that 
in the example of Hurricanes and Tropical 
Storms, there is a decrease in employment in 
the immediate aftermath of the hazard, but em-
ployment actually increases over the course of 

the three to twelve quarters post hazard before 
leveling out to pre-hazard levels. These post-
hurricane and tropical storm gains are also re-
alized in earnings as sustained positive earnings 
growth for the full twenty quarters (see online 
appendix figure A.1).4 No other hazard type ex-
hibits positive earnings growth, leading us to 

Figure 5. Impulse Response Functions for Employment and Earnings

Source: Authors’ calculations from model (1) using data from the Quarterly Workforce Indicators, Lon-
gitudinal Employer-Household Dynamics, US Census Bureau, and SHELDUS. 
Note: Earnings are quarterly averages of monthly earnings, adjusted for inflation and reported in 2022 
dollars.
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4. The online appendix can be found at https://www.rsfjournal.org/content/12/4/134/tab-supplemental.

https://www.rsfjournal.org/content/12/4/134/tab-supplemental
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believe the overall earnings results in figure 5, 
panel B, are driven by the results for hurricanes 
and tropical storms. We hypothesize that this 
increase in employment and earnings is driven 
by federal and local investments resulting from 
the occurrence of named and damaging storms. 
In contrast, when looking at storms and floods 
that are not classified as hurricanes and thus 

possibly do not receive the same type of aid, but 
in this case also cause over $10 million in dam-
ages, we find no significant increase in employ-
ment post hazard. Surprisingly, we see no evi-
dence of employment impacts post wildfires in 
contrast to studies by Coulombe and Rao (2025) 
and Walls and Wibbenmeyer (2023). We also see 
no impacts post hail or tornadoes. We do, how-

Figure 6. Impulse Response Functions for Employment by Hazard Type

Source: Authors’ calculations from model (1) using data from the Quarterly Workforce Indicators, Lon-
gitudinal Employer-Household Dynamics, US Census Bureau, and SHELDUS. 
Note: Earnings are quarterly averages of monthly earnings, adjusted for inflation and reported in 2022 
dollars.
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ever, find some evidence that suggests build 
back better may describe results post seismic 
activity.

To gain additional insights into the mecha-
nisms driving these findings, we examine em-
ployment impacts by industry, presenting re-
sults in figure 7. Not surprisingly, we find the 
increases in employment immediately following 
a hazard appear to be driven by changes in con-
struction employment. We also see some evi-
dence of elevated churn in the real estate indus-
try, but these impacts are not statistically 
significant. We do, however, see longer-term 
declines in both the accommodations and food 
services industry as well as the health-care and 
social assistance industries. We do expect to see 
these longer-term declines in accommodations 
and food services as places impacted by natural 
hazards may become less attractive for tourists 
in the years following a hazard. Results in the 
health care and social assistance sector appear 

{FIG}FIG 6 ABOUT HERE{/
FIG}

more surprising and perhaps could be a result 
of longer-term losses in local budgets that result 
from the hazard.

Finally, figure 8 presents results by race and 
ethnicity. Here we see that the slight increase 
in employment that occurs in the three to twelve 
quarters after a natural hazard is primarily ex-
perienced by Hispanic households. This could 
be driven by the fact that they are overrepre-
sented in the construction industry. Three years 
after an extreme hazard, however, Hispanic 
workers begin to experience declines in employ-
ment that eventually become as large as the de-
clines experienced by all other groups. In con-
trast, we see little medium-term employment 
impacts for Black workers, though patterns do 
follow national trends with a small decrease in 
the immediate aftermath of the hazard. These 
results suggest that shorter-term benefits as-
sociated with hazards are relatively concen-
trated, whereas the longer-term costs appear to 

{FIG}FIG 7 ABOUT HERE{/FIG}

Figure 7. Impulse Response Functions for Employment by Industry

Source: Authors’ calculations from model (1) using data from the Quarterly Workforce Indicators, Lon-
gitudinal Employer-Household Dynamics, US Census Bureau, and SHELDUS. 
Note: Earnings are quarterly averages of monthly earnings, adjusted for inflation and reported in 2022 
dollars.
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be more spread out over these different groups, 
though overall patterns do look similar for each 
racial and ethnic group.

FEMA Aid as a Mechanism
To gain some insight into the impacts of pub-
lic assistance on county-level employment pat-
terns post-natural hazard, we have matched 
the extreme hazards we identify in the SHEL-
DUS data with the FEMA Presidential Disasters 
Declarations (PDD) dataset, using FEMA Open-
FEMA data. This publicly available dataset is 
used to track when and where federal assistance 
is authorized in response to a major disaster 
declaration issued by the US president. We 
matched extreme hazard events from these two 
datasets by county, year, and quarter. For ex-
ample, if an extreme hazard occurred in the 
same county and year in both datasets and 
within a one-quarter window before or after, 
we considered the extreme hazard in the SHEL-

{FIG}FIG 8 ABOUT HERE{/
FIG}

DUS dataset to be a FEMA declared presidential 
hazard. We present the results of this merge 
in table 7. We see that overall 64.5 percent of 
our extreme hazards from the SHELDUS data 
are identified as FEMA PDDs. We use these 
matched disasters as a proxy measurement of 
natural hazards that receive significant aid. 
Specifically, we are going to argue that an ex-
treme hazard in the SHELDUS dataset likely 
received FEMA aid if it matches to a hazard in 
the FEMA PDDs dataset. If there is no match 
between the two datasets, we are going to ar-
gue that the SHELDUS extreme hazard did not 
receive FEMA aid. Since we do not have the 
actual aid dollars received, our second-best al-
ternative is this proxy.

Our strongest predictions about how FEMA 
aid impacts employment or earnings are 
through increased investment in the construc-
tion industry to build back after a natural di-
saster. To examine this relationship, we then 

{TAB}TABLE 7 ABOUT 
HERE{/TAB}

Figure 8. Impulse Response Functions for Employment by Race/Ethnicity

Source: Authors’ calculations from model (1) using data from the Quarterly Workforce Indicators, Lon-
gitudinal Employer-Household Dynamics, US Census Bureau, and SHELDUS. 
Note: Earnings are quarterly averages of monthly earnings, adjusted for inflation and reported in 2022 
dollars.
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stratify our sample by whether or not the SHEL-
DUS extreme disaster was identified in the FEMA 
dataset and estimate the impulse response func-
tions by industry separately for FEMA-supported 
disasters and those that did not receive FEMA 
aid. We present these results in figure 9.

When looking at results within the construc-
tion industry, we do see clear differences in em-
ployment responses when disasters are FEMA 
declarations versus not FEMA declarations. The 
initial bump observed within construction is 
only apparent in the FEMA declarations, not in 
the disasters that are not matched to FEMA. 
This provides some suggestive evidence that 
initial employment growth is tied to assistance. 
Additionally, the longer-term decline in employ-
ment is only observed in the counties with no 
FEMA disasters, again suggesting that aid may 
be a central part of the story. Looking next at 
the real estate industry, results in the FEMA and 
no FEMA categories do not appear statistically 
different from one another, but there are slight 
differences in trends that perhaps align with 
theory here. We do see slight increases in em-
ployment in real estate in the three- to five-year 
window after a hazard for FEMA declarations, 
but no such impact in the non-FEMA hazards. 
Again, this provides some suggestive evidence 
that aid does bolster local economic recovery, 
particularly in the industries where aid is di-
rected. In both the accommodations and health-
care industries, we do not see much of a differ-
ence in trend in matched versus unmatched 
hazards, which is perhaps not so surprising as 

{FIG}FIG 9 ABOUT 
HERE{/FIG}

the aid would not be directed toward these in-
dustries.

Conclusions
On average climate-related natural hazards ap-
pear to reduce employment growth over the 
longer term at the county level and have slight 
but sustained positive impacts on earnings. 
When examining results by hazard type, we find 
increases in employment one to two years fol-
lowing hurricanes and then a return to baseline, 
while we find steady declines in employment 
following severe storms and floods. We find no 
impacts on employment or earnings following 
hail, tornadoes, or wildfires. We find longer-term 
increases in employment following extreme 
seismic activity events with no impacts on earn-
ings. This increase in employment is consistent 
with a build back better mechanism where areas 
that experience extreme levels of property dam-
age due to seismic events may see an influx of 
people and capital during the rebuilding period. 
Previously mentioned work by Erda (2025) uses 
detailed micro-level firm data to examine how 
manufacturing plants respond to floods. Her 
work provides some evidence that surviving 
firms do invest in capital quickly and that fed-
eral disaster spending plays an important role 
here.

When examining results by industry, we find 
a post-hazard bump for the construction indus-
try followed by longer-term declines. This is 
consistent with construction being a necessary 
industry for rebuilding after an extreme climate 

Table 7. FEMA/SHELDUS Match Rate by Hazard Type

 
Match 

Number
Total 

Number
Match 

Percent

Hail 48 220 21.8
Hurricane or tropical storm 386 409 94.4
Seismic activity 5 15 33.3
Severe storm, thunderstorm, or flood 703 883 79.6
Tornado 213 391 54.5
Wildfire 31 121 25.6
Other 315 597 52.8

Total 1,701 2,636 64.5

Source: Authors’ calculations from the match between extreme hazards in SHELDUS data 
and the FEMA Presidential Disasters Declarations dataset. 
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Figure 9. Impulse Response Functions for Employment by Industry and FEMA Support

Source: Authors’ calculations from model (1) using data from the Quarterly Workforce Indicators, Lon-
gitudinal Employer-Household Dynamics, US Census Bureau, and SHELDUS. 
Note: Earnings are quarterly averages of monthly earnings, adjusted for inflation and reported in 2022 
dollars.
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hazard event. We find some evidence of elevated 
employment one to two years out in the real 
estate industry that we hypothesize is related 
to turnover in sales and rentals of properties as 
some residents decide to rebuild while others 
decide to sell and relocate after a hazard event. 
For health and accommodation related indus-
tries, we see declines in employment both im-
mediately post-hazard and over the longer term. 
Our analysis of FEMA-supported hazards com-
pared with those that did not receive FEMA aid 
underscores these industry results by demon-
strating that the bump in employment in the 
construction industry (and suggestively in the 
real estate industry) is driven by those counties 
that received FEMA aid.

Lastly, when looking at results by race and 
ethnicity, we find increases in employment (as 
well as earnings) for Hispanic and Latino work-
ers followed by longer-term employment de-
clines. We attribute this to the high concentra-
tion of Hispanic and Latino workers in the 
construction industry (US Bureau of Labor Sta-
tistics 2023), which sees increases in employ-
ment post-hazard, with eventual declines. For 
other racial groupings, we see very little change 
one to two years after an extreme hazard but 
larger declines in employment in the longer 
term.

Our research is important for informing pol-
icy responses to climate-related disasters be-
cause a large sum of federal dollars is allocated 
to aiding individuals impacted by disasters each 
year, and there is evidence that federal emer-
gency aid is exacerbating wealth inequality. Ju-
nia Howell and James R. Elliott (2019) find that 
economic damages from natural disasters in-
crease wealth inequality in counties that expe-
rience the disaster, and critically, they find that 
federal emergency aid further exacerbates that 
inequality. They argue that this inequality may 
occur because the majority of funding for di-
saster recovery is allocated toward property own-
ers. They highlight that for less privileged resi-
dents and non-property owners, hazards may 
lead to increased financial liabilities that result 
from an increasing risk of losing one’s job (El-
liott and Pais 2006), an increased chance of mo-
bility (Elliott and Howell 2017), and increased 
rents that arise from the reduced availability of 
housing stock (Vigdor 2008).

Our results also highlight key levels of het-
erogeneity, which may contribute to inequality 
in the recovery from extreme natural hazards. 
For example, we see declines in employment in 
two key sectors, accommodation and food ser-
vices, as well as health care and social assistance. 
The most vulnerable workers in these sectors 
may be the most impacted by these hazards. 
More work is needed to identify which workers 
are impacted within these sectors. In future 
work, we will rely on individual-level employ-
ment and earnings to more clearly identify these 
potential pathways. By focusing on individual 
workers, we will be able to learn much more 
about distributional heterogeneity of longer-
term impacts of these climate hazards, which 
may reveal disparities in vulnerability and re-
covery pathways. Additionally, we will be able 
to identify whether workers displaced by haz-
ards are more likely to reallocate across sectors 
or locations, which is not observable in these 
aggregate county-level statistics. Overall, un-
derstanding these individual level patterns could 
further inform the impact of climate hazards 
on the relative distribution of earnings and em-
ployment, improving our understanding further 
on how hazards and our policy responses to 
them may be contributing to patterns of inequal-
ity.
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