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Abstract

We study the short-run, dynamic employment effects of natural disasters. We ex-
ploit monthly data for 70 3-digits NAICS industries and 78 Puerto Rican counties over
the period 1995-2019. Our exogenous measure of exposure to natural disasters is com-
puted using the maximum wind speed recorded in each county during each hurricane.
Using panel local projections, we find that after the “average” hurricane, employment
falls by 0.5% on average. Across industries, we find substantial heterogeneity in the
employment responses. In some industries employment increases, while in others em-
ployment decreases after a hurricane. This heterogeneity can be partly explained by
input-output linkages.
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1 Introduction

In 2020, for only the second time in history, the World Meteorological Organization ran out

of letters to name the Atlantic tropical storms, and started using names from the Greek

alphabet.1 Moreover, natural disasters are expected to increase reported direct losses from

the current $195 billion a year to $234 billion a year by 2040. This increase of $39 billion could

reach up to $100 billion per year if the indirect costs from supply chain disruption and other

knock-on economic consequences are factored in.2 Given these facts, it is hardly surprising

that studying the economic consequences of climate change and natural disasters has become

a central research question in several fields of economics. However, due to data availability,

and especially in the context of less developed regions, there has been far too little evidence

coming from high frequency, detailed industry data. This is relevant, because detailed data

can help uncover the economic mechanisms taking place in the aftermath of a disaster. As

a step towards filling this gap, in this paper we study the short-run, dynamic employment

effects within detailed industries of a specific type of natural disasters – hurricanes – using

an ideal laboratory: Puerto Rico.

We exploit a unique feature of Puerto Rico: a frequent and spatially dispersed exposure to

hurricanes, combined with the availability of high frequency, detailed employment data. This

combination allows us to propose the first estimates of the short-run, dynamic employment

effects of hurricanes using geo-coded monthly data for 70 3-digits NAICS industries, and 78

counties over the period 1995-2019. An important and particularly novel aspect of our work

is to highlight the importance of input-output linkages in industrial adjustments.

With the aid of satellite data, we are able to track the position of the eye of each hurricane

and the wind speed within it at six-hours intervals. Due to the precise laws of physics, this

information is sufficient to compute the wind speed at any distance from the eye. We are

therefore able to measure the intensity of exposure to hurricanes in all of Puerto Rico’s coun-

ties, by using the maximum wind speed recorded in each county cell during each hurricane.

Exploiting information on wind speed guarantees the absence of any potential endogeneity of

our measure with respect to economic outcomes, which can lead to biased results, as shown

by Felbermayr & Gröschl (2014). Armed with this exogenous measure, varying over time

and at the county level, we explore the dynamic employment effects of hurricanes using local

projections. This tool, which has now been used in many contexts, consists of running a

1“With #Alpha, 2020 Atlantic Tropical Storm Names Go Greek”, NOAA News, 17 September 2020.
https://www.noaa.gov/news/with-alpha-2020-atlantic-tropical-storm-names-go-greek.

2“Natural Disasters Could Cost 20 Percent More By 2040 Due to Climate
Change,” E360 digest 27, 2020, Yale University. https://e360.yale.edu/digest/

natural-disasters-could-cost-20-percent-more-by-2040-due-to-climate-change.
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sequence of regressions for different prediction horizons. One advantage of local projections

is that, unlike panel VARs, they do not impose (potentially incorrect) dynamic restrictions.

We regress the cumulative change of our variables of interest (for instance employment) on

our disaster shock variable at each horizon. The coefficients obtained trace the dynamic

responses to a disaster shock. The richness of our data allows us to explore variation at the

county-time, county-industry-time and industry-time level. In our regressions we control for

pre-trends and for the evolution of the labor force, which allows us to control for potential

changes in labor supply.

We find three main results. First, after the “average” hurricane, employment falls on

average by about 0.5%. The effect peaks after about six months. We also find an aver-

age increase in the number of unemployed, with no significant changes to the labor force.

Average weekly wages increase after six months, but the increase is not statistically sig-

nificant. Second, we find very heterogeneous effects across industries. In some industries,

which we call the “strengthened industries”, employment increases following a natural dis-

aster. Examples of these industries include NAICS 236 (“Construction of Buildings’)’ and

NAICS 238 (“Specialty trade contractors”). In other industries, which we call “weakened”

industries, employment decreases. Examples of weakened industries are NAICS 721 (“Ac-

commodation”) and NAICS 487 (“Scenic and Sightseeing Transportation”). In a third group

of industries, employment does not seem to be directly affected by natural disasters. We call

them “neutral” industries. Finally, we uncover a potential mechanism that can explain some

of the results at the industry level: input-output linkages. For the “strengthened industries”,

we find a positive and statistically significant relation between the size of the employment

increase 12 months after a disaster shock and the share of output sold to the construction

sector.

Finally, the heterogeneous cyclicality of employment to hurricanes across different indus-

tries suggests a new concept of resilience: adaptability-driven employment resilience, defined

as the potential ability of workers to rapidly reallocate from the contracting industries to

the expanding ones in the aftermath of a natural disaster. This could be an important

building block of the “post-disaster resilience”, which was included as one of the three pillars

of the “disaster resilience strategy” framework proposed by the IMF (2019). Adaptability-

driven employment resilience could potentially be achieved (or enhanced) by introducing

new and different vocational training programs, aimed at endowing workers with a set of

heterogeneous skills, which are needed for rapid and temporary reallocations across different

industries.

The remainder of the paper is structured as follows. After a brief overview of the rele-

vant literature, Section 2 presents the data, particularly our measure of exposure to natural
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disasters. In Section 3 we discuss our empirical strategy, and Section 4 contains the results.

Finally, Section 5 concludes.

1.1 Related literature

This paper is linked to the literature exploring the effects of natural disasters on a variety of

different outcomes, such as economic growth (Hsiang & Jina, 2014; Felbermayr & Gröschl,

2014; Bertinelli & Strobl, 2013; Cavallo et al., 2013; Strobl, 2011), firm level outcomes (Pelli

et al., 2020; Elliott et al., 2019; Seetharam, 2018; Vu & Noy, 2018), exports (Pelli & Tschopp,

2017), household finance (Deryugina et al., 2018; Gallagher & Hartley, 2017), education

(Sacerdote, 2012), housing (Ortega & Taspinar, 2018) and migration (Boustan et al., 2020).

Several papers have looked at the labor market effects of cyclones. For instance, McIntosh

(2008), Groen & Polivka (2008), and De Silva et al. (2010) present difference-in-difference

studies of the impact of the migration induced by Hurricane Katrina on the local labor

markets. Peri et al. (2020) use Hurricane Maria as an exogenous shock originating in Puerto

Rico to study the impact of migration on the labor market outcomes of incumbent workers

in Orlando. Finally, Groen et al. (2020) look at the long-term effects of Hurricanes Katrina

and Rita on earnings outcomes. Using a difference-in-difference approach, they find that,

due to job losses, quarterly earnings in affected regions declined, although modestly, in the

first year following the strike. However, from 2006 through 2012, wages rose substantially.

Closer to our paper are Belasen & Polachek (2008) and Belasen & Polachek (2009). Using

quarterly data, they explore the employment and wage effects of hurricanes across counties

in Florida for the period 1988-2005. Belasen & Polachek (2008) also performs an additional

analysis across five broad sectors (such as Manufacturing and Services). In both papers,

the authors rely on categorical measures of hurricanes and adopt a generalized difference-

in-difference (GDD) approach. They find that earnings respond positively and employment

falls over time following a hurricane. While these average results are qualitatively similar to

ours, the quantitative differences are likely arising from the fact that we perform an analysis

focusing on a different geographic area, we use a different type of measure (a continuous

treatment), and a different methodology (local projections). With regard to the industry

analysis, Belasen & Polachek (2008) also find heterogeneous effects, with positive employ-

ment and earnings responses for the construction and service sectors, and negative effects

elsewhere. By using a much finer set of industries, we show that even within narrowly defined

sectors, different industries experience different employment dynamics in the aftermath of

a natural disasters. More importantly, using this finer set of industries allows us to unveil

the importance of input-output linkages as a driving mechanism of the employment effects
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of natural disasters.

Finally, following the seminal work by Jorda (2005), local projections have been used in

the literature to investigate the dynamic effects of shocks on the economy. Examples of this

literature include Auerbach & Gorodnichenko (2013), Jorda & Taylor (2016), and Leduc &

Wilson (2013), who look at fiscal policy shocks. Ottonello & Winberry (2020) investigates the

effects of monetary shocks, while Barattieri & Cacciatore (2020) study trade policy shocks

in the presence of network effects. To the best of our knowledge, this paper is among the

first few studies to use local projections to examine the economic impacts of hurricanes. In a

recent paper, Roth Tran & Wilson (2021) also perform local projections on county-level U.S.

data over the period spanning 1980-2017 to look at the response of local economies following

natural disasters. Impulse response functions indicate that natural disasters, measured using

an indicator variable equaling one in the case of positive damages, lead to a rise in total and

per capital personal income as of 8 years out.

2 Data

In this Section we introduce both our measure of exposure to hurricanes, obtained using

satellite data, and the data on Puerto Rican employment dynamics taken from the Bureau

of Labor Statistics (BLS).

2.1 Wind speed at the county level

We use satellite data from the National Oceanic and Atmospheric Administration (NOAA)

Tropical Prediction Center. We look at the storms’ best tracks in the Caribbean Sea over the

period 1995-2017, to construct the maximum wind speed associated with each hurricane H

hitting Puerto Rican county c, i.e. wcH . A best track contains the full history of a hurricane,

with information at 6-hours intervals on latitude, longitude, date and wind speed at its eye.

First, we linearly interpolate the storms’ best tracks at every kilometer. For each inter-

polated kilometer, we obtain the set of coordinates for the position of the eye (landmark h)

and the wind speed at the eye, Vh. For each county that falls in the vortex associated with a

landmark h, we use the HURRECON model (see Boose et al., 1994, 2001, 2004) to compute

the sustained wind velocity at the county’s centroid, wch.3

In order to improve the precision of our measure and obtain a good proxy of the impact

of hurricanes on economic activity, we do not use the simple geometrical centroid of each

county. Instead, using population data from the 2010 Census at the block level and the

3More details about the HURRECON model are provided in Appendix A.1.
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geometrical centroid of each census block, we construct a population weighted centroid for

each of the 78 counties of Puerto Rico. This correction allows us to compute the maximum

wind speed affecting populated areas and to give less weight to strong winds hitting forests

or other areas with no economic activity.

Finally, we obtain one measure of windspeed per county and hurricane by retaining the

maximum windspeed to which a county was exposed:

wcH = max
h∈H
{wch}.

2.2 Counties exposure to hurricanes

In what follows we describe how we construct Sct, the index of exposure to hurricanes of

county c at time t (where time can be at monthly or quarterly frequency). Following Bernabe

et al. (2021), Pelli et al. (2020), Pelli & Tschopp (2017), and Yang (2008), our index of

exposure is obtained in the following way:

Sct =
∑
H

xcHt where xcHt =
(wcHt − 33)3

(wmax − 33)3
if wcHt > 33 (1)

where xcHt represents the maximum windspeed affecting county c during storm H at time

t relative to the sample maximum (the term wmax). We normalize xcHt with respect to the

maximum wind speed observed in order to obtain a measure included between zero and one.

The cubic powers account for the force exerted by winds on physical structures (see the

technical HAZUS manual of the Federal Emergency Management Agency (FEMA) of the

US Department of Homeland Security and Emanuel, 2005).4 We use a threshold of 33 knots,

which defines a tropical storm according to the Simpson and Riehl scale.5, 6

Figure 1 shows examples of our measure of exposure for four major hurricanes that hit

Puerto Rico over the years. Each hurricane is represented with a different color and within

each color, darker shades reflect stronger exposures. On the left side of the figure we show

the best track for each of the four hurricanes while, on the right side, we show the exposure

index, Sct, for each of the four months concerned. This figure underlines the large extent

of geographical and time variation at our disposal for identification. Hurricanes Jeanne,

4In the Online Appendix E, F and G we experiment with a variety of alternative specifications of counties
exposure to hurricanes.

5In one robustness check (Online Appendix E), we increase the threshold from 33 knots to 64.
6By definition, Sct ∈ (0,

∑
H), with a value of 0 indicating zero county exposure to hurricanes (i.e. winds

in county c are below the threshold) and with
∑

H indicating the number of storms hitting a county at time
t. This is because in the cases when more that one hurricane hits Puerto Rican counties at the same time t,
we sum xcHt over hurricanes.
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for instance, hit mostly the western part of Puerto Rico (the counties most affected were

municipios “Aguada”, “Aguadilla” and “Cabo Rojo”). On the contrary, hurricanes Irene

and Maria hit much more severely the eastern part of the island. Municipios “Vieques”,

“Yabucoa”and“Culebra”were the counties most affected by hurricane Irene, while municipios

“Culebra”, “Fajardo” and “Luquillo” were the counties most affected by hurricane Maria.

Finally, hurricane George hit mostly the central part of the island. The counties most

affected were municipios “Catano”, “Aibonito”, and “Toa Alta”. In the Online Appendix

A, we list the 23 hurricanes and storms that hit Puerto Rico in our sample period. Online

Appendix B also provides summary statistics of the storm index as well as plots highlighting

substantial variation in exposures both across counties and over time.

Figure 1: County Exposure to Hurricanes – Examples

Hurricane Georges (September 1998)

Hurricane Jeanne (September 2004)

Hurricane Irene (August 2011)

Hurricane Maria (September 2017)
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2.3 Puerto Rico Employment Data

We use employment data from the Quarterly Census of Employment and Wages (QCEW)

by the Bureau of Labor Statistics of the United States (BLS). The QCEW contains monthly

data on employment and quarterly data on wages at the county and county-industry level.

We focus our attention on employment in the private sector. To give a broad idea of the

economic structure of the Puerto Rican economy, during our sample period, the private

sector employed on average 674,800 people. Of those workers, 18.4% were employed in

Retail Trade (NAICS 44-45), 17.2% in Manufacturing (NAICS 30), 9.7% in Health care and

social assistance (NAICS 62), 9.1% in Accommodation and Food Services (NAICS 72), 8.7%

in the Administrative and Waste services (NAICS 46), and 7.1% in Construction (NAICS

23). In terms of employment dynamics, manufacturing has witnessed a secular decline. Most

services display an increase over time, while the construction sector seems characterized by

an inverted U-shaped dynamics.

Within the manufacturing sector, the most important industries in terms of average

employment in our sample period are NAICS 325 (“Chemical manufacturing”), NAICS 311

(“Food manufacturing”), and NAICS 315 (“Apparel manufacturing”). While (unsurprisingly)

apparel manufacturing employment displays a negative trend, chemical manufacturing em-

ployment shows an inverted-U shape. We also use the Local Area Unemployment Statistics

from the BLS to get county-level data at monthly frequency on the number of unemployed

and the total labor force. In the Online Appendix C, we provide tables and graphs with

more details on the structure of the Puerto Rican economy.

3 Empirical Strategy

Armed with the exogenous exposure to natural disaster shocks illustrated in the previous

section, we explore the dynamic employment effects of natural disasters using local projec-

tions. After the seminal contribution by Jorda (2005), local projections have become a tool

used in many settings, as discussed in the Introduction. The approach consists of running a

sequence of predictive regressions of a variable of interest on a shock for different prediction

horizons. The sequence of regression coefficients traces the dynamic response of the variable

of interest to the shock. The main advantages of this approach are that local projections

do not impose potentially inappropriate dynamic restrictions (as panel VARS do), they are

robust to misspecification of the data generating process, and they can be estimated in a

simple univariate framework.

In our context, we will explore variation at the county-time level, at the county-industry-
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time level and at the industry-time level. First, we run the following k-step ahead panel

predictive regressions:

∆Xc,t+k = αk + γk1Sct +
∑
p

βpXc,t−p + βLF∆LFc,t+k + δt + ηc + ε1c,t+k, (2)

where ∆Xc,t+k is the cumulative growth of our variable of interest from time t−1 to time

t+ k (that is, ∆Xc,t+k ≡ logXc,t+k− logXc,t−1). Xc represents employment, unemployment,

the labor force (for each county c at monthly frequency) or the average weekly wage (for each

county c at quarterly frequency). Sct is our measure of disaster shocks, varying at county

level for each month (or quarter). Our main object of interest is γk1 , representing the average

response of Xc at horizon k to a disaster shock at time t.
∑

pXc,t−p controls for past values of

the dependent variable, which in this context is akin to controlling for potential pre-trends.7

∆LFc,t+k represents the change in the labor force from time t− 1 to time t+ k, which allows

us to proxy for the evolution of labor supply.8 δt and ηc represent time and counties fixed

effects. Our sample period runs from 1995M1 to 2019M11. We have data for a panel for 78

counties (GEO).

The richness of our data allows us to also to explore the county-industry-time variation

for employment and average weekly wages.9 The advantage of doing this is the possibility to

control for a richer set of fixed effects. The main disadvantage is that for an important share of

the industry-county cells, the data are not disclosed by the BLS due to confidentiality reasons.

We address this problem by interpolating the employment and wage data whenever the data

are not disclosed, but a positive number of firms is recorded. Our second specification is

therefore the following:

∆Xic,t+k = αk + γk2Sct +
∑
p

βpXic,t−p + βLF∆LFc,t+k + FE + ε2ic,t+k, (3)

Xic represents employment, (for each county c and industry i at monthly frequency) or

the average weekly wage (at quarterly frequency). All the other variables are defined as in

equation 2. Now we can introduce county-industry specific fixed effects, together with time

fixed effects (FE = νci + δt) or alternatively industry-time fixed effects together with county

fixed effects (FE = νit + ηc). Our sample period runs from 1995M1 to 2019M11. We have

data for a panel for 78 counties (GEO) and 70 3-digits industries (NAICS).

Finally, we explore the dynamic employment effects at the level of each single industry.

The analog of equations 2 and 3 now becomes:

7We selected p = 6 for monthly data and p = 2 for quarterly data.
8Naturally, we did not include this term when Xc is defined to be the labor force.
9Unemployment and the labor force are concept only defined at the county level.
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∆Xi,t+k = αk + γki St +
∑
p

βpXi,t−p + βLF∆LFt+k + δm + ε3i,t+k, (4)

In this case, we do not exploit the variation at the county level, but only at the industry

level..10 Xi represents the employment for each industry i at monthly frequency. St is an

aggregate measure of exposure to disaster, computed as a population-weighted average of

Sct. Our object of interest is γki , representing the response of Xi at horizon k to a disaster

shock at time t. We also insert in the regression the controls for pre-trends (
∑

pXi,t−p) and

the change of the aggregate labor force (∆LFt+k). Finally, while we cannot use a full set of

time fixed effects (which would absorb all the variation in St), we insert monthly dummies

(δm), to control for potential seasonal effects.

In the next Section, we report impulse responses following a disaster shock. This means

that we plot the coefficients γk1 , γk2 or γki at different horizons k. We consider a two years

horizon. Therefore, at monthly frequency k ranges from 0 to 24, while at quarterly fre-

quency k ranges from 0 to 8. We rescale the coefficients so that we report the response to

the “average” hurricane recorded. We also report 95% confidence intervals. For the panel

regressions, we cluster the standard errors at the county level. For the industry-level regres-

sions, we use Newey-West corrected standard errors to account for the potential presence of

autocorrelation and heteroskedasticity.

4 Results

Figure 2 reports our first main result. In the first two rows, we report the coefficients

obtained from equation 2. As the Figure shows, after the “average” hurricane, employment

falls on average by about 0.5%. The effect peaks after about six months. The effects are

statistically significant. At the same time, we also find a significant increase in the number

of unemployed. The labor force, on average, does not display significant changes in the

aftermath of a disaster shock. The response of average weekly wages is positive after six

months, but it is not statistically significant.

In the third and fourth row of Figure 2, we report the results we obtain from equation

3. In the third row, we report the results obtained with a full set of combined GEO-NAICS

fixed effects (νci). In the third row, we instead a full set of combined NAICS-time fixed

effects (νit). As the Figure shows, the results are very similar to our baseline specification.11

10We therefore avoid the problem of interpolating the data
11Clearly the third possible option, combining ηc and δt, would prevent us from estimating the coefficients

of interest γk2 , since Sct would be absorbed by the county-time fixed effects.
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Figure 2: Employment Effects of Natural Disasters: Panel Results
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We then move to explore whether this average effects masks heterogeneous responses

across industries. Using specification 4, we find that industries can be divided into three

main groups. A first group of industries, which we call “strengthened”, are the industries

that experience an increase in employment following a disaster shock. We report a selection
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of those industries in the first three rows of Figure 4.

Figure 3: Employment Effects of Natural Disasters: Selected Industries
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In the first row, the Figure illustrates a clear (and sensible) boom in construction: in in-

dustries NAICS 236 (“Construction of buildings”), NAICS 237 (“Heavy and civil engineering

constructions”) and NAICS 238 (“Special trade contractors”) employment grows by between

2% and 5% after 6 months following the “average” hurricane. In the second row of Figure 4,

we report three manufacturing industries that experience an expansion in employment after

a disaster shock: NAICS 331 (“Primary metal manufacturing”), NAICS 332 (“Fabricated

metal product manufacturing”), and NAICS 337 (“Furniture Manufacturing”). Interestingly,

the increase appears delayed in the case of furniture manufacturing. Finally, three service

sector industries that see an increase in employment after a hurricane are reported in the

third row in Figure 4: NAICS 442 (“Furniture and home furniture stores”), NAICS 444

(“Building material and garden supply stores”), and NAICS 561 (“Administrative and sup-

port services”).

A second group of industries, which we label “weakened” industries, experience instead

a fall in employment following a disaster shock. We report a selection of those industries

in the last three rows of Figure 4. The fourth row reports the results for primary and

manufacturing weakened industries: NAICS 111 (“Crop production”), NAICS 112 (“Animal

production and aquaculture”), and NAICS 323 (“Printing and related support activity”). In

the fifth row, we report the results obtained from industries in the retail sector: NAICS 448

(“Clothing stores”), NAICS 451 (“Sport, book and music stores”), and NAICS 452 (“General

merchandise stores”). In the sixth row of Figure 4, we can also see how transportation

and accommodation are negatively affected by a disaster shock: NAICS 487 (“Scenic and

Sightseeing transportation”), and NAICS 712 (“Museums, Historical Sites, Zoos and Parks”),

and NAICS 721 (“Accommodation”).

Finally, a third group of industries, which we call “neutral”, are industries where the

employment does not seem to react in a significant way to a disaster shock. A synthetic way

to have a complete picture for all the 70 industries included in our sample is offered by Table

1, which lists all the industries and their classification into “strengthened” (S), “weakened”

(W) or “neutral” (N) for a particular time horizon (12-months). We report also the size of

the coefficient (γi) and its standard error.12

As shown by the Table, the heterogeneity in the employment response to natural disas-

ters can be found even within 2-digits sectors. Take the example of Transportation (Sector

NAICS 48). Two industries within this sectors are featured among the group of “strength-

ened” industries: NAICS 484 (“Truck transportation”) and NAICS 488 (“Support activities

for transportation”). Two industries are classified as “neutral”: NAICS 481 (“Air transporta-

tion”) and NAICS 483 (“Water transportation”). Two other industries are instead classified

12As explained in the previous Section, we rescale them to represent the impact of the “average” hurricane.
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as “weakened”: NAICS 485 (“Transit and ground passenger transportation”) NAICS 487

(“Scenic and sightseeing transportation”). This particular example shows the importance of

using detailed industry data to better gauge the employment effects of natural disasters.

In the Online Appendix D, we propose a Table where for each industry we report the

classification (S, N, or W) also for different time horizons (3,6,12,18,24 months), thus giving

a simple way to better grasp the dynamic employment effects of disaster shocks in each of

the 70 industries.

Robustness. In the Online Appendix, we experiment with the use of different measures

of exposure to natural disasters. First, we increase the threshold from 33 to 64 knots in

equation (1) (Online Appendix E). Second, we use a different way of computing the wind

speed, based on the classic formula of Deppermann (1947) (Online Appendix F). Lastly, we

substitute the population-weighted centroid with the geographical centroid of each county

when computing the maximum windspeed affecting county c during hurricane H (Online

Appendix G). In all of the cases we consider, the results shown in Figures 2 and 3 are found

to be very robust.

Discussion and Mechanisms. Some of the heterogeneity we found across industries,

witnessed in Figure 3 and Table 1, appears very sensible and almost self-evident: a disaster

shock generates a construction boom and negatively affects retail, transport and accommoda-

tion industries.13 To shed more lights on our results, we investigate a potential transmission

mechanism of natural disaster shocks to employment at detailed industry level: input-output

linkages. The construction boom, for instance, could trigger the increase in employment in

some of its important suppliers, such as the manufacturing of metals and of furnitures. The

same construction boom might also explain the increase in employment in furniture stores

and garden supply stores, which materializes only after a few months. To test formally this

hypothesis, we downloaded the 2020 BEA Input-Output table for the US at NAICS-3 digits,

and for each industry we computed the share of output sold to the construction sectors. We

concentrate on the strengthened industries which we could match with the Input-Output

data (excluding the construction sectors).14 Figure 4 illustrates a plot of the coefficients

from Table 1 against the share of construction sectors as buyers of the industry output.

The relation is starkly positive and statistically significant. The univariate regression has

an R2 = 0.64. We conclude that input-output linkages are likely to play a key role in the

transmission of disaster shocks to employment across different industries.

13Our results on the construction sector are consistent with the findings by Strobl & Walsh (2009).
14We also omit the industry 512, “Motion picture and sound recording industries”, which is classified as

“strengthened” only at the 12-months horizon, as shown in the Online Appendix D.
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Table 1: Industry Results: 12-months horizon

NAICS Industry Name 12-Months 12-Months 12-Months
Coefficient Standard Error Classification

Strenghened Industries

236 Construction of buildings 3.998 0.348 S
237 Heavy and civil engineering construction 2.757 0.349 S
238 Specialty trade contractors 1.468 0.276 S
321 Wood product manufacturing 1.570 0.228 S
322 Paper manufacturing 0.438 0.176 S
324 Petroleum and coal products manufacturing 0.886 0.401 S
325 Chemical manufacturing 0.351 0.107 S
331 Primary metal manufacturing 0.848 0.330 S
332 Fabricated metal product manufacturing 2.160 0.210 S
333 Machinery manufacturing 0.502 0.233 S
334 Computer and electronic product manufacturing 0.796 0.256 S
337 Furniture and related product manufacturing 1.817 0.284 S
423 Merchant wholesalers, durable goods 0.373 0.126 S
442 Furniture and home furnishings stores 1.331 0.194 S
444 Building material and garden supply stores 1.013 0.142 S
445 Food and beverage stores 0.202 0.069 S
484 Truck transportation 0.706 0.139 S
488 Support activities for transportation 0.627 0.167 S
492 Couriers and messengers 2.371 0.212 S
512 Motion picture and sound recording industries 2.188 0.617 S
561 Administrative and support services 0.834 0.158 S

Neutral Industries

221 Utilities -0.661 0.474 N
311 Food manufacturing 0.185 0.136 N
315 Apparel manufacturing 0.920 0.584 N
323 Printing and related support activities 0.314 0.163 N
326 Plastics and rubber products manufacturing 0.352 0.222 N
327 Nonmetallic mineral product manufacturing 0.333 0.357 N
335 Electrical equipment and appliance mfg. -0.175 0.184 N
336 Transportation equipment manufacturing 0.095 0.202 N
339 Miscellaneous manufacturing 0.151 0.147 N
424 Merchant wholesalers, nondurable goods 0.092 0.114 N
441 Motor vehicle and parts dealers 0.086 0.164 N
443 Electronics and appliance stores 0.271 0.389 N
447 Gasoline stations -0.063 0.092 N
452 General merchandise stores -0.122 0.093 N
454 Non-store retailers -0.342 0.198 N
481 Air transportation -0.040 0.392 N
483 Water transportation 0.644 1.091 N
493 Warehousing and storage 0.493 0.264 N
517 Telecommunications 0.145 1.711 N
524 Insurance carriers and related activities -0.034 0.106 N
531 Real estate -0.002 0.207 N
562 Waste management and remediation services -0.017 0.243 N
622 Hospitals -0.052 0.135 N
711 Performing arts and spectator sports -0.594 0.331 N
722 Food services and drinking places -0.109 0.193 N
811 Repair and maintenance 0.325 0.180 N
813 Membership associations and organizations 0.119 0.138 N

Weakened Industries

111 Crop production -1.017 0.146 W
112 Animal production and aquaculture -0.549 0.097 W
312 Beverage and tobacco product manufacturing -0.755 0.176 W
425 Electronic markets and agents and brokers -1.518 0.178 W
446 Health and personal care stores -0.613 0.122 W
448 Clothing and clothing accessories stores -0.562 0.234 W
451 Sporting goods, hobby, book and music stores -2.008 0.496 W
453 Miscellaneous store retailers -2.758 0.310 W
485 Transit and ground passenger transportation -0.643 0.252 W
487 Scenic and sightseeing transportation -4.071 0.904 W
511 Publishing industries, except internet -1.604 0.206 W
515 Broadcasting, except internet -1.149 0.196 W
518 Data processing, hosting and related services -0.950 0.353 W
522 Credit intermediation and related activities -0.499 0.119 W
611 Educational services -0.586 0.182 W
621 Ambulatory health care services -0.650 0.088 W
623 Nursing and residential care facilities -0.793 0.120 W
624 Social assistance -0.610 0.242 W
712 Museums, historical sites, zoos, and parks -1.117 0.285 W
713 Amusements, gambling, and recreation -1.418 0.293 W
721 Accommodation -2.578 0.172 W
812 Personal and laundry services -0.785 0.196 W
721 Accommodation -2.675 0.158 W
722 Food services and drinking places -0.278 0.101 W
812 Personal and laundry services -0.866 0.113 W
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Figure 4: Employment Effects of Natural Disasters: Mechanism
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Finally, we notice that the lack of impact of hurricanes on the employment in many

important manufacturing sectors (which might at first appear surprising) is consistent with

what Pelli et al. (2020) find using firm level data for India, where cyclones appear to have a

large impact on manufacturing firms’ capital, but no significant effects on employment.

5 Conclusion

In this paper, we study the short-run, dynamic employment effects of natural disasters.

Using monthly data for 70 3-digits NAICS industries and 78 Puerto Rican counties over

the period 1995-2019, we find an average decline in employment following a disaster shock,

which masks an extensive heterogeneity at the industry level. A part of this heterogeneity

can be explained by input-output linkages. While we believe that the external validity of our

quantitative results might be questionable, due to the relatively small scale of our laboratory,

we are persuaded that the key qualitative insights we provide are valid also for other contexts,

such as developing countries, where data limitations hinder the type of analysis performed

in this paper.

In particular, the fact that some industries contract and some others expand follow-

ing natural disasters, suggests a new concept of resilience: adaptability-driven employment

resilience, defined as the potential ability of workers to temporarily reallocate from the con-

tracting industries (i.e. accommodation) to the expanding ones (i.e. construction) in the
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aftermath of a natural disaster. The importance of these potential reallocations (or lack

thereof) is witnessed by Sathyendrakajan et al. (2012), who surveyed construction firms in

Sri Lanka. The lack of skilled workers was cited as the most important challenge faced by

these firms during the post-disasters reconstruction efforts.

The IMF (2019) proposed a three-pillar “disaster resilience strategy”, based on structural,

financial, and post-disaster (and social) resilience. Adaptability-driven employment resilience

could be an important building block of the post-disaster (and social) resilience. It could

be achieved (or enhanced) by introducing new and different vocational training programs,

aimed at endowing workers with a set of heterogeneous skills needed for rapid and temporary

reallocations across different industries. As explained by the OECD (2010): “Vocational

Education and Training (VET), can play a central role in preparing young people for work,

developing skills of adults, and responding to the labour market needs of the economy”.
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Sandy and New YorkâĂŹs Housing Market. Journal of Urban Economics, 106(C), 81–100.

Ottonello, P. & Winberry, T. (2020). Financial Heterogeneity and the Investment Channel
of Monetary Policy. Econometrica, 88, 2473–2502.

18



Pelli, M. & Tschopp, J. (2017). Comparative Advantage, Capital Destruction, and Hurri-
canes. Journal of International Economics, 108, 315–337.

Pelli, M., Tschopp, J., Bezmaternykh, N., & Eklou, K. (2020). In the Eye of the Storm:
Firms and Capital Destruction in India. IMF Working Papers 2020/203, International
Monetary Fund.

Peri, G., Rury, D., & Wiltshire, J. (2020). The Economic Impact of Migrants from Hurricane
Maria. Working Paper 27718, NBER.

Roth Tran, B. & Wilson, D. (2021). The Local Economic Impact of Natural Disasters.
Working Paper 2020-34, Federal Reserve Bank of San Francisco.

Sacerdote, B. (2012). When the Saints Go Marching Out: Long-Term Outcomes for Stu-
dent Evacuees from Hurricanes Katrina and Rita. American Economic Journal: Applied
Economics, 4(1), 109–35.

Sathyendrakajan, N., Karunasena, G., & Wedikkara, C. (2012). Exploring Capacity of Con-
struction Industry Post Disaster Housing Reconstruction. Built-Environment Sri Lanka,
11(1), 2–6.

Seetharam, I. (2018). The Indirect Effects of Hurricanes: Evidence from Firm Internal
Networks. mimeo.

Strobl, E. (2011). The Economic Growth Impact of Hurricanes: Evidence from U.S. Coastal
Counties. The Review of Economics and Statistics, 93(2), 575–589.

Strobl, E. & Walsh, F. (2009). The Rebuilding Effects of Hurricanes: Evidence from Em-
ployment in the US Construction Industry. Economics bullettin, 29(4), 3059–3066.

Vu, T. B. & Noy, I. (2018). Natural Disasters and Firms in Vietnam. Pacific Economic
Review, 23(3), 426–452.

Yang, D. (2008). Coping with Disaster: The Impact of Hurricanes on International Financial
Flows, 1970-2002. The B.E. Journal of Economic Analysis and Policy, 8(2).

19



A Appendix

A.1 HURRECON model

The HURRECON model (see Boose et al., 1994, 2001, 2004) describes sustained wind velocity

at any point within a cyclone’s vortex using information on the track, size, intensity, and

cover type (land or water) of a hurricane. In the case of this paper, we use this model to

compute sustained wind velocity at each population-weighted county centroid:15

wch = F

[
Vh − S(1− sinT )

Vf
2

] [(
Rm

R

B

e1−[Rm
R ]

B
)]1/2

(5)

where F is a scaling parameter for the effect of friction set at 0.8, since all the point of

interest to us are situated on land (this parameter is usually set equal to 1 for points over

water and to 0.8 for points over land); Vh is the wind velocity at the eye at landmark h, which

we linearly interpolate from the best track data; S is a scaling parameter for the asymmetry

due to the forward motion of the storm, set to 1 (i.e. peak wind speed on the right side

minus peak wind speed on the left side equals the forward velocity of the hurricane – Vf ,

as defined in Boose et al., 2001); T is the clockwise angle between the forward path of the

hurricane and a radial line connecting the eye of the hurricane to the population-weighted

centroid of a county; Vf is the forward velocity of the hurricane, i.e. the speed at which the

hurricane is moving forward; Rm is the radius of maximum winds, obtained from the best

track data; R is the radial (or Euclidean) distance from the center of the hurricane to the

population-weighted centroid of a county; and B is a scaling parameter controlling for the

shape of the wind profile curve (usually included between 1.2 and 1.5, and set at 1.35).

The parameters of this equation, adapted from Holland’s equation for the cyclostrophic

wind (Holland, 1980), have been set following Boose et al. (2004) that parameterized and

validated the model for Puerto Rico.

15Velocity and wind direction are measured relative to the surface of the Earth, and angles are measured
in degrees.
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