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Abstract

We use confidential loan-level regulatory data to show that lending dynamics affect

employment responses to natural disasters at both the local and national level. Following

a disaster, bank credit contracts as perceived default risk increases. Lending volume and

terms tighten more for financially constrained firms, and counties with more ex-ante

constrained firms experience worse employment outcomes. Using a novel measure of

firms’ indirect exposure to disasters through undrawn bank credit lines, we show that

disasters propagate through the banking system. Disasters tighten credit access in

unaffected areas, even when controlling for firm-level credit demand, and reduce local

employment growth.
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1 Introduction

When a firm experiences a negative shock, pre-committed credit lines ensure access to

financing when external funding might otherwise be prohibitively expensive or unavailable

(Holmström and Tirole, 1998). While this can mitigate the real effects of the shock for the

directly affected borrower, it can also create spillovers, because a shock that pushes one firm

to draw down their credit lines can also crowd out lending to other borrowers (Greenwald

et al., 2025). For large banks with nationwide operations, this mechanism allows local shocks

to affect lending—and, ultimately, real activity—on the other side of the country. In this

paper, we build on recent work including Cortes and Strahan (2017), Brown et al. (2021),

and Ivanov et al. (2022) to study how financial frictions affect local recoveries following

natural disasters and how bank lending networks generate real and financial spillovers through

undrawn credit line commitments.

We study natural disasters because they impose tremendous financial burdens on affected

communities. The National Oceanic and Atmospheric Administration estimates that in

2024 alone the US experienced 27 distinct disasters that each caused at least one billion

dollars in direct property damage,1 and these estimates likely understate the full costs of a

disaster to the local economy (Strobl, 2011). Bank lending plays an important role in funding

these recovery efforts, particularly when the disasters simultaneously reduce revenues by

depressing local demand and destroying productive capital. All else equal, providing more

credit on better terms to firms in affected areas should mitigate the consequences of the

disaster on real outcomes like employment, and thus areas with more financially constrained

firms should experience worse employment outcomes. At the same time, because disasters

cause affected firms to draw down their credit lines, they can also force banks to adjust

lending in unaffected areas, which in turn could distort employment far from the disaster

site. Quantifying these mechanisms is crucial, not only for policymakers overseeing recovery

efforts, but for understanding how local shocks propagate through bank lending networks.

1For more details, see https://www.climate.gov/news-features/blogs/beyond-data/2024-active-

year-us-billion-dollar-weather-and-climate-disasters.
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Our analysis uses confidential loan-level regulatory data to show that firms’ access to

credit shapes employment dynamics following natural disasters both locally and nationally.

We first show that firms with direct exposure to a disaster obtain less credit at higher interest

rates, and that this credit contraction is more severe for small, risky, and private firms relative

to otherwise-similar firms exposed to the same disaster. We then show that areas with ex-ante

riskier firms experience worse employment outcomes following a disaster, suggesting that the

local employment response depends on the financial condition of local borrowers. Finally, we

show that even indirect exposure to disasters via banks’ undrawn credit lines can affect credit

and employment outcomes. Firms in non-disaster areas who borrow from banks with greater

disaster exposure experience a credit contraction relative to their peers who borrow from

less-exposed banks, and areas with a greater share of these firms experience economically

significant declines in employment. Our findings highlight an important tradeoff: While

channeling additional credit to disaster areas could help mitigate its immediate effects on local

labor markets, doing so could come at the cost of distorting credit supply and employment in

unaffected areas.

We begin by studying the firm-level consequences of disaster exposure. Following a

disaster, banks’ perceived probability of default for the average firm in a disaster-stricken

county rises by about 10 basis points, which represents more than 10 percent of its median

value in our sample. This increase in perceived risk is accompanied by a decline in lending

of about a half percent and a slight increase in interest rates. While disasters likely weigh

on both supply and demand for credit, the fact that this decline in lending is accompanied

by increases in interest rates and perceived borrower riskiness suggests that at least part

of the decline in lending results from a contraction in credit supply. Consistent with this

interpretation, we find that exposed firms also increase utilization of their pre-committed

revolving lines of credit following a disaster.

Next, we aggregate firm characteristics to the county level to argue that banks’ lending

responses matter for employment dynamics. Following a disaster, local employment declines

immediately before gradually recovering. Counties that go on to experience higher subsequent
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default rates or lower inflows of credit following a disaster tend to have worse ex-post

employment outcomes: A 1 standard deviation decrease in credit growth in the aftermath of

a disaster is associated with a 1 percent decrease in employment. While not causal, these

results provide suggestive evidence for a link between financial and employment outcomes.

To provide more direct evidence for this mechanism, we show that ex-ante constrained

firms experience worse financial outcomes following a disaster, and that areas with more of

these firms immediately prior to a disaster experience worse subsequent employment outcomes.

Firm lending displays striking heterogeneity across several dimensions—perceived riskiness,

public status, and size—all of which are commonly used as proxies of financial constraint in

the literature. Relative to small or private firms, large or public firms increase their total

borrowing by roughly 1 percent and their credit utilization rate by 2 percent while paying

about 5 fewer basis points in interest. In addition, in areas with higher average ex-ante firm

default risk, employment exhibits a larger decline and a slower recovery relative to counties

with less-risky firms. These results suggest that firms’ financial constraints affect their ability

to obtain credit following a disaster, which in turn matters for the disaster’s real effects.

However, because the banks in our sample operate across hundreds of counties, disaster-

induced changes in credit can also affect borrowers thousands of miles away. We find that

committed credit lines, which often sit unused but are frequently drawn down by exposed

firms following disasters, are a key driver of these spillovers. In this spirit, we construct a

novel measure of borrowers’ indirect disaster exposure based on their lenders’ committed-but-

undrawn credit lines to firms in other disaster-affected counties. We show that indirect disaster

exposure via undrawn credit lines has economically significant real effects: A 1 standard

deviation increase leads to a decline of almost 2 percent in employment. Crucially, when

we run a horse race between our measure of indirect lending exposure and an analogously

constructed measure based on banks’ deposit networks, we find that the lending network

drives all of the employment effects. These results suggest that large banks’ committed credit

lines—which, unlike many other measures of banks’ activity, are not directly observable in

publicly available data—play a key role in propagating local shocks.
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Finally, we provide evidence that these employment spillovers are driven in part by exposed

banks cutting back their lending to firms in unaffected areas. Indirect disaster exposure leads

to a reduction in lending volume and a modest increase in interest rates that mirrors the

direct effects of a disaster. When estimating regressions with firm-time fixed effects that

control for unobservable factors that affect credit demand, we find similar increases in interest

rates along with increased probabilities of firm-bank separations, suggesting that indirect

disaster exposure causes banks to lend less and charge higher interest rates relative to other

banks lending to the same firm.

Overall, our paper provides two key contributions. First, we provide direct evidence for

an intricate link between firms’ financial outcomes and local employment recoveries following

natural disasters. And second, we illustrate how local shocks can propagate throughout

bank lending networks to affect both real and financial outcomes in otherwise-unaffected

areas. Beyond natural disasters, our results emphasize the unique role of banks’ network

of committed credit lines relative to other measures of banks’ geographical footprint, and

provide a broader framework for studying how a range of local shocks can propagate through

bank lending networks to generate spillovers nationwide.

Related Literature. Our paper contributes to three strands of literature. The first

studies the role of credit lines, which provide firms with pre-committed capital and are

therefore an important tool for corporate liquidity management (Holmström and Tirole, 1998)

that banks are uniquely well-suited to provide (Kashyap et al., 2002). Our analysis builds

on several recent papers who use the Y-14Q data to show that firms draw down their credit

lines in response to adverse shocks. Brown et al. (2021) show that firms increase credit line

utilization following severe snowfall, while Greenwald et al. (2025) show that firms drew down

credit lines during COVID. Relative to these papers, we provide two major contributions.

First, we use county-level employment data to study how access to financing mitigates the

real effects of an adverse local shock, which builds on recent work showing how financial

frictions can affect employment outcomes (Chodorow-Reich, 2014). And second, we leverage

the rich borrower detail in the Y-14Q to study the role of credit lines in propagating local
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shocks through the banking system to areas with no direct exposure to the shock.

Second, we contribute to the literature analyzing how shocks propagate through the

banking system. Several recent papers also study this question using natural disasters. Cortes

and Strahan (2017) use mortgage origination data to show that increases in local lending

caused by natural disasters reduce banks' credit supply in una�ected areas. While consumer

mortgages come from one lender, the vast majority of lending in our sample of C&I loans


ows to �rms borrowing from multiple banks at once, which provides rich within-�rm-time

variation in lender exposure. We use this feature to trace out shocks through banks' lending

networks and study their real e�ects. Koetter et al. (2020) and Ivanov et al. (2022) also

study corporate lending spillovers in response to natural disasters in Germany and the US,

respectively. We build on these papers by studying the e�ects of both direct and indirect

disaster exposure on employment outcomes and emphasizing the role of credit lines in driving

these results. Our data include many small and private �rms and contain detailed borrower

characteristics, which allows us to more accurately map out banks' lending networks and

study how �rm characteristics a�ect shock propagation.

Finally, beyond the study of natural disasters speci�cally, we also build on the extensive

literature using exogenous sources of variation to analyze how shocks to one part of a banking

network a�ect lending in other parts (e.g. see Peek and Rosengren 1997, Peek and Rosengren

2000, and Schnabl 2012). Examples include shocks arising from commodities (Gilje et al.

2016, Wang 2021, Marsh et al. 2024, and Bidder et al. 2021), the 2007 global �nancial crisis

(see Bord et al. 2021, Ceterolli and Goldberg 2012, De Haas and Van Lelyveld 2014, and

Acharya and Schnabl 2010), or the COVID-19 pandemic (see Greenwald et al. 2025).

The remainder of the paper is structured as follows. Section 2 describes our data. Section 3

documents local �nancial and employment responses to natural disasters. Section 4 shows that

�rm-level lending outcomes depend on the �nancial constraints of �rms and that areas with

more ex-ante �nancially constrained �rms experience worse employment outcomes following

a disaster. Section 5 shows that disasters propagate through the banking system and distort

credit supply and employment in una�ected areas. Finally, Section 6 concludes.
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2 Data

Natural Disasters. We use FEMA disaster declarations to identify the timing and location

of natural disasters, choosing a sample period of 2015{2023 to align with available Y-14 data.

Our data consists of both disasters associated with an emergency declaration and disasters

that were declared a major disaster and hence received more aid than incidents in the former

group.2

The resulting sample of natural disasters covers the entire country. Figure 1 is a heat

map and documents the geographic distribution of disasters during the years 2015-2023.

Disasters are mostly concentrated in coastal regions, as well as the Midwestern states, while

the mountain region has been less a�ected. Due to the COVID-19 outbreak, almost every

county has been subject to at least one disaster.

Figure 1: Number of Disasters by County

Notes : The chart shows the number of FEMA disasters for each county between 2015-2023. Disasters include
both emergency declarations and major disaster declarations.

Table 1 provides a summary of the frequency and government support for various types of

disasters over the sample period. Government support comes from FEMA's Public Assistance

program, which provides funds to state and local governments to remove immediate threats

2For more details, seehttps://www.fema.gov/disaster/how-declared .
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and rebuild infrastructure, though these funds are not directed towards for-pro�t �rms.3

Storm events are the most common disaster type, followed byBiological disasters based

on the total number of incidents, thoughBiological disasters, which include the COVID-19

outbreak, a�ected more counties. The table also illustrates considerable variation in Public

Assistance as measured in total assistance divided by the total population in a�ected areas.

For example, the median assistance following a storm disaster is about $14 per person in

Public Assistance, whereas the 99th percentile is $579 per person. In our subsequent analysis,

we aggregate over all disasters. A further breakdown of disaster types by states and time is

available in Table A1 and Figure A1 in the Appendix.

Table 1: Disasters: Type and Public Assistance

Incident Type # Events # Counties Total Aid 25th Percentile 50th Percentile 75th Percentile 99th Percentile

Fire 297 473 6,210 0.9 10.4 75.2 1,875
Storm 291 5,590 24,408 4.5 14.2 32.8 579
Flood 121 1,886 5,184 7.9 22.4 49.2 668
Biological 81 3,528 76,990 19.4 63.3 122.2 359
Cold 39 997 984 3.6 6.7 15.8 306
Other 14 48 526 25.4 51.9 92.1 959

Notes: Column 2 counts the total number of disasters for each disaster category over the years 2015-2023.
Column 3 displays the number of counties that were a�ected by disasters of that type. Column 4 shows the
approved public assistance across all disaster events within a particular category (in millions of dollars). The
remaining columns display the 25th, 50th, 75th, and 99th percentile in the aid-per-person county distribution
for each disaster category (in dollars per person).

One potential complication when studying the e�ects of natural disasters on the real

economy through bank lending is the presence of disaster relief programs. However, we believe

that these programs are unlikely to materially a�ect our results. FEMA grants are directed

towards households or local authorities, and loans by the Small Business Administration are

only meant for businesses that cannot receive conventional �nancing at reasonable terms,

limiting their relevance for the �rms in our sample. While disaster insurance claims can also

help satisfy �rms' funding needs, they can take several months to pay out and generally will

not cover all expenses, making them imperfect substitutes for bank credit.4 Nonetheless, to

3The support from the program is therefore not a suitable proxy for losses/damages of �rms in our sample.
4A full distribution of large insurance claims can take several months (seehttps://www.philadelphiafed.
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the extent that these programs are at least partially able to satisfy �rms' �nancing needs

following a disaster, they suggest that our estimated e�ects on employment are conservative.

Y-14 Banks. Our primary data source for bank lending is the Y-14Q report. Data are

collected at a quarterly frequency and the respondent panel consists of U.S. BHCs, U.S. IHCs

of foreign banking organizations (FBOs), and covered SLHCs with $100 billion or more in

total consolidated assets. Speci�cally, we use the corporate loan schedule (Schedule H.1)

which contains loans with committed balances greater than or equal to $1 million. Table 2

reports descriptive statistics for the Y-14 banks at the bank-quarter level, and over the sample

period 2015-2023. The two rows provide a sense of coverage for the Y-14Q data. Reported

Y-14 loans, on average, account for nearly 90 percent of the total commercial and industrial

(C&I) lending for each bank. The average bank lends across 312 counties, suggesting the

typical Y-14 bank has a broad geographic presence.

Table 2: Bank-Quarter Summary Statistics

Object N Mean 5p 10p 50p 90p 95p

Y-14 Loan / Total C&I (%) 960 88.6 71.5 77.2 89.7 97.7 98.9
# Lending Counties 960 312 15 58 257 665 879

Notes : Column 2 shows the number of bank-quarter observations. Column 3 the mean of the corresponding
variable, and columns 4-8 the respective 5th, 10th, 50th, 90th and 95th percentile. Sample: 2015 Q1 - 2023
Q4.

Our �nal cleaned data set excludes the following loans: All loans to �rms in the �nance,

insurance, or real estate industries; any loan with a reported interest rate, probability of

default, or loss given default of less than zero or more than 100 percent; loans missing

a PD, origination date, or amount; loans below the minimum reporting threshold of $1

million; and loans for which the utilized amount exceeds the committed amount. After these

cleaning procedures, we collapse the data to the �rm-level using either a sum or loan-volume

weighted average based on each loan's reported obligor TIN/EIN. For several exercises, we

also construct �rm-bank level and county-level datasets following the same conventions.

org/-/media/frbp/assets/economy/briefs/timing-of-flood-insurance-payments.pdf ). Insurance
coverage is also often limited; for example, FEMA's National Flood Insurance Program (NFIP) only insures
up to 1 million dollars.

8



Table 3 provides �rm-level descriptive statistics for corporate loans in the Y-14Q report

over the sample period 2015-2023. The average total outstanding loan commitment to a �rm

across all banks in our sample in each quarter is $67 million. Of the �rms in our sample,

the majority of corporate loans are revolving, meaning that borrowers have discretion over

when they draw down their funds. Thus, not only do Y-14 loans serve as a source of capital

�nancing for �rms, but they can also insure �rms against negative shocks to their cash
ow.

The average �rm with revolving credit utilizes 34.7 percent of their total committed amount.

Table 3: Y-14 Firm-Quarter Summary Statistics

Object N Mean 5p 10p 50p 90p 95p

Total Loan Commitments ($mil) 1.1m 67.0 1.0 1.1 4.5 94.7 224.8
Share of Revolving Loans (%) 1.1m 57.2 0 0 98.8 100 100
Revolving Utilization Rate (%) 719k 34.7 0 0 22.4 100 100
Firm Assets ($mil) 948k 1,583 1.83 3.27 29.5 1,604 5,319
Firm Sales ($mil) 947k 1,095 1.83 7.1 52.7 1,318 3,811
Public Firm Indicator 1.1m 0.08 0 0 0 0 1
Probability of Default (%) 1.1m 3.23 0.12 0.19 0.94 5.8 12.1
Loss Given Default (%) 1.1m 34 5.0 11.6 34.3 54.3 60.5
Interest Rate (%) 889k 4.5 1.75 2.19 4.08 7.49 8.5

Notes : Column 2 shows the number of �rm-quarter observations. Column 3 the mean of the corresponding
variable, and columns 4-8 the respective 5th, 10th, 50th, 90th and 95th percentile. Committed loan amounts,
�rm assets and �rm sales are reported in millions of dollars. Loss Given Default is reported as a percentage
of the bank's exposure. Sample: 2015 Q1 - 2023 Q4.

The median values of assets and sales for �rms in our sample are roughly $30 million

and $50 million, respectively. These are both much smaller than the corresponding values

from Compustat, largely because more than 90 percent of the �rms in our data are not

publicly traded. This enhanced coverage of small and privately held �rms makes the Y-14

data uniquely well suited to analyzing how the real e�ects of natural disasters depend on

�rms' �nancial constraints. The inclusion of these small and private �rms, who are distributed

far more evenly across counties than public �rms, is also what enables us to comprehensively

map each bank's lending network.

In addition to borrower and loan characteristics, we also observe banks' internal risk

assessments for each loan, including an estimated a default probability for each borrower.

Aggregating to the �rm level, the average probability of default is 3.2 percent with a median
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of 0.9 percent. Banks hedge their exposure to these potential losses through the use of loan

seniority and/or collateral, which are re
ected in their estimated losses given default (LGD).

LGD averages 34 percent in our sample but climbs to more than 60 percent in the 95th

percentile.

Real Activity. We use data from the Quarterly Census of Employment and Wages (QCEW)

for employment in each county. Due to the smaller population size of some counties, we focus

on total private nonfarm employment.

3 Direct Disaster E�ects

This section examines the direct local e�ects of natural disasters. We �rst show that the

average �rm exposed to a disaster experiences higher probabilities of default and that they

obtain less credit and pay higher interest rates in the following years. To partially o�set

this e�ect, eligible �rms draw down pre-committed credit lines. We then document a strong

correlation between �nancial outcomes and employment in the aftermath of a disaster.

3.1 Firm-Level Disaster Responses

We begin by estimating average �rm-level e�ects of disaster exposure based on the following

local projection (Jord�a, 2005):

yi;t � h � � hyi;t � 1 � 
 hD i;c;t � � h
i � � h

t � � h
i;t � h; (1)

whereyi;t � h is the h-quarter ahead realization of variabley for �rm i . � i and � t are �rm and

time �xed e�ects, respectively. The �rm �xed e�ect absorbs time-invariant �rm characteristics,

including the greater disaster risk in areas prone to more frequent disasters. The time �xed

e�ect accounts for national trends. We include one lag of the dependent variable to control for

conditions prior to the disaster and only include �rms with at least 12 quarterly observations

during our sample period (2015Q1 - 2023Q4) to precisely estimate� i . The primary coe�cient

of interest is 
 h, which represents theh-quarter ahead e�ect of a binary indicator D i;c;t
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equal to one if a disaster occurred in �rmi 's county c at time t (and zero otherwise).5 This

regression tracks the same �rmi over time starting at t � 1. The coe�cient of interest 
 h

is therefore una�ected by �rm entry following the disaster, but may include di�erent sets

of �rms at each horizon depending on which ones survive. Standard errors are clustered by

county. The results are shown below in Figure 2.

Figure 2: Lending, Interest Rates, and Default Risk

(a) Probability of Default (pp) (b) Interest Rate (pp)

(c) Total Lending Volume (%) (d) Revolving utilization rate (pp)

Notes: These �gures plot estimates of
 h from equation (1), which is estimated using a �rm-quarter panel,
and display the e�ect on the �rm-level �nancial outcome shown above in response to a natural disaster
(measured by the binary indicatorD i;c;t ) at t � 0. Shaded areas indicate 95 percent con�dence intervals
calculated using standard errors clustered by county. Sample: 2015 Q1 - 2023 Q4.

The top-left panel shows that banks increase their perceived probability of default (PD)

5We assign each �rm to the county in which it had the highest total committed loan volume across all
loans in our sample for purposes of �xed e�ects and clustering. For the small number of �rms with loans
from multiple counties in a quarter, we calculate D i;c;t as a loan volume-weighted average across all reported
counties, though our results are virtually identical if we instead use the disaster indicator for their primary
county.
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for exposed borrowers by around 10 basis points following a disaster. This is an economically

signi�cant e�ect given that the median PD in our sample is less than 1 percent. Consistent

with higher perceived riskiness, the top-right panel shows that borrowers in a�ected areas

experience a small but statistically signi�cant increases of roughly 2 basis points on their

average interest rates. This increase in expenses is also accompanied by a reduction in lending:

Following the disaster, �rms' total committed lending exposure (bottom-left panel) declines by

around 0.5 percent, which would imply a contraction in lending of more than $330 thousand

for the average �rm.

Firms can partially mitigate a credit contraction by drawing down pre-existing credit

lines. The bottom-right panel shows that �rms respond by increasing their revolving credit

utilization rate by more than 30 basis points, which represents roughly $110k for the average

�rm in our sample. While not su�cient to fully o�set the loss in committed credit shown

in the bottom-left panel, these results suggest that �rms with access to credit lines|which,

as Greenwald et al. (2025) show, tend to exhibit the fewest symptoms of being �nancially

constrained|have greater �nancial 
exibility in responding to shocks. On this front, our

results are consistent with the �ndings of Brown et al. (2021), who show that �rms draw down

credit lines in response to contractionary demand shocks caused by severe snowfall. However,

many of the disasters in our sample also cause much greater economic damages|and thus

have a larger e�ect on banks' willingness to supply credit|than snowfall. This is consistent

with our �nding that �rms' drawdowns are accompanied by less-favorable risk assessments,

higher interest rates, and lower lending volumes.

We examine additional variables in Figure A2 in the appendix. There we show that

disasters also lead to higher anticipated losses conditional on default, higher expected losses,

a higher default rate, and higher �rm exit rates. In the next section, we show that �rms'

�nancial responses have important implications for the real e�ects of disasters.
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3.2 County-Level Disaster Responses

In this section, we �rst show that employment in counties exposed to natural disasters declines

immediately before gradually recovering. We then document a strong ex-post correlation

between real and �nancial outcomes in the disaster's aftermath, providing suggestive evidence

for the importance of �nancial frictions in driving the pace of local recoveries. To study the

average e�ect of a disaster on employment, we estimate the following regression:

yc;t� h �
4¸

j � 1

� h
j yc;t� j � 
 hDc;t � � h

c � � h
t � � c;t� h: (2)

The dependent variableyc;t� h is the h-quarter ahead realization of total nonfarm employment

in logs for countyc. The independent variable of interest is the binary disaster indicatorDc;t ,

which is equal to one if countyc experiences a disaster at timet. Relative to the previous

�rm-level regression, this speci�cation aggregates all �rms operating in countyc in a quarter

and therefore also captures �rm entry. We add county �xed e�ects� c and time �xed e�ects � t .

As before, the time �xed e�ects absorb aggregate trends, while the county �xed e�ects absorb

persistent county-speci�c characteristics like average disaster exposure. We also include four

lags of the dependent variable to account for trends in local employment prior to the disaster.

To preserve aggregation, estimates are weighted by employment att � 1. As in the previous

section, we cluster standard errors by county. The coe�cient of interest is
 h, which shows

the e�ect of a disaster on employment at the county level afterh periods and is plotted below

in Figure 3.

Following a disaster, employment brie
y declines by about 0.2 percent before steadily

growing over the following two years. This is qualitatively consistent with Roth Tran and

Wilson (2025), who also aggregate across many disaster types.6 One natural explanation

for this \overshooting" phenomenon is that an increase in employment can help to at least

partially rebuild the capital stock destroyed by the disaster, an idea which is supported by

the �ndings of Roth Tran and Wilson (2025) that much of the employment recovery is driven

6Past work focusing exclusively on hurricanes, including Deryugina (2017) and Jerch et al. (2023), �nds
more persistently negative e�ects on aggregate employment.
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Figure 3: Employment Response to a Disaster

Notes : This �gure plots estimates of 
 h from equation (2), which is estimated using a county-quarter panel,
and displays the cumulative percent change in county-level employment after a natural disaster (measured by
the binary indicator D c;t ) at t � 0. Shaded areas indicate 95 percent con�dence intervals calculated using
standard errors clustered by county. Sample: 2015 Q1 - 2023 Q4.

by the construction sector.7

Next, we provide some suggestive evidence that theex-post response of �nancial variables

shapes a county's disaster response. Our approach seeks to understand whether counties

that fare relatively better �nancially in the wake of a disaster are also, on average, the same

counties that fare relatively better in terms of their employment outcomes. Because both

employment and �nancial conditions are likely to respond to a range of unobservable shocks,

including the scale of damage caused by the disaster, we emphasize that such a relationship

need not be causal. Nonetheless, understanding the unconditional correlations between real

and �nancial outcomes following a disaster is useful for understanding how �nancial frictions

drive recoveries. To test this mechanism, we estimate the following county-level regression:

� hyc;tpdq � 
 h � hxc;tpdq � � c;tpdq� h; (3)

where h refers to the horizon (in quarters) after a disasterd at time t. � hyc;tpdq is the

7Crucially, these results do not imply that disasters are bene�cial on net, particularly when they lead to
destruction of the capital stock.
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cumulative change in log employment during the �rsth quarters after the disaster attpdq in

county c. We use the notationtpdq to emphasize that we, for this exercise only, zoom in on

data in the immediate aftermath of a diaster. The counterfactual is hence not the absence of

a disaster, but a disaster with a di�erent response of some �nancial variablex.

For the independent variablex, we aggregate two Y-14 variables to the county level:

banks' loan volume-weighted average probability of default (PD), and total committed loan

volume in logs. � hxc;tpdq is then de�ned as the cumulative change inx during the �rst

h quarters after a disaster. We standardize the independent variable for comparison and

estimate this regression separately for eachh, weight estimates by employment in the period

prior to a disaster, and report heteroskedastic-robust standard errors. Becausexc;tpdq is itself

endogenous, we reiterate that
 h cannot be interpreted in a causal sense; instead, it simply

captures whether counties with better ex-post �nancial outcomes are, on average, the same

ones with better ex-post employment outcomes.

Figure 4: Employment and Financial Outcomes after the Disaster

(a) Probability of Default (b) Total Lending Volume

Notes: These �gures plot 
 h from equation (3), which is estimated using a county-quarter panel, and show
the relationship between the standardized cumulative change in banks' estimated probability of default (left
panel) or the standardized cumulative growth in total committed lending volume (right panel) betweent � 0
and t � h on cumulative employment growth betweent � 0 and t � h. Shaded areas indicate 95 percent
heteroskedastic-robust con�dence intervals. Sample: 2015 Q1 - 2023 Q4.

The left panel of Figure 4 shows that disasters which cause banks to become more

pessimistic in their risk assessments also unsurprisingly lead to lower employment: A one

standard deviation increase in borrowers' perceived probability of defaultafter a disaster leads

15



to an additional decline of roughly 1.5 percent in employment. In contrast, the right panel

shows that areas which subsequently receive more credit tend to have better employment

outcomes: A one standard deviation increase in ex-post loan growth is associated with

an additional 1 percent increase in employment. On their own, these results cannot tell

us whether lower perceived risk or higher lending volumes were the causes of the increase

in employment, the consequences, or simply the joint result of a shock a�ecting both

simultaneously. Nonetheless, to the extent that some �rms will be better positioned to obtain

�nancing in the aftermath of a disaster than others, these �ndings suggest that greaterex-ante

�nancial 
exibility may help mitigate the negative employment e�ects of a disaster. We

provide evidence supporting this hypothesis in the next section.

4 Financial Heterogeneity and Employment Dynamics

To study how �rm �nancial constraints a�ect local employment responses to disasters, we

�rst show in Section 4.1 that �rms more likely to be �nancially constrained ex-ante go on

to obtain fewer loans and pay higher interest rates than their unconstrained counterparts

following a disaster. Crucially, because these regressions include county-time �xed e�ects,

they allow us to identify the di�erence in responses to constrained versus unconstrained

�rms exposed to the exact same disaster. In Section 4.2, we show that areas with more

ex-ante �nancially constrained �rms experience worse employment outcomes following natural

disasters, suggesting that these results survive aggregation.

4.1 Firm Financial Heterogeneity

To test whether �nancial frictions generate �rm-level heterogeneity in disaster responses, we

estimate the following state-dependent regression:

yi;t � h � Si;t � 1

�
� h

s� 1yi;t � 1 � 
 h
s� 1D i;c;t

�
� p 1� Si;t � 1q

�
� h

s� 0yi;t � 1 � 
 h
s� 0D i;c;t

�
� � h

i � � h
c;t � � i;t � h:

(4)
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Relative to equation(1), this speci�cation adds two features. First, a binary state variable

Si;t � 1 allows us to test for heterogeneity in �rm-level disaster responses. Second, county-time

�xed e�ects � c;t absorb the average e�ect of a disaster common to all �rms in the county and

allow us to estimate whether �rms with di�erent values of Si;t � 1 respond di�erently to the

exact same disaster at the exact same time. We restrict the sample to �rms observed in at

least 12 quarters and to county-quarters with at least 10 �rms to precisely estimate� i and

� c;t . The primary object of interest is the di�erence between
 h
s� 1 and 
 h

s� 0, which captures

the di�erential e�ect of the samedisaster for a �rm with Si;t � 1 � 1 relative to Si;t � 1 � 0.

Crucially, Si;t � 1 is always measured in the quarterbefore the disaster strikes to avoid reverse

causality. As before, we cluster standard errors by county. In Figure 5 below, we report the

responses of loan volume, interest rates and credit utilization.

We consider three di�erent measures of �nancial constraint forSi;t � 1. In the top row,

Si;t � 1 is an indicator equal to 1 if a �rms' loan volume-weighted average probability of

default (PD) was below the median across all �rms in that quarter. This measure serves as

our baseline indicator of �nancial constraint for two reasons. First, it is a much stronger

predictor of loan performance than other �rm characteristics in practice (Howes and Weitzner,

forthcoming), and is thus highly relevant for banks' credit allocation decisions. And second,

it maps directly to theoretical measures of �nancial constraint in the class of macro models

that de�ne �nancial constraint by distance to default, including Bernanke et al. (1999) and

Ottonello and Winberry (2020). For comparison, the middle and bottom rows report results

from speci�cations in which Si;t � 1 is de�ned based on whether a �rm had assets above the

median across all borrowers in that quarter (middle row) or was publicly traded (bottom

row). In each of these speci�cations, a value ofSi;t � 1 � 1 represents a �rm that is less likely

to be �nancially constrained.

Following a disaster, the left panels show that total committed loan volume increases by

about 0.5 percent for �rms with below-median default risk and about 1 percent for �rms

with above-median assets, relative to �rms with above-median default risk or below-median

assets. Both e�ects are statistically and economically signi�cant, considering that lending in
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Figure 5: Lending Terms and Borrower Characteristics

(a) Low-Risk versus High-Risk Firms

Total Lending Volume (%) Revolving Utilization Rate (pp) Interest Rate (pp)

(b) Large versus Small Firms

Total Lending Volume (%) Revolving Utilization Rate (pp) Interest rate (pp)

(c) Public versus Private Firms

Total Lending Volume (%) Revolving Utilization Rate (pp) Interest Rate (pp)

Notes: These �gures plot the di�erence between
 h
s� 1 and 
 h

s� 0 from equation (4), which is estimated using a
�rm-quarter panel, and measure how the impact of a natural disaster att � 0 on total �rm-level committed
credit (left panels), revolving credit utilization rates (middle panels), and interest rates (right panels) vary
across �rms with di�erent values of the state variable Si;t � 1. In the top row, Si;t � 1 is an indicator equal to
one if a �rm's loan volume-weighted average PD was below the median across all �rms in a quarter. In the
middle row, Si;t � 1 is an indicator equal to one if a �rm's reported assets were above the median across all
�rms in a quarter. In the bottom row, Si;t � 1 is an indicator equal to one if a �rm is publicly traded. Shaded
areas indicate 95 percent con�dence intervals calculated using standard errors clustered by county. Sample:
2015 Q1 - 2023 Q4.

response to a disaster contracts by about 0.5 percent on average as shown previously. The

point estimates are similar for public �rms, though these estimates are much noisier. In

18



addition to obtaining more total credit, the middle panel shows that unconstrained �rms also

increase their use of revolving credit across all three constraint measures, with utilization

rates rising by around 0.5pp for low-risk �rms and 2pp for large and public �rms. These

results suggest that unconstrained �rms increase their borrowing and utilize more of their

pre-existing lines of credit relative to constrained �rms following the disaster.

Despite this increase in credit, the right panel shows that unconstrained �rms simultane-

ously experience a decline in their average interest rate relative to constrained �rms. These

e�ects are statistically signi�cant across all three measures, though the di�erence of 5 basis

points is economically small. Nonetheless, the fact that these �rms paylower interest rates

despite increasing their borrowing relative to constrained borrowers is consistent with the idea

that banks shift credit from constrained to unconstrained borrowers following disasters. While

we cannot rule out the possibility that these e�ects may be driven in part by changes in credit

demand for �nancially unconstrained �rms relative to constrained �rms, these estimates come

from speci�cations that employ county-time �xed e�ects, and thus compare �rms exposed to

the exact same disaster at the exact same time. Hence, to the extent that the changes in

credit demand due to a disaster were common across all exposed �rms, this mechanism could

not explain our results. We next analyze the real e�ects of this �nancial heterogeneity.

4.2 Financial Constraints and Employment Outcomes

The previous section showed that unconstrained �rms obtain more and cheaper credit relative

to constrained �rms following a disaster. To the extent that this in
ux of credit allows

exposed �rms to avoid reducing output or employment in the disaster's aftermath, areas

in which �rms display more signs of being �nancially constrained should experience some

combination of deeper initial declines and slower subsequent recoveries in employment. To

test this hypothesis, we estimate the e�ect of pre-existing �nancial conditions on employment

after a natural disaster at the county level:

yc;t� h � Sc;t� 1

�
� h

s� 1Yc;t� � 
 h
s� 1Dc;t

�
�p 1� Sc;t� 1q

�
� h

s� 0Yc;t� � 
 h
s� 0Dc;t

�
� � h

c � � h
t � � c;t� h: (5)
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The key di�erence relative to equation(2) is the inclusion of a binary county-level indicator

Sc;t� 1 that re
ects whether an underlying indicator of �nancial constraint is high or low in

county c in the quarter prior to the disaster. The �nancial variables are aggregated sums or

loan-weighted averages from the loan-level Y-14 data. The remaining setup, including controls,

�xed e�ects, and standard errors is identical to the baseline equation(2). In particular, we

summarized the four lags of the dependent variable into a vectorYc;t� . The primary objects

of interest are the coe�cients 
 h
s� 1 and 
 h

s� 0, which capture the employment response for

a county with a low or high ex-ante share of �nancially constrained �rms. Because this

regression is estimated at the county level, and because we include county and time �xed

e�ects, the coe�cients are identi�ed based on variation in �rms' average �nancial conditions

within a county over time.

Figure 6 plots the results whenSc;t� 1 is an indicator equal to 1 if the average volume-

weighted probability of default for �rms in a county was below the median across all counties

in that quarter, which is the same measure reported in the top row of Figure 5. In response

to a disaster, employment in counties with ex-ante riskier �rms (blue) declines by roughly 0.5

percent in the �rst year following a disaster before gradually rebounding. In counties with

less-risky �rms (red), employment declines by almost the same magnitude on impact, but

recovers almost immediately. These results show that ex-ante measures of �nancial constraint

play an important role in determining the severity of a disaster's impact on local employment.

For this exercise, we focus on a PD-based measure of �nancial constraint because, in

addition to their use as a crucial input to banks' lending decisions and their close link to

theoretical measures of �nancial constraint, banks' estimated probabilities of default have

the added bene�t of displaying far more geographical variation than the other constraint

measures reported in Figure 5. While almost 80 percent of counties in our sample have at

least one quarter each with above- and below-median borrower default risk, this number

drops to 40 percent for borrower assets, and less than one-third of counties ever report having

any publicly traded �rms. In Figure A3 in the appendix, we report similar results using

alternative measures of �rm-level �nancial constraints that display meaningful geographic
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Figure 6: Employment Response: High-Risk versus Low-Risk Firms

Notes: This �gure plots 
 h
s� 1 and 
 h

s� 0 from equation (5), which is estimated using a county-quarter panel,
and measures the impact of a natural disaster att � 0 on total county-level employment depending on whether
the loan volume-weighted average probability of default for �rms in a given county was below (red) or above
(blue) the median across all counties at timet � 1. Shaded areas indicate 95 percent con�dence intervals
calculated using standard errors clustered by county. Sample: 2015 Q1 - 2023 Q4.

variation, including the �rms' average interest rates and banks' estimates of �rms loss given

default, both of which should be higher for more �nancially constrained �rms.

To summarize, this section shows that �rm-level �nancial constraints matter for employ-

ment dynamics following natural disasters. In
ows of credit to disaster-stricken counties

through less �nancially constrained �rms may help stimulate labor market recoveries in

directly a�ected areas. However, to the extent that this redirects credit that would under

normal circumstances go to other areas, such in
ows may also have negative consequences for

labor markets elsewhere. We test for these spillovers in the next section.

5 Spillovers

In this section, we show that disasters in one area propagate through the banking system

and a�ect lending and employment outcomes in areas without any direct disaster exposure.
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This approach builds on past work such as Cortes and Strahan (2017), Gilje et al. (2016),

Wang (2021) and Ivanov et al. (2022) in documenting bank spillovers froma�ected markets

to una�ected markets. By emphasizing the importance of banks' committed (but undrawn)

credit lines as a crucial transmission vector for these shocks, we also complement past work

showing that credit line drawdowns for some �rms can a�ect bank lending for others, including

Ivashina and Scharfstein (2010), Chodorow-Reich (2014), and Greenwald et al. (2025).

We begin by providing descriptive statistics on banks' disaster exposure in Section 5.1.

Next, in Section 5.2, we show that �rms' indirect exposure to natural disasters through

undrawn credit lines causes statistically and economically signi�cant declines in local employ-

ment, and that these patterns are consistent with the response of �rms' �nancial outcomes.

5.1 Bank Disaster Exposure

Relative to other US datasets, the Y-14Q data are uniquely well suited to constructing

measures of bank exposure to natural disasters for two reasons. First, the banks in our

sample operate expansive branch and loan networks that span many geographic markets;

as Table 2 highlighted, the average bank lends to 312 counties per quarter. The inclusion

of small and private �rms allows us to capture the geography of bank lending relationships

in greater detail than datasets that rely on large or publicly traded �rms. The inclusion of

these borrowers is crucial given that many disasters do not a�ect areas with publicly traded

�rms; as we showed in Table 3, more than 90 percent of the �rms in our sample are private,

and most counties have zero public �rms that receive loans. Second, the Y-14Q data include

information about both committed and utilized revolving credit, which allows us to construct

measures of exposure based on undrawn credit that are not captured in public datasets like

DealScan.

To quantify whether a banks' exposure to a natural disaster in one area could distort

lending in many others, we begin by constructing a loan-weighted measure of a bank's

exposure to natural disasters via undrawn credit linesEb;t:
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Eb;t � 100�
°

c Uc;b;t� 1Dc;t°
c L c;b;t� 1

: (6)

As before, Dc;t is a binary disaster indicator. L c;b;t� 1 is the volume of total committed

exposure, andUc;b;t� 1 is the volume of total undrawn revolving credit, from bankb in county

c. We lag both of these measures by one quarter to mitigate endogeneity concerns given

that both the numerator and denominator respond to disasters (see Figure 2). Exposure

ranges betweenr0; 100spercent, with a value of 100 implying that all committed lending from

bank b at time t � 1 consisted of unused revolving credit lines to �rms in counties that were

subject to a disaster at timet. Figure 7 plots the average bank exposure over time along

with the 10th and 90th percentiles. Average exposure hovers between zero and 20 percent in

most quarters, with a notable spike during COVID-19. This �gure also illustrates meaningful

dispersion in disaster exposure across banks at each point in time, with about 7.4 percentage

points on average separating the 10th and 90th percentiles.

Figure 7: Bank Exposure to Natural Disasters

Notes : The plot shows the average bank-level exposure to natural disasters as de�ned in equation(6) over
time along with the 10th and 90th percentile of the cross-section quarter. Sample: 2015 Q1 - 2023 Q4.

We measure disaster exposure via undrawn revolving credit because, in contrast to term

loans or previously drawn credit lines, banks typically cannot adjust the quantity or terms of

previously committed credit lines. Following an adverse shock, a �rm who obtained such a
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commitment during good times may thus be able to borrow even if they otherwise might not

be able to obtain a new loan. The corollary of this insurance e�ect is that such drawdowns

can force banks to commit additional capital precisely when they would otherwise be most

hesitant to do so, which could crowd out borrowers elsewhere. As shown in Figure 2, �rms

exposed to disasters respond by drawing down on their credit lines, even as total lending

volumes decline; this supports the �ndings of Brown et al. (2021), who use the same data to

show that �rms draw down credit in response to adverse weather shocks. This result is also

consistent with Greenwald et al. (2025), who show that credit lines serve as an important

source of insurance for large �rms, but that these drawdowns disproportionately crowd out

lending to smaller and more �nancially �rms without access to credit lines.

Beyond credit lines, other types of lending could also generate spillovers if disasters caused

banks to substantially revise their assessments. However, because the capital for term loans

has already been distributed at the time of the disaster, the e�ect on a bank's balance

sheet is likely to be smaller than if they are forced to provide a large in
ux of additional

credit through pre-committed credit lines. Consistent with this idea, we �nd qualitatively

similar|though quantitatively smaller|results when we measure banks' disaster exposure

using total committed exposure in the Appendix.8

To study the spillover e�ects of disaster exposure for �rms in una�ected areas, we build

a measure of purelyindirect disaster exposure by excluding countyc. We construct this

indirect disaster measure as follows:

E � c
b;t � 100�

°
j � c Uj;b;t � 1D j;t
°

j � c L j;b;t � 1
: (7)

Relative to our measure of total bank-level exposureEb;t de�ned in equation (6), the measure

in equation (7) excludes countyc from the calculation and therefore captures the indirect

disaster exposure of a �rm borrowing from bankb in county c. We create two variants of this

8For this alternative measure, we calculate the exposure of a bank as100�
°

c L c;b;t � 1 D c;t°
c L c;b;t � 1

. Based on this
committed credit exposure we then calculate indirect disaster exposure measures analogous to equations(7) -
(9). Figures A4 - A6 provide details.
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measure for subsequent use:E � c
i;t is the average indirect disaster exposure (weighted by total

borrowing) from the perspective of �rm i operating in county c across all of its lendersb:

E � c
i;t �

°
b L i;b;t � 1E � c

b;t°
b L i;b;t � 1

: (8)

Similarly, E � c
c;t is the indirect disaster exposure from the perspective of countyc, calculated

as the total loan volume-weighted indirect disaster exposure of all �rms in countyc:

E � c
c;t �

°
i Pc L i;t � 1E � c

i;t°
i Pc L i;t � 1

: (9)

Table 4 reports descriptive statistics for the indirect disaster exposure. Indirect exposure

averages around six percent|meaning that, for every $1 of total committed exposure in a

given quarter, a bank has roughly 6 cents of committed-but-undrawn credit outstanding to

�rms in areas experiencing a natural disaster|but varies considerably over time: the indirect

exposure at the 10th percentile is almost 10pp lower than at the 90th percentile.

Table 4: Indirect Exposure: Summary Statistics

Level N Mean SD 5p 10p 50p 90p 95p

Firm-Quarter (E � c
i;t ) 1.1m 6.0 9.5 0.4 0.7 2.6 12.4 19.3

County-Quarter (E � c
c;t ) 60.3k 5.9 9.1 0.5 0.8 2.9 11.8 17.3

Notes : This table shows summary statistics for indirect exposure measures at the �rm-quarter and county-
quarter levels. Firm-quarter exposure is de�ned in equation(8) and county-quarter exposure is de�ned in
equation (9).

In Figure 8, we plotE � c
c;t across the US in the �rst and fourth quarter of 2017 for illustration.

The maroon counties are those that directly experienced a disaster. The remaining counties

are shaded from blue (low indirect exposure) to orange (high indirect exposure), both of

which are relative to the average across all county-quarters in the sample. Gray counties are

those with no observed Y-14 borrowers in that quarter.

These �gures show two important properties of our indirect exposure metric. First,

indirect exposure varies substantially over time: 36.8% of counties in the Y-14Q data had a

high indirect exposure in 2017Q1, as disasters were concentrated in markets with substantial
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