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Abstract

This paper examines the impact of severe natural disasters on the US corporate
credit market, highlighting the different responses to short-term versus long-term
disasters. Using Jorda local projections, our analysis shows that short-term disasters,
such as severe storms and tropical cyclones, increase the probability of corporate
defaults without causing significant financial tightening by institutional investors. In
contrast, long-term disasters, such as droughts and wildfires, lead to increased cor-
porate default risks and financial tightening. This difference in investor reactions can
be attributed to the greater uncertainty about the financial health of firms caused by
long-term disasters compared to short-term disasters. The damage from long-term
disasters is spread over time and can last for years, making them less adequately
covered by insurance and less likely to receive timely government aid than short-
term hazards. These findings underscore the need for comprehensive insurance
products for long-term catastrophes and increased government support for long-term
recovery efforts.
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1 Introduction

Climate change poses an unprecedented threat to our world, with far-reaching
consequences across various economic sectors. As global temperatures rise and
weather patterns become more erratic, the frequency and intensity of natural
disasters are expected to increase (IPCC, 2021). Understanding the economic
impacts of these disasters is key to developing effective policy responses. While
substantial research has focused on the transition risks associated with the transi-
tion from a high-emissions world to a low-carbon society (Battiston et al., 2017,
for instance), fewer studies have examined physical risks. Physical risks refer
to the potential loss of financial asset value due to climate- and weather-related
events, such as natural disasters (Aglietta & Espagne, 2016).

Natural disasters, such as severe storms, tropical cyclones, droughts or wild-
fires, can have a devastating effect on households and businesses, leading to asset
destruction, business disruption and significant financial losses (Batten et al.,
2016). These events not only disrupt the financial health of the affected entities
but also spread to financial markets (ibid). However, these effects are often stud-
ied by looking at natural disasters collectively (Ivanov et al., 2022) or by focusing
on specific events, such as the 2005 hurricane season (Chavaz, 2016), without
distinguishing between different types of disasters.

To the best of our knowledge, no study has investigated how the response of
the corporate credit market differs according to the type of natural disaster, in
particular between long-term and short-term disasters. This distinction is impor-
tant because different disasters have different patterns and characteristics that
are unlikely to have the same impact on credit markets. For example, tropical
cyclones cause significant immediate destruction of assets, leading to severe
business disruption and financial difficulties (SBCS, 2018). In contrast, droughts
cause less immediate damage but have a substantial financial impact on agricul-
tural activity and create high levels of uncertainty for local economies (Rippey,
2015).

Therefore, to properly assess the physical risks inherent in the US corporate
credit market, it is crucial to determine whether different types of natural disas-
ters present varying levels of credit risk. This paper aims to fill this gap. By using
Jorda local projections, we examine the impact of both short-term disasters, such
as severe storms and tropical cyclones, and long-term disasters, such as droughts
and wildfires, on US corporate credit spreads. Our study period spans from Janu-
ary 1990 to December 2019. Our results suggest that short-term disasters increase
the probability of corporate defaults, but do not lead to significant financial tight-
ening by institutional investors. In contrast, long-term catastrophes are associated
with increased corporate default risk and tighter financial conditions.

Several mechanisms can explain this difference in institutional investor
response. Short-term disasters, such as severe storms and tropical cyclones, have
shorter durations and recovery periods than long-term disasters. Short-term dis-
asters last from a few hours to a few days, with a recovery process that usually
starts immediately after the disaster and can last from months to a few years
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(Kates et al., 2006). In contrast, long-term disasters such as droughts and wild-
fires can last for months, with underlying damage spreading over time, resulting
in a prolonged recovery process that can last from years to decades. For exam-
ple, after a severe drought, there are long-lasting negative effects on soil qual-
ity, which adversely affect crop productivity and require large investments in soil
restoration. These disasters also cause long-term damage to water resources and
lead to significant environmental degradation. It can take decades to restore bio-
diversity to pre-disaster levels (Clark et al., 2016).

Given the high level of uncertainty surrounding long-term disasters, they often
benefit from less insurance coverage and less government assistance than short-term
disasters. The insurance industry has developed comprehensive products for short-
term events such as windstorms and floods, but few products are designed to protect
against long-term losses. This disparity is well illustrated by the SwissRe Institute’s
2024 report. The report shows that over the past 40 years, the global share of insured
losses has been around 37% for tropical cyclones, 28% for severe storms, just 4%
for wildfires and only 1.5% for droughts. The same applies to US federal disaster
programmes. The Federal Emergency Management Agency (FEMA) provides most
individual and public assistance when a disaster is declared a "major disaster". How-
ever, to be declared as such, the disaster must be designated as a "major disaster" by
the President and exceed the capacity of state and local governments to address it
FEMA (2011). Therefore, by design, short-term disasters are far more likely to ben-
efit from this federal assistance than long-term disasters. Since 1980, only the 1998
drought, the most damaging drought in US history (NCEI, 2021), has benefited from
the major disaster declaration programme, compared to approximately 1,000 severe
storms (FEMA, 2024).

As a result, the relatively quick recovery from short-term natural disasters, sup-
ported by insurance coverage and government aid, prevents a significant deteriora-
tion in investor sentiment towards the credit market. Investors remain confident in
the ability of damaged companies to recover from the shock, preventing a signifi-
cant tightening of financial conditions. In contrast, the high uncertainty surrounding
long-term disasters, coupled with the lack of insurance coverage and government
support, makes institutional investors more cautious, leading them to tighten finan-
cial conditions. This financial tightening heightens macroeconomic risks, creating
the potential for a negative feedback loop involving lower investment, employment
and overall economic output.

The insights gained from this analysis are numerous. Initially, one might assume
that the most striking and damaging natural disasters generate the highest risk to the
US corporate credit market. However, this analysis demonstrates that it is the long-
term disasters that have the greatest impact. Consequently, this result underscores
the importance of developing better insurance products for long-duration disasters.
Furthermore, it is imperative to enhance federal support programmes for long-term
disasters that address not only immediate recovery but also long-term costs. Addi-
tionally, raising public awareness and providing incentives for businesses to invest in
climate-resilient infrastructure is crucial to mitigating this risk.

The paper is organised as follows: Section 1 reviews the relevant litera-
ture. Section 2 introduces the natural disaster database. Section 3 describes the
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empirical variables and model. The results are detailed in Section 4. Section 5 cov-
ers the robustness checks. Finally, Sect. 6 concludes the paper and discusses policy
implications.

2 Literature review
2.1 Theoretical literature

To gain a comprehensive understanding of the transmission channels between severe
natural disasters and the credit market, it is crucial to analyse the theoretical litera-
ture in this field.'

Firstly, Dietz et al. (2016) examined the impact of climate change on financial
asset values. Their findings demonstrated that a significant portion of climate-related
risks lies in the tails of the distribution. For instance, the climate Value at Risk
(VaR) corresponding to the 99th percentile accounts for up to 16.9% of global finan-
cial assets, equivalent to $24.2 trillion.” The identified transmission channels include
the destruction of capital assets, such as buildings and infrastructure, due to severe
natural disasters. This destruction leads to a decrease in the return on capital assets,
labour productivity, and knowledge productivity, ultimately resulting in reduced
output. In addition, Bovari et al. (2018) have demonstrated that climate change can
inflict significant damage on the economy, compelling the private sector to seek lev-
erage to offset production and capital asset losses. This mechanism exacerbates the
threat to financial stability. Dafermos et al. (2018) provided theoretical work that is
closely related to our study. They analysed how the financial structures of firms and
banks respond to climate change. Their results show that climate and weather events
cause economic contraction and capital destruction, which affect firms’ profitability
and liquidity. As a result, firms’ default rates increase, leading to higher bank lever-
age ratios and lower capital adequacy ratios. This leads to increased credit rationing,
perpetuating a negative feedback loop that undermines economic growth and exac-
erbates business challenges.

2.2 Empirical literature

Building on the theoretical foundation established thus far, we now turn to the
empirical literature investigating these transmission channels. This entails an exami-
nation of the impact of severe natural disasters on financial health and the credit
market.

Empirical studies have demonstrated that companies frequently experience
a decline in their financial well-being following a natural disaster. For instance,

! For an comprehensive and detailed overview of climate-related risks to financial assets, we refer read-
ers to the review by Campiglio et al. (2023).

2 This result corroborates the seminal work of Weitzman (2012), which demonstrated that the stand-
ard damage functions result in significant underestimations of the welfare losses associated with climate
change, particularly when catastrophic damages interact with fat-tailed uncertainty.
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Hong et al. (2019) have shown that drought negatively affects the profitability of
food companies. Keerthiratne and Tol (2017) have found that companies are more
indebted in the aftermath of natural disasters. Park et al. (2013) demonstrated that
the 2011 earthquake in Japan disrupted company supply chains, resulting in short-
ages and production stoppages across various sectors.

The 2018 Small Business Credit Survey, conducted in the United States follow-
ing the 2017 natural disasters, including hurricanes Matthew, Harvey, and Irma,
also revealed several key points. The report indicated that firms damaged by these
disasters reported significantly greater revenue losses and employment gaps than
unaffected companies. Furthermore, firms that were damaged were more likely
to encounter financial difficulties, with notable challenges in paying operational
expenses, accessing credit, and reimbursing their debts compared to undamaged
companies (ibid). Consequently, affected companies exhibited a higher risk of
default and experienced greater funding gaps (ibid).

Therefore, in response to natural disaster shocks, banks and institutional investors
may tighten their financial conditions due to the increased risk of corporate defaults.
However, there is no consensus in the literature on this point. Some authors do find
credit tightening towards companies after a natural disaster, while others do not.
Garmaise and Moskowitz (2009) found a 22% reduction in commercial real estate
loans after the 1990 California Earthquake. In contrast, Ivanov et al. (2022) dem-
onstrated that banks responded to the surge in credit demand in disaster-stricken
areas not by tightening credit in the affected regions but by reducing lending in unaf-
fected areas. Cortés and Strahan (2017) identified analogous results for mortgage
lending. Also, Schiiwer et al. (2019) have demonstrated that banks did not tighten
their financial conditions in the aftermath of Hurricane Katrina. Instead, banks pro-
tected themselves from the increasing risk of corporate default by selling these loans
on the secondary market and increasing their investment in government securities.
Chavaz (2016) also noted the securitization of high-risk corporate loans during the
2005 hurricane season. Finally, an increase in non-performing loans following a
natural disaster can have a detrimental effect on banks’ balance sheets. Ozsoy et al.
(2020) found that banks affected by droughts experience a loss of asset quality and
an increase in risk compared to unaffected banks.

In summary, theoretical studies indicate that severe natural disasters significantly
impact financial markets by causing asset destruction and reducing output (Dietz
et al., 2016; Bovari et al., 2018; Dafermos et al., 2018). Empirical research corrobo-
rates these findings, indicating that natural disasters have a detrimental impact on
firms’ financial health, increase default rates, and disrupt supply chains (Hong et al.,
2019; Keerthiratne & Tol, 2017; Park et al., 2013). However, there is debate regard-
ing banks’ responses to business credit in the aftermath of natural disasters. Some
researchers have reported a tightening of business credit (Garmaise & Moskowitz,
2009). Others have presented mixed results (Ivanov et al., 2022; Cortés & Stra-
han, 2017), while some have suggested that there is no credit crunch but rather
an increase in the securitisation of disaster corporate loans (Schiiwer et al., 2019;
Chavaz, 2016).

This paper examines the diverse responses of institutional investors, such as
banks, to different types of natural disasters. There is no intuitive reason to assume
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Table 1 Summary Statistics of the NCEI Database (1980-2021). Source NCEI (2021)

Events Events/year Total costs Costs/event Costs/year Deaths Deaths/year

Drought 29 0.7 285.46 9.84 6.80 4139 99
Flooding 35 0.8 164.32 4.70 391 624 15
Freeze 9 0.2 32.85 3.65 0.78 162 4
Severe storm 143 34 330.88 2.31 7.88 1880 45
Tropical cyclone 56 1.3 1147.96 20.50 27.33 6697 159
Wildfire 19 0.5 120.13 6.32 2.86 401 10
Winter storm 19 0.5 78.47 4.13 1.87 1277 30
Total 310 7.4 2160.06 51.45 51.43 15180 362

Note Economic losses are expressed in billions of USD, adjusted for the 2021 consumer price index
(CPI)

that investors would react uniformly to various types of disasters. Moreover, studies
that do not observe credit tightening following a disaster often focus on hurricane
events (Schiiwer et al., 2019; Chavaz, 2016). However, hurricanes exhibit a distinct
pattern compared to other disasters, such as long-duration events like droughts. Fur-
thermore, the impact of droughts on the banking system has been sparsely studied,
with Ozsoy et al. (2020) being the only notable study to date. Therefore, understand-
ing how investor responses vary across different types of disasters is crucial for
accurately assessing associated risks and formulating effective policies. This repre-
sents our contribution to the literature.

3 Natural disaster database overview

This section introduces the selected natural disaster database and presents relevant
descriptive statistics.

3.1 The NOAA national centers for environmental information (NCEI)

We have selected the NOAA National Centers for Environmental Information
(NCEI) U.S. Billion-Dollar Weather and Climate Disasters database 2021 as our
natural disaster database. This database focuses on the United States and identifies
all-natural disasters that resulted in economic losses exceeding $1 billion. Cover-
ing the period from 1980 to 2021, the dataset includes 143 severe storms, 56 tropi-
cal cyclones, 35 floods, 29 droughts, 19 wildfires, 19 winter storms, and 9 freezes
(Table 1).3

Each entry in the database contains key information, including the start and end
dates of the disaster, a brief summary of the event, the number of deaths, and the

3 It is important to note that the recorded number of disasters or losses may fluctuate slightly as a result
of regular updates to the database.
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estimated CPI-adjusted (or unadjusted) losses. The nature of these losses encom-
passes a range of elements, including "physical damage to residential, commercial,
and government/municipal buildings, material assets within a building, time ele-
ment losses (i.e., business interruptions), vehicles, boats, offshore energy platforms,
public infrastructures (i.e., roads, bridges, buildings), and agricultural assets (i.e.,
crops, livestock, timber)." (Smith & Matthews, 2015, p. 1).

This database draws on a wide range of public and private sources, including but
not limited to the National Weather Service, the Federal Emergency Management
Agency (FEMA), state emergency management agencies, media reports, and insur-
ance industry estimates (NCEI, 2021). The database focuses on natural catastrophes
with losses exceeding $1 billion (CPI-adjusted). This threshold effectively captures
a significant portion of the losses caused by such events, accounting for over 80% of
total losses (ibid).*

Furthermore, focusing on severe natural disasters is consistent with the practices
observed in both natural disaster databases and empirical research. For instance, the
global EM-DAT database only includes disasters that meet certain criteria, such as
a minimum number of deaths, affected people, emergency declarations, or requests
for international assistance (EM-DAT, 2024). In empirical studies, researchers often
apply stringent criteria to select the most severe natural disasters for analysis. For
instance, Cortés and Strahan (2017) concentrated on disasters where governors
declared a "state of emergency" with a formal request to FEMA, whereas Dessaint
and Matray (2017) focused solely on hurricanes that caused more than $5 billion in
direct damages (adjusted for inflation).

Finally, one of the key strengths of the NCEI database, when compared to other
databases such as SHELDUS or EM-DAT, is its corrections for "accounting bias"
in loss estimates, as well as the provision of confidence intervals for disaster losses.
These corrections, estimated by Smith and Matthews (2015) using Monte Carlo
simulations, account for underestimates of total losses due to differences in data
sources, methodologies, and event categorizations. For instance, the NCEI data-
base reduces the underestimation of losses by approximately 10-15% of total losses
(Smith & Katz, 2013).

To better understand the characteristics and scope of this database, we now turn
to descriptive statistics.

3.2 Descriptive statistics

Firstly, Table 1 reveals several noteworthy findings. It is important to distinguish
between the frequency of disasters, the total economic losses they cause, and the
losses per disaster. With regard to frequency, severe storms are the most prevalent

* In this paper, the term "severe natural disaster” is employed to refer to natural disasters that generate
high economic losses. Indeed, severe disasters are defined as events that result in large losses, in terms of
the number of lives, financial capital, or environmental quality (Stephenson, 2008).
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events, with 143 incidents resulting in economic losses exceeding $1 billion
(CPI-adjusted). The next most common type of disaster is tropical cyclones,
which have occurred 56 times, followed by floods (35 events) and droughts (29
events). However, in terms of total economic losses (2021 CPI adjusted), tropical
cyclones lead, causing an estimated $1,148 billion in damages. Severe storms are
in second position, accounting for $331 billion, with droughts not far behind at
$285 billion. In addition, a more in-depth analysis reveals a more nuanced per-
spective when assessing the cost per event. Severe storms are the least costly, with
an average loss per event of $2.31 billion. In contrast, tropical cyclones remain
the most expensive natural disaster, with an average loss of approximately $20.50
billion per event. The next most costly disasters are droughts, which have an aver-
age cost of $9.8 billion per event. Wildfires follow at $6.3 billion per event, while
floods have an average cost of $4.7 billion per event.

Secondly, with regard to the dynamic occurrence and associated damages of
natural disasters, as illustrated by Figs. 1 and 2, it can be observed that there
has been a significant surge in the number of severe natural disaster events. For
instance, the number of reported disasters increased from 29 events in the 1980 s
(1980-1989) to 123 events in the 2010 s (2010-2019) (Table 2 in Appendix).
This accelerating trend can be attributed to three primary factors: climate change,
increased exposure (i.e., values at risk of potential loss), and increased vulner-
ability (i.e., where and how we build) (NCEI, 2021).

Regarding climate change, anthropogenic climate change is a significant contrib-
uting factor to the recent surge in severe natural disaster events (NCEI, 2021). The
observed rise in global temperatures has led to notable alterations in weather pat-
terns, resulting in an increase in the frequency and/or intensity of hurricanes, wild-
fires, floods, and heat waves (IPCC, 2021). For example, the Atlantic hurricane sea-
son has witnessed an increase in the number of Category 4 and 5 hurricanes (NASA,
2022), such as Hurricanes Harvey, Irma, and Maria, which caused extensive dam-
age to coastal regions and resulted in billions of dollars in losses. Consequently, the
costs of tropical cyclones have increased exponentially from the 1980 s (1980-1989)
to the 2010 s (2010-2019), with a factor of 11 (Table 2 in Appendix). Furthermore,
climate change has intensified the frequency and duration of wildfires in regions
such as the western United States (NOAA, 2022). Longer droughts, coupled with
warmer temperatures and reduced snowpack, create optimal conditions for wildfires
to spread rapidly, destroying homes, livelihoods, and ecosystems (ibid). The costs of
fire damage have increased exponentially over time, from $11 billion in the 1990 s
(1990-1999) to $62 billion in the 2010 s (2010-2019).

Nevertheless, climate change alone does not fully account for the surge in bil-
lion-dollar disasters. Increased exposure and vulnerability of the population to natu-
ral hazards have compounded the impact of these events (NCEI, 2021). Regarding
exposure, rapid urbanization and population growth have led to the expansion of
residential and commercial buildings into high-risk areas, such as floodplains and
wildfire-prone regions (ibid). Consequently, a greater number of individuals and
resources are exposed to severe natural disasters, thereby increasing their economic
impacts. Regarding vulnerability, it is a significant concern when building codes are
inadequate or lack the ability to mitigate the impact of extreme events. Low-income
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households and marginalized communities frequently bear the brunt of natural dis-
asters due to their restricted access to resources, support networks, and insurance
(Hallegatte & Walsh, 2021).

In summary, this section has presented several descriptive statistics regarding
severe natural disasters in the United States. Notably, the occurrence of billion-dol-
lar disasters has increased over time. This rise can be attributed to three main fac-
tors: climate change, greater population exposure, and heightened vulnerability. In
the following section, we will present the empirical variables and the model.

4 Model framework
4.1 Empirical variables

Prior to an in-depth examination of the Jord4 local projection method, it is necessary
to review the variables used in the model. The model aims to analyse the impact of
a natural disaster shock on the US corporate credit market. The key variables in this
analysis are: (i) the exogenous shock variable, represented by the natural disaster
variable; (ii) the endogenous variables, which include the corporate credit spread
and the mortgage spread; (iii) and the control variables, which ensure the model is
properly specified.

For the shock variable, we use NCEI data on economic losses from severe nat-
ural disasters, expressed in billions of US dollars and adjusted to the 2021 CPIL
These data have been converted into a monthly time series, where zero values indi-
cate the absence of natural disaster losses (Fig. 8 in Appendix). Natural disasters
vary in duration; some last less than a month, such as freezes, severe storms, tropi-
cal cyclones, and winter storms, while others, like droughts, floods, and wildfires,
extend over several months. For long-term disasters, the total economic losses are
evenly distributed across the affected months. For example, the 2012 US drought
generated $41.4 billion in economic losses over the year, so the monthly losses are
calculated as $41.4 billion divided by 12. While this method assumes a uniform
distribution of losses, which may not always be accurate, data limitations prevent
more precise assumptions. In cases of simultaneous natural disasters, we aggregate
the corresponding losses to ensure a comprehensive assessment of the economic
impact. Additionally, we split the natural disaster variable into two sub-series: one
for short-term disasters (less than a month) and one for long-term disasters (more
than a month) (Fig. 9 in Appendix). In the model, the natural disaster variables are
expressed as log + 1. This logarithmic transformation allows the series to have a dis-
tribution close to the Gaussian while handling zero values.

Regarding the endogenous variables (Fig. 10 in Appendix), we use the company
credit spread variable developed by Gilchrist and Zakrajsek (2012). This series is
widely used in monetary policy literature to analyse the impact of policy shocks
on corporate credit markets (Miranda-Agrippino & Rey, 2020; Gertler & Karadi,
2015). This corporate bond credit spread, hereafter the "GZ credit spread," is con-
structed using "secondary market prices of senior unsecured bonds issued by a rep-
resentative sample of US non-financial firms" (Favara et al., 2016). The GZ credit
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spread provides insight into the default risk of individual firms (estimated GZ credit
spread) and their access to external finance (Excess Bond Premium).’ The series
is freely available on Favara et al. (2016)’s FEDS Notes. Additionally, we include
the mortgage credit spread for comparison purposes. Following the methodology
described by Gertler and Karadi (2015), this spread is derived by subtracting the
30-year Conventional Mortgage spreads from the 10-year US Treasury Securities. It
is a major indicator of the cost of housing finance and is obtained from the Federal
Reserve Bank of St. Louis (FRED). Both credit spread variables are expressed in
levels in the model.

Finally, in order to accurately estimate our model, we have included several con-
trol variables that have been demonstrated to have a significant impact on the credit
market (Fig. 12 in Appendix). These include the log of US industrial production, the
log of the US consumer price index, and the 1-year Treasury bond yield. The 1-year
Treasury bond yield serves as the monetary policy indicator. This selection of vari-
ables aligns with Gertler and Karadi (2015). For a comprehensive review of the lit-
erature on the determinants of credit spreads, we direct the reader to Davies (2008).

The study period spans from January 1990 to December 2019. To ensure the
reliability of our analysis, we exclude periods of high volatility in the credit mar-
kets unrelated to natural disasters. Specifically, we exclude the 1980 s, marked by a
significant recession triggered by the Federal Reserve’s tightening to address rising
inflation (Federal Reserve History, 2013), and the period after 2019, marked by the
global pandemic crisis and the "Great Lockdown." Despite these exclusions, we have
a substantial dataset, totalling 360 observations, to ensure the convergence of our
estimates. Table 3 in the Appendix displays descriptive statistics for all variables.

4.2 Model specification

We employ Jorda (2005) local projection method to estimate the impact of natural
disaster shock on the US credit market. This approach involves performing Ordi-
nary Least Squares (OLS) regression for each horizon 4. The horizon 4 is fixed to
24 months, thus to 2 years following the shock. The linear model is formulated as
follows:

P

s
Vo = & + 8"shock, + Z ﬂjhy,_j + 2 y,i‘x,_k + €4 (1)
=1 k=1

forh=0,1,2,..,24;t=1,...,360; p =2; and s = 2.

The endogenous variables y are the GZ credit spread and the mortgage spread.
The variable shock refers to the identified shock from natural disaster losses
(log + 1). The vector x consists of control variables, including the log of industrial
production, the log of the consumer price index (CPI), and the 1-year Treasury bond
yield.

5 These two variables will be defined later in the paper.
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The coefficients of the lagged endogenous variables are denoted by /31.”, where

j=1,...,p. Similarly, the coefficients of the lagged control variables are denoted by
y,f’, where k=1, ...,s. The use of lag operators helps address the issue of serial
autocorrelation in the series. In our model, the number of lags is set to two for both
the endogenous and control variables, as determined by the Akaike Information Cri-
terion (AIC) and Bayesian Information Criterion (BIC). The maximum number of
lags is fixed at twelve, equivalent to a full year. Robustness checks have been con-
ducted to validate the choice of lags, and the results remain consistent regardless of
the lag selection (see Sect. 5).

In addition, 8" is the coefficient that quantifies the response of y at time ¢ + / to
a shock at time ¢. Simply put, it measures the response of the GZ credit spread (or
mortgage spread) to a shock from the natural disaster variable at 4 months following
the disaster. Thus, the impulse response functions are constructed as a sequence of
5" estimates for each horizon (Ramey & Zubairy, 2018).° Regarding the identifica-
tion strategy, Jorda (2023) highlights that the OLS is consistent as long as the shock
variable is exogenous given the explanatory variables. In our case, it seems reason-
able to assume that the losses resulting from a natural disaster in ¢ do not depend on
macroeconomic variables such as the corporate and household credit spread in ¢ — j,
with j=1,...,p.

Finally, a” is the constant of the model, and e represents the error terms. As high-
lighted by equation 1, the residuals of local projections exhibit a moving average
structure, generating serial correlation and affecting the construction of standard
errors. To address this issue, Jorda (2005) proposed applying the Newey-West cor-
rection to the standard errors. Consequently, we apply this correction to our standard
errors.

The advantages of local projections are numerous compared to the Structural
Vector Autoregression (SVAR) model. Local projections are easily estimated with
a model that offers flexibility Jorda (2023). Specifically, we have been able to esti-
mate the response of credit spreads to a shock from a natural disaster by specifying
this variable as fully exogenous, which would not have been feasible in the case of a
VAR model. Additionally, local projections provide a direct estimate of the impulse
response function, meaning that standard errors do not require the delta method or
simulation-based approaches (ibid). Furthermore, this methodology is less sensitive
to misspecification than the SVAR model, as each impulse response function coef-
ficient is estimated using a separate regression. Unlike the VAR model, local projec-
tions do not require stationary variables (ibid). Moreover, local projections remain
robust to the persistence of the data and the estimation of impulse responses over
long horizons (which is not the case for an autogressive model) (Olea & Plagborg-
Mgller, 2021). However, the primary limitation of local projections is that, because
this method is less restrictive than a VAR model, the estimates lose some efficiency
(ibid). As a robustness test, we compare our results with those from an SVAR model
(see, Sect. 5).

% This method diverges from the standard approach to constructing impulse response functions in a VAR
model. The latter method traces the effect of a shock to one of the error terms on the current and future
values of all endogenous variables in the system (Liitkepohl, 2005, Sect. 2.3.2).
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In summary, we employ Jordd’s local projection method due to its numerous
advantages over a standard SVAR model. In particular, the flexibility of the local
projections model allows us to specify the natural disasters variable as fully exog-
enous, which is not feasible in an SVAR specification. However, one refinement of
the model would have been to analyse our study question with more spatial granu-
larity using a panel methodology. Unfortunately, we are constrained by data avail-
ability. In particular, we are unable to obtain the expected default data for companies
and institutional investor sentiment towards the corporate credit market at the state
level. Despite this limitation, the use of federal data allows us to demonstrate that
credit risks generated by a natural disaster extend beyond the borders of the affected
state and have a federal impact.

5 Results

In this section, we present the results of our models following a sequential strategy.
First, we analyse the corporate credit spread’s response to a natural disaster shock.
Next, we investigate whether the observed significant and positive effect of a natu-
ral disaster shock on the corporate credit spread is due to an increase in expected
corporate defaults or a deterioration in investor sentiment towards the credit market.
Finally, we assess whether these effects hold for both short-term and long-term natu-
ral disasters.

5.1 Impact of severe natural disasters on corporate credit spread

As illustrated in Fig. 3, a natural disaster shock leads to a significant increase in the
corporate credit spread, which persists for approximately five months before begin-
ning to decline. A similar effect is observed in the mortgage spread, with the magni-
tude of the response being comparable to that of the corporate credit spread.

Our findings align with existing literature, indicating that severe natural disasters
cause substantial damage to corporate (household) balance sheets through capital
destruction and operational disruptions (Batten et al., 2016). As a result, firms expe-
rience higher default rates, which elevate credit risks (ibid). The devastating hurri-
canes Harvey, Maria, and Irma in 2017 provide a stark example. In their aftermath,
40% of small businesses in the affected areas reported losses (SBCS, 2018). Among
these, 45% incurred asset losses between $1,000 and $25,000, while 19% suffered
losses exceeding $25,000. Consequently, these firms struggled to cover operating
costs and meet debt payments. The increased risk of defaults made it more challeng-
ing for them to secure credit compared to their unaffected counterparts (ibid).

5.2 Factors contributing to the rise in corporate credit spreads
Our previous findings have shown that natural disasters lead to an increase in cor-

porate credit spreads. To gain deeper insights, we aim to investigate the underlying
transmission channels driving this effect. Specifically, we will examine whether the
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Fig. 3 IRF - Impact of Severe Natural Disasters on Corporate Credit Spread. Note The black line repre-
sents the Impulse Response Function (IRF) as per Jorda (2005). The IRF is estimated using local linear
projections with the Newey-West correction and two lags. The lag selection is based on information cri-
teria (AIC and BIC), with a maximum of twelve lags considered. The blue shaded area indicates the 90%
confidence interval. The time horizon is two years (24 months)

significant rise in corporate credit risk stems primarily from an increase in expected
corporate defaults due to deteriorating balance.

Following the approach of Gilchrist and Zakrajsek (2012), we decompose the GZ
corporate credit spread into two components: (1) the estimated GZ credit spread and
(2) the Excess Bond Premium (EBP).

§9% = 852 + EBP

Where SCZ is the GZ corporate credit spread, $°7 is the estimated GZ credit spread,
and EBP is the Excess Bond Premium. Their mathematical definitions are detailed
in Section C., and the corresponding variables are plotted in Fig. 11. Both can be
found in the Appendix.

The estimated GZ credit spread is an indicator of the expected corporate
defaults, while the Excess Bond Premium (EBP) gauges investor sentiment
towards corporate credit risk. According to Gilchrist and Zakrajsek (2012, p.
1700), the EBP "represents the variation in the average price of bearing expo-
sure to U.S. corporate credit risk above and beyond compensation for expected
default.”
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The economic interpretation of EBP is contingent upon the expected corporate
defaults. If investor sentiment towards corporate credit risk deteriorates signifi-
cantly (an increase in EBP) while the expected defaults remain stable, it may indi-
cate an overreaction by institutional investors. For instance, after a severe natural
disaster, investors might anticipate an increase in corporate defaults even though
the actual probability remains unchanged. This is particularly true if insurance
covers most of the disaster losses. Conversely, if investor sentiment towards the
credit market deteriorates (an increase in EBP) while, at the same time, the risk
of corporate default rises, this may suggest that both real and financial disrup-
tions are impacting investor willingness or capacity to extend new credits. Conse-
quently, this may result in tighter financial conditions (Favara et al., 2016).

As illustrated by Fig. 4, our empirical analysis supports this second interpre-
tation. A natural disaster significantly increases the default risk of companies,
which, in turn, deteriorates investor sentiment towards the credit markets, leading
to tighter financial conditions. Specifically, the expected corporate default rate
rises significantly for up to two months following a severe natural disaster, fol-
lowed by a significant increase in the EBP from the second to the fourth month.

nat_disasters to gz_spread_est

1 2 3 4 5 6 7 8 9 0 1 12 13 & 15 18 17 18 19 2 21 2 2 2

nat_disasters to mortgage_spread

1 2 3 4 5 6 7 8 9 10 1 12 13 & 15 6 17 18 19 2 2 2 2 2
nat_disasters to ebp
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Fig. 4 IRF - Impact of Severe Natural Disasters on Corporate Default Risk and Investor Sentiment. Note
The gz_spread_est variable is a measure of the anticipated default of companies, while the ebp represents
investor sentiments towards the corporate credit market. The black line is the Impulse Response Function
(IRF) as per Jorda (2005). The IRF is estimated using local linear projections with the Newey-West cor-
rection and two lags. The lag selection is based on information criteria (AIC and BIC), with a maximum
of twelve lags considered. The blue shaded area indicates the 90% confidence interval. The time horizon
is two years (24 months)
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Additionally, it appears that the magnitude of investor reactions is slightly greater
than the increase in the expected default rate of companies.

Regarding this finding, the existing literature is heterogeneous. For example,
Garmaise and Moskowitz (2009) observed a reduction in commercial real estate
loans following the 1990 California earthquake. Ivanov et al. (2022) reported
mixed results, indicating that banks increased their lending in disaster-affected
areas while simultaneously reducing their credit supply in undamaged zones.
Conversely, Schiiwer et al. (2019) and Chavaz (2016) demonstrated that banks
facilitate lending in affected areas while managing the rising risk through portfo-
lio rebalancing strategies.

A potential explanation for this discrepancy could lie in the type of natural disasters
analysed. There is no intuitive reason to assume that investors react similarly to differ-
ent types of natural disasters. Most authors who did not find evidence of credit tight-
ening focused on Hurricane Katrina (Schiiwer et al., 2019; Chavaz, 2016). However,
hurricanes exhibit a distinct pattern compared to other disasters, such as long-duration
events like droughts. Long-duration disasters cause long-lasting damage and are sur-
rounded by high uncertainty regarding their effects on economic activities and the
time required to restore damaged biodiversity. Understanding whether and how inves-
tor responses vary across different types of natural hazards is crucial for accurately
assessing associated risks and formulating effective policies.

5.3 Differences in credit risk between long- and short-term severe natural
disasters

To analyse how different types of natural disasters impact the corporate credit
spread, we use sub-series of our natural disaster variable, categorising them as
short-term (less than a month) and long-term (more than a month). Short-term nat-
ural disasters include freezes, severe storms, tropical cyclones, and winter storms.
Long-term natural disasters encompass droughts, flooding, and wildfires.

Figure 5 demonstrates interesting results that align with our expectations. Severe
natural disasters have different impacts on the corporate credit spread depending on
the type of disaster. Long-term natural disasters lead to a significant increase in cor-
porate credit spreads for approximately seven months. Conversely, we do not find
a significant effect on credit spreads in response to short-term natural disasters.
We suspect this lack of significance is driven by the EBP variable rather than the
expected default variable. This result would suggest that while short-term disasters
generate a rise in expected corporate defaults, institutional investors do not respond
by tightening their financial conditions. This point will be investigated further.
Additionally, both short-term and long-term natural disasters generate a significant
increase in the mortgage spread. The magnitude of this effect is higher for short-
term disasters compared to long-term ones like droughts, which is intuitive as short-
term disasters typically cause more immediate housing damage.

Therefore, the model is re-estimated by decomposing the corporate credit spread
variable into its two components (Fig. 6). First, we observe that natural disasters
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Fig.5 IRF - Impact of Short- and Long-Term Severe Natural Disasters on Corporate Credit Spread. Note
The black line represents the Impulse Response Function (IRF) as per Jorda (2005). The IRF is estimated
using local linear projections with the Newey-West correction and two lags. The lag selection is based on
information criteria (AIC and BIC), with a maximum of twelve lags considered. The colour-shaded area
indicates the 90% confidence interval. The time horizon is two years (24 months)

significantly increase corporate default risk for both short-term and long-term dis-
asters. For short-term natural disasters, the impact on expected corporate defaults is
statistically significant for a period of two months. In contrast, long-term natural dis-
asters result in a significant increase in the probability of corporate default between
the second and third months, and again between the fourth and eighth months. This
latter finding is attributable to the varying durations of long-term natural hazards.
For instance, events such as floods and wildfires typically persist for two to four
months, while droughts and prolonged wildfires can last for more than six months.’

7 A total of 29 droughts have been recorded in the database, with seven lasting for six months and twelve
extending over a year. However, it should be noted that the percentage of dryness can vary significantly
from one month to another and from one location to another. For instance, during the 2012 drought, dry
weather conditions persisted in parts of the western United States for nearly every month. Notable reduc-
tions in precipitation were observed in the Intermountain Basin from April to July, while the Southwest
experienced dry conditions from April to June and again from October to November. The Rockies were
similarly affected from March to November (NCEI, 2012) In terms of wildfires, 19 significant wildfire
events were recorded, with seven occurring over a six-month period and one spanning the entire year.
The latter event was the 2018 Western wildfires, which were particularly destructive. In total, California
experienced 8,527 wildfires in 2018, burning approximately 1.9 million acres, which is nearly 2% of the
state’s area. These fires were the deadliest and costliest on record, with significant incidents including the
Camp Fire, Mendocino Complex Fire, Carr Fire, and Woolsey Fire (Wang et al., 2021).
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Fig.6 IRF - Impact of Short- and Long-Term Severe Natural Disasters on Corporate Default Risk and Investor
Sentiment. Note The black line represents the Impulse Response Function (IRF) as per Jorda (2005). The IRF is
estimated using local linear projections with the Newey-West correction and two lags. The lag selection is based
on information criteria (AIC and BIC), with a maximum of twelve lags considered. The colour-shaded area
indicates the 90% confidence interval. The time horizon is two years (24 months)

Secondly, the responses of institutional investors to a natural disaster vary
depending on whether the disaster is short-term or long-term. After a natural dis-
aster lasting several months, the expected default rate of businesses increases, and
investor sentiment towards the credit market deteriorates. This, in turn, leads to
tighter financial conditions, with the EBP rising significantly between the second
and fourth months after the shock. Conversely, while short-term natural disasters do
increase corporate default risks, they do not cause a deterioration in investor senti-
ment towards the credit market. In other words, disasters like hurricanes or severe
storms do not result in credit tightening for the affected companies.

To better understand this result, the next section will discuss the different mecha-
nisms that could explain the heterogeneity in investor reactions to short-term and
long-term natural disasters.

5.4 Explaining the disparate investor responses to short-term and long-term
disasters

The difference in investor reaction to short-term and long-term natural disasters
is primarily driven by the duration and extent of the disruption, the effectiveness
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of insurance coverage, government aid, and the perceived stability of the market.
Short-term disasters result in a faster recovery and more stable investor sentiment
than long-term disasters. Long-term hazards lead to prolonged financial stress,
increased default risks, and a significant tightening of financial conditions. These
points are developed on below.

5.4.1 Duration and recovery periods

Short-term natural disasters, such as tropical cyclones or severe storms, cause imme-
diate but short-lived disruption compared to long-term catastrophes. Rapid response
efforts help mitigate the expected increase in business failures and financial risks.
In contrast, long-term catastrophes lead to prolonged periods of disruption, placing
a sustained financial burden on companies for several years. The extended impact
increases the risk of corporate failure as companies face ongoing operational disrup-
tions, reduced revenues, and high recovery costs.

To illustrate this point, let us consider several examples. Among short-term catas-
trophes, severe storms, and tropical cyclones are the most frequent hazards. Recov-
ery periods for severe storms are generally quite short, lasting a few months. For
example, after the May 2019 tornadoes, residents in Missouri, Ohio, and Kansas
began rebuilding within four to six months, depending on their insurance status (Lee
& Yan, 2022). For tropical cyclones, the recovery period is longer than for severe
storms, often lasting several years. Following Hurricane Katrina, the costliest hur-
ricane in US history, the emergency phase lasted about one and a half months, with
a restoration period of about nine months (Kates et al., 2006). The main recovery
phase lasted about two years after the event and then began to slow down (ibid).
Therefore, while short-term disasters can be very damaging, most of the recovery
takes place within months to a few years after the event.

However, in the case of long-term disasters, the recovery period can extend from
several years to decades. Some long-term disasters can last for an entire year, far
exceeding the duration and sometimes the recovery period of short-term events.

For instance, severe droughts have significant and lasting impacts on various sec-
tors, particularly agriculture. They cause severe financial burdens by leading to wide-
spread crop failures, such as corn and soybeans, increasing their prices and reduc-
ing their exports (Adonizio et al., 2012). As a result, farmers experience significant
income losses and may be forced to reduce their herds (Rippey, 2015). For example,
the US 2012 drought led to a 10% increase in corn prices and a 27% increase in soy-
bean prices over the year, resulting in a 13 to 15% reduction in livestock inventories
in certain states (Rippey, 2015; U.S. Bureau of Labor Statistics, 2012). The eco-
nomic impacts are long-term, with farmers facing lower incomes, higher irrigation
costs, and increased investment in soil recovery and replanting (Medellin-Azuara
et al., 2016). Prolonged droughts deplete soil moisture and degrade soil quality,
reducing agricultural productivity long after the drought has ended (Ciais et al.,
2005). Beyond agriculture, droughts increase food poverty among vulnerable house-
holds (Boyer et al., 2013) and deplete water resources, affecting municipal supplies,
industry, and ecosystems (Medellin-Azuara et al., 2016). In addition, droughts cause

@ Springer



C. Nobletz

environmental degradation, leading to vegetation loss, and habitat destruction (Clark
et al., 2016). All of these impacts can take years or decades to reverse.

5.4.2 Insurance coverage and governmental assistance

In addition to the duration and recovery period, insurance coverage and government
aid also explain the difference in investor response between short-term and long-
term natural disasters. Indeed, short-term disasters are more likely to be covered by
insurance policies and government aid than long-term disasters. Consequently, in
the case of short-term disasters, the financial burden on firms is partially alleviated,
which reduces the likelihood of defaults and thus reassures investors.

Let us examine these two points more closely. On the insurance side, the industry
has developed comprehensive products specifically tailored for short-term disasters
such as windstorm damage or flooding. By contrast, long-term catastrophes such as
droughts are often more difficult to insure effectively due to their diffuse impact and
less immediate visibility. This disparity is notably highlighted by the SwissRe Insti-
tute in its 2024 report. The report shows significant heterogeneity in insured losses
depending on the type of disaster. Over the past 40 years, the global share of insured
losses has been approximately 37% for tropical cyclones, 28% for severe storms, a
mere 4% for wildfires, and only 1.5% for droughts.

Focusing on droughts in the United States, drought losses are mainly covered by
the Federal Crop Insurance Program (FCIP). While this program undoubtedly plays
a crucial role in helping farmers manage physical risks, it does not cover all losses.
In fact, no insurance policy provides 100% coverage for all losses, primarily to avoid
excessive risk-taking by subscribers (CRS, 2022). The FCIP covers losses of crop
yield and revenue (ibid) but does not account for additional costs that droughts can
cause, such as the future decrease in crop productivity. Moreover, even though the
insurance premiums for this program are subsidised by the federal government,
farmers must pay an increasing proportion of the premiums for higher levels of cov-
erage (CRS, 2022). Farmers also have to pay administrative fees per crop per county
(ibid). Consequently, data show that farmers are likely to purchase less FCIP cover-
age in areas where premiums are higher, which tends to correspond to regions with
a higher risk of crop loss (ibid). This suggests that even with government subsidies,
the cost of premiums can be a barrier to obtaining adequate coverage.

In terms of existing federal programs designed to provide short and long-term assis-
tance following natural disasters, most of the funding is allocated to short-term hazards.
The Federal Emergency Management Agency (FEMA) manages three main types of dec-
larations that determine the level of assistance provided: major disaster, emergency, and
fire assistance - the latter specifically focused on wildfires.

Major disaster declarations offer more comprehensive assistance, including both
immediate emergency measures and long-term recovery efforts. In contrast, emergency
declarations and fire management assistance are primarily aimed at providing immediate
assistance and services. From 1980 to 2021, there were 1,854 major disaster declarations.
However, most of these declarations were for short-term hazards: 921 for severe storms,
410 for floods, 262 for tropical storms, 53 for wildfires, and only one for drought (FEMA,
2024). This data highlights that relatively few major disaster declarations are deployed for
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long-term disasters such as wildfires and droughts, with the exception of floods. Wildfires
are usually supported through the "fire management assistance program", which covers
immediate costs such as firefighting, but not long-term costs such as reforestation, habitat
restoration, and infrastructure repair.

In summary, as the recovery process from short-term disasters tends to be quite rapid,
supported by insurance coverage and government aid, investor sentiment towards the
credit market does not deteriorate significantly. Investors remain confident in the market’s
ability to bounce back quickly, preventing a significant tightening of credit. However, in
the case of long-term disasters, the impact unfolds over time with greater uncertainty. As
a result, investors become increasingly concerned about the long-term financial health of
the affected companies. This leads to a deterioration in credit market sentiment and ulti-
mately to a tightening of credit.

5.4.3 A correlation analysis

To complete this analysis of the transmission channels, we conduct a correlation analysis.
The purpose of this analysis is to test whether long-term natural disasters indeed lead to
higher corporate default risks and tighter financial conditions than short-term disasters.

The correlation plot confirms this statement. Figure 7 shows that the correlation coef-
ficients between the long-term natural disaster variable and the expected corporate default
and EBP variables are higher than those for the short-term disaster variable. Specifically,
the correlation between long-term disasters and the probability of business default is 0.24,
which is significant at the 5% level. The correlation between the investor sentiment vari-
able and long-term disasters is lower, with a coefficient of 0.11, but still significant at the
5% level.

6 Robustness

Several robustness tests are conducted to ensure the reliability of the results. First,
the consistency of the results obtained using Jorda’s local projection (LP) method
is verified. Our analysis demonstrates that the results are robust across different lag
choices and study periods (Figs. 13 and 14, respectively, in Appendix). Second, the
robustness of the results is tested by applying an alternative model, specifically an
SVAR framework, which yields comparable outcomes (Figs. 15 and 16, in Appen-
dix). However, as the time horizon is extended, the two sets of impulse response
functions exhibit an increasing discrepancy. This discrepancy can be attributed to
the superior long-term forecasting performance of the LP method compared to the
SVAR model (Olea & Plagborg-Mgller, 2021).

In computing the SVAR model, the variables are the same as in the local LP
model. The endogenous variables are the natural disaster variables, the corporate
credit spread and the mortgage spread. The exogenous variables include indus-
trial production (A(log)), the consumer price index (A(log)) and the 1-year Treas-
ury yield. In addition, we include a dummy variable to capture the effect of crises.
This specification was not necessary for the LP model because we corrected the
residuals using Newey-West’s correction for autocorrelation and heteroskedasticity.
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Fig. 7 Pearson correlation coefficients. Note All variables are stationary in level. Natural disaster vari-
ables are in log + 1

Besides, since an autoregressive model requires stationary series, we apply the dif-
ference operator to the log of industrial production and the log of the CPI, both of
which are integrated of order one. We do not find a unit root at 5% for the other
variables.® Regarding the identification of the SVAR model, the main assumption
is that the natural disaster variable is weakly exogenous. Therefore, this variable is
only influenced by its own lagged values and a constant. Additionally, the Cholesky
decomposition places the natural disaster variable first, followed by the corporate

8 More specifically, we first applied standard unit root tests using the Augmented Dickey-Fuller (ADF)
and Phillips-Perron (PP) tests. These tests indicated the absence of a unit root for all series at the 5% sig-
nificance level, except for the variables gz_spread’ and ’gz_spread_est’, which gave mixed results. Due
to the strong heteroskedasticity observed in these two variables during the 2008 crisis, we applied the
Zivot and Andrews test. This test allows for the detection of a unit root and, at the same time, the endog-
enous identification of a structural break. The 2008 crisis was identified as the break and both credit vari-
ables were found to be stationary at conventional significance levels. Results are available upon request.
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credit spread and then the mortgage spread. This order assumes that natural disas-
ters have a contemporaneous effect on financial credit spreads, but financial credit
spreads do not have a contemporaneous effect on natural disasters. Finally, the num-
ber of lags was determined on the basis of information criteria that indicated the
use of two lags. The forecasting horizon is consistent with the LP model and covers
24 months. The confidence intervals for the VAR model have been estimated using
bootstrapping with 1,500 replications, and the impulse response functions represent
the responses to a standard deviation shock.

7 Conclusion and policy discussion

Since climate change threatens our world as we know it today, understanding its
effects on various economic sectors is crucial for implementing effective response
policies. A significant body of research has examined the transition risks associated
with moving from a high-emission world to a low-carbon society. However, fewer
studies have focused on the physical risks, that is, the risks of climate events such
as natural disasters on financial assets. These events are often considered globally
rather than as distinct occurrences with unique characteristics. This paper addresses
this limitation by analysing how the US business credit market reacts to severe natu-
ral disaster shocks and how responses vary depending on the type of disaster. In
particular, we examine differences in institutional investor reactions to short-term
disasters like severe storms, tropical cyclones, and freezes versus long-duration dis-
asters like droughts, wildfires, and extended flooding.

By implementing Jorda local projections, we find that severe natural disasters
result in a rise in US corporate credit spreads. This increase is driven by heightened
corporate default risk and a decline in investor sentiment toward the credit market.
Natural disaster shocks cause asset destruction and business interruptions, leading to
reduced income and profits for companies. As a result, the expected defaults of com-
panies increase, undermining institutional investor confidence in the corporate credit
market and leading to tightened financial conditions.

Our results align with existing literature, although there are mixed findings
regarding US banks’ responses to damaged companies following natural disas-
ters. Some studies find evidence of credit tightening, while others do not. Investor
reactions may vary depending on the type of natural disaster, its duration, extent,
insurance coverage, and governmental aid. We show that short-term disaster shocks
raise the probability of corporate default but do not trigger financial tightening by
institutional investors. However, long-duration disasters such as droughts or wild-
fires increase the risk of corporate defaults, prompting financial tightening by insti-
tutional investors.

Several mechanisms explain this result. Short-term disasters such as severe
storms or tropical cyclones have shorter durations and recovery compared to long-
term disasters. Typically, the recovery process for short-term disasters takes several
months to a few years. In contrast, long-duration disasters can take years or even
decades to recover from. For instance, droughts impose long-lasting stress on farm-
ers’ financial security through decreased crop productivity, income, and increased
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investment in soil recovery. Additionally, droughts deplete water resources and
cause severe environmental degradation, requiring years for full recovery.

Besides, short-term disasters benefit from higher insurance coverage and more sub-
stantial government aid compared to long-term disasters. The insurance industry has
developed comprehensive products tailored for short-term disasters, such as wind and
flood damage. Conversely, long-term disasters are often more challenging to insure effi-
ciently due to their diffuse impact and less immediate visibility. Federal programmes also
tend to grant more assistance for short-term disasters than for long-term hazards. Severe
storms and tropical cyclones often cause immediate and significant asset destruction,
prompting substantial emergency responses from the government.

As a result, damages caused by short-term disasters tend to be restored relatively
quickly with the support of insurance coverage and government aid. Consequently, inves-
tor sentiment towards the credit market does not deteriorate significantly. Investors remain
confident in the ability of companies to recover swiftly, preventing substantial financial
tightening. However, the damages caused by long-duration disasters are prolonged, diffi-
cult to predict, poorly insured, and inadequately supported by federal programmes. These
factors create high uncertainty about the long-term financial health of companies, leading
investors to tighten their financial conditions. Additionally, tightening borrowing condi-
tions increases macroeconomic risks, potentially creating a negative feedback loop. This
can exacerbate negative effects on companies, which in turn negatively impacts employ-
ment, consumption, and overall economic output.

We derive several policy implications from our results. Although long-term disasters
generally generate fewer economic losses than short-term disasters, they pose greater
macroeconomic risk due to the tightening of financial conditions. To alleviate this effect,
policies could encourage the insurance industry to create more comprehensive products
for long-duration disasters. With regard to droughts, which are largely covered by the
FCIP program, the federal government could increase its subsidies for crops most vul-
nerable to climate change by offering greater premium coverage. In addition, the U.S.
government could establish programmes specifically designed to facilitate recovery from
long-term disasters with prolonged economic disruptions. For example, FEMA’s wild-
fire management programme could be expanded to address not only immediate post-fire
needs, but also long-term recovery efforts such as reforestation and habitat rehabilitation.
Increasing public awareness about the risks associated with natural disasters and how to
mitigate them is also essential. Even for short-term disasters like tropical cyclones, sig-
nificant insurance gaps exist. After the 2017 disasters, many companies had insurance
against flooding but lacked coverage for business interruption, which was the main source
of losses for companies (SBCS, 2018). Finally, offering tax incentives or subsidies for
businesses that invest in climate resilience measures, such as improved infrastructure and
sustainable practices, can help reduce the impact of natural disasters.

Appendix

A. NCEl statistical descriptions
See Tables 2, 3 and Figs. 8, 9.
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Table 2 Summary Statistics of the NCEI Database, by decade. Source NCEI (2021)

1980-1989 Events Events/year Total costs Costs/year Deaths Deaths/year
Drought 5 0.5 103.69 10.37 1814 181
Flooding 4 0.4 15.05 1.51 164 16

Freeze 4 0.4 15.28 1.53 161 16

Severe storm 7 0.7 9.6 0.96 198 20
Tropical cyclone 6 0.6 40.93 4.09 198 20

Wildfire 0 0 0 0 0 0

Winter storm 3 0.3 5.72 0.57 335 34

Total 29 29 190.26 19.03 2870 287
1990-1999 Events Events/year Total costs Costs/year Deaths Deaths/year
Drought 6 0.6 23.95 2.4 1590 159
Flooding 8 0.8 64.74 6.47 194 19

Freeze 2 0.2 11.71 1.17 0 0

Severe storm 14 1.4 34.37 3.44 337 34
Tropical cyclone 12 1.2 112.79 11.28 299 30

Wildfire 3 0.3 10.85 1.09 29 3

Winter storm 8 0.8 34.49 3.45 596 60

Total 53 53 29291 29.29 3045 304
2000-2009 Events Events/year Total costs Costs/year Deaths Deaths/year
Drought 8 0.8 59.32 5.93 190 19
Flooding 3 0.3 16.76 1.68 47 5

Freeze 2 0.2 4.72 0.47 1 0

Severe storm 27 2.7 60.09 6.01 297 30

Tropical cyclone 15 1.5 396.27 39.63 2443 244
Wildfire 7 0.7 18.58 1.86 109 11

Winter storm 1 0.1 1.17 0.12 4 0

Total 63 6.3 556.9 55.69 3091 309
2010-2019 Events Events/year Total costs Costs/year Deaths Deaths/year
Drought 8 0.8 84.76 8.48 271 27
Flooding 18 1.8 65.22 6.52 212 21

Freeze 1 0.1 1.14 0.11 0 0

Severe storm 71 7.1 170.51 17.05 849 85

Tropical cyclone 12 1.2 475.73 47.57 3567 357
Wildfire 7 0.7 62.49 6.25 209 21

Winter storm 6 0.6 13.04 1.3 116 12

Total 123 12.3 872.89 87.29 5224 522

Calculated by the author. Economic losses are expressed in billions of USD, adjusted for the 2021 con-
sumer price index (CPI)
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Table 3 Summary statistics of the model variables

Min Max Mean  Median 0% 25% 50% 75% 100%

Inat_disasters 0.00 12.12 571 7.25 0.00 0.00 7.25 8.14 12.12
Inat_disasters_srun  0.00 12.11  3.13 0.00 0.00 0.00 0.00 7.48 12.11
Inat_disasters_Irun  0.00 9.96 4.23 5.97 0.00 0.00 5.97 7.34 9.96

gz_spread 1.12 7.93 2.11 1.83 1.12 1.41 1.83 2.48 7.93
gz_spread_est 0.97 4.73 2.06 2.08 0.97 1.62 2.08 2.40 4.73
ebp —-1.08 3.47 0.05 —0.11 -1.08 -032 —0.11 0.17 3.47
mortgage_spread 1.18 2.87 1.66 1.63 1.18 1.46 1.63 1.81 2.87
lind_prod 60.59 104.17 88.58  92.64 60.59 80.62 92.64 99.08 104.17
lepi 127.50 25826 193.54 191.70  127.50 160.35 191.70 228.90 258.26
gsl 0.10 8.40 3.04 2.66 0.10 0.61 2.66 5.17 8.40

Note This table presents the summary statistics of the model variables. The gz_spread represents the
corporate credit spread as defined by Gilchrist and Zakrajsek (2012). The gz_spread_est and the ebp are
variables resulting from the decomposition of the gz_spread. The gz_spread_est denotes the expected
corporate default, while the ebp indicates the excess bond premium, reflecting investor sentiment
towards the corporate credit market. These variables will be introduced later in the paper. The mortgage
spread approximates household credit risk, calculated as the difference between the 30-year conven-
tional mortgage spread and the 10-year treasury securities. The natural disaster variables are expressed
in log + 1, while the exogenous variables are in log. Among the exogenous variables, lind_prod repre-
sents the log of industrial production, lcpi is the log of the consumer price index, and gsl is the 1-year
treasury bond yield. The study period is from January 1990 to December 2019
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Fig.8 Economic Losses from US Severe Natural Disasters (1990-2019) in Billions of 2021 CPI-

Adjusted Dollars (monthly). Source NCEI (2021). Note The study period is from January 1990 to
December 2019
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Economic losses Occurrence
O long-run disasters O long-run disasters
B short-run disasters B short-run disasters
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Fig.9 US Severe Natural Disasters (1980-2021): Short-Run and Long-Run Events. Source NCEI
(2021). Note Economic losses are expressed in billions of USD, adjusted for the 2021 consumer price
index (CPI)

B. Variables in the model
See Figs. 10, 11, and 12.
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Fig. 10 Credit Spreads for Households and Corporates. Sources Gilchrist and Zakrajsek (2012) and
FRED. Note The gz_spread represents the corporate credit spread as defined by Gilchrist and ZakrajSek
(2012). The mortgage spread is calculated by subtracting the 30-year conventional mortgage spread from
the 10-year US Treasury securities. The study period runs from January 1990 to December 2019

@ Springer



The impact of natural disasters on US business credit markets:...

(%)

Estimated GZ credit spread

M Wt

1990 1995 2000

Ao

2005 2010 2015 2020

EBP

W\\

b v

D, N A
VW e )

it

P

1990 1995 2000

2005 2010 2015 2020

Fig. 11 Decomposition of the GZ Corporate Credit Spread. Source Gilchrist and Zakrajsek (2012). Note
The estimated GZ credit spread and the EBP are the results of decomposing the GZ credit spread vari-
able into two components. The estimated GZ credit spread represents the expected corporate default,
while the excess bond premium (EBP) represents investor sentiment towards the corporate credit market.
The study period runs from January 1990 to December 2019

@ Springer



C.Nobletz

Industrial production (log)

130 1955 2000 205 210 215 220
CPI (log)
s ‘/_'_,_/—/’_ﬂ_’
=gy
s
54 /M/—
54 _,./‘/_/
o /,_’-—f ]
H e
//
) =3 20 2005 210 215 =]

1-year Treasury bond yield

3 955 20 2005

Fig. 12 Exogenous Variables. Source NCEI (2021). Note CPI consumer price index. The study period
runs from January 1990 to December 2019

C. Mathematical definitions: GZ credit spread and excess bond
premium

Firstly, Gilchrist and Zakrajsek (2012) derive their GZ credit spreads from the sec-
ondary market prices of senior unsecured bonds issued by a large, representative
sample of U.S. non-financial firms. To prevent issues related to duration mismatch,
they calculate yield spreads for each corporate bond relative to a synthetic risk-free
security that exactly replicates the bond’s cash flows.

That is to say, the spread S, [k] for bond k of company i at time ¢ is defined as the
difference between y, [k], the yield of bond k at time ¢ for company i, and yi [k], the
yield of a hypothetical treasury security with identical cash flows to bond k. Math-
ematically, this is expressed as:

Sulkl = y; [k = ¥ [k] .1

Therefore, the GZ credit spread for month ¢ is calculated as the average of the corpo-
rate bond spreads for that month and is given by:

9% = ]% D D Sulk] (C2)
t 3

i

where N, is the number of bond observations in month ¢.
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Secondly, the EBP and the estimated GZ credit spread are obtained through a
linear regression of the GZ credit spread. The authors estimate the following lin-
ear regression using Ordinary Least Squares (OLS):

InS, [kl = BDFT;, + yZ,[k] + v,[k] (C.3)

where In S;,[k], the log of the corporate bond spread at time ¢, is explained by DFT,,
the expected default of that company, and Z; [k], a vector of bond-specific character-
istics. The term v;,[k] represents the error term, which follows a normal distribution
with a mean of zero. Thus, the probability of default of a company i at time ¢ is
given by:

N N , A2
Sylk] = exp [ﬂDF T+ 7 Zylk] + %] (C.4)

where (ﬁ, f//) are the OLS estimated parameters of the corresponding variables, and &
is the estimated variance of the error term v;,[k]. The estimated GZ corporate credit
spread in month ¢ is then calculated as the average of the bond spreads at time #:

897 = Ni > Y81k (C.5)
I ik

where N, is the number of bond observations in month .
Finally, the Excess Bond Premium can simply be measured as the difference
between StGZ , the GZ credit spread, and S, , the estimated GZ credit spread:
EBP, = 5% - 5% (C.6)

This variable represents "the variation in the average price of bearing exposure to
US corporate credit risk above and beyond compensation for expected default" (Gil-
christ & Zakrajsek, 2012, p. 1700).

D. Impulse response functions analysis

See Figs. 13, 14, 15, and 16.
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lag1: nat_disasters to gz_spread_est

lag1: nat_disasters to mortgage_spread

lag1: nat_disasters to ebp

lag3: nat_disasters to gz_spread_est
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lag3: nat_disasters to mortgage_spread
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lag3: nat_disasters to ebp

lagé: nat_disasters to gz_spread_est
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Fig. 13 IRF - Comparing Lag Selections. Note This figure displays the impulse response functions
(IRFs) (black lines) for different lag choices: one lag, three lags, six lags, and twelve lags. The IRFs are
estimated using local linear projections with the Newey-West correction. The grey shaded area represents
the 90% confidence interval. The time horizon spans two years (24 months)
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LY

1990-01-01: nat_disasters to gz_spread_est
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1990-01-01: nat_disasters to mortgage_spread
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2000-01-01: nat_disasters to ebp

Fig. 14 IRF - Analysis by Starting Date. Note This figure presents the impulse response functions (IRFs
(black lines) for different starting dates: January, 1990, January, 1995, and January, 2000. The IRFs are]
estimated using local linear projections with the Newey-West correction and two lags. The grey shaded
area indicates the 90% confidence interval. The time horizon spans two years (24 months)
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7 O 8 0 0 I e 0 3
mortgage_spread
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Fig. 15 IRF - SVAR model. Note This figure presents the impulse response functions (IRFs) (black lines)
computed using the SVAR model with two lags. The IRFs illustrate the response of the natural disasters,
gz_spread_est, mortgage_spread, and ebp variables to a standard deviation shock from the natural disas-
ters variable. The grey shaded area represents the 90% confidence interval. The time horizon spans two
years (24 months)
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Fig. 16 IRF - SVAR model. Note This figure presents the impulse response functions (IRFs) (black lines)
computed using the SVAR model with two lags. The IRFs illustrate the response of the short-run natu-
ral disasters, long-run natural disasters, gz_spread_est, mortgage_spread, and ebp variables to a standard
deviation shock from the short-run and long-run natural disaster variables. The grey shaded area repre-
sents the 90% confidence interval. The time horizon spans two years (24 months)
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