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Abstract This study examines whether Italian
firms exposed to physical climate risks incur addi-
tional borrowing costs due to spatial spillovers.
Using a sample of 419,040 firm-year observations
from 2016 to 2019, we find a positive relationship
between a firm’s cost of debt and its neighbor-
hood’s average exposure to climate risk. According
to our findings, the costs associated with neighbor-
hood climate risk are as relevant as those associ-
ated with a firm’s direct risk, with small businesses
being the only ones affected by spillover effects.
These results may be explained by small enterprises’
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lack of financial diversification, poor bargaining
power, and strong reliance on credit from financial
intermediaries.

Plain English Summary Climate change promises
to be massively expensive, which is already altering the
financial landscape for businesses in many countries.
Prior investigations into the effects of climate-induced
phenomena (e.g., floods and severe weather) on
borrowing costs have revealed that firms in flood-
prone zones are subjected to heightened loan expenses.
The burden is disproportionately heavier on smaller
enterprises, which are more adversely affected by the
economic repercussions associated with proximity
to high-risk areas. With a focus on Italy, this study
highlights the financial strain climate change imposes
on businesses, emphasizing how smaller companies—
crucial to local economies—face amplified risks,
which could exacerbate economic inequality in areas
vulnerable to climate threats. There is a pressing need
for precise policy measures to safeguard and aid these
at-risk businesses. Implementing such policies is vital
for fostering more resilient local economies that are
better prepared to navigate the financial complexities
induced by climate change.
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1 Introduction

Scholars and policymakers are enmeshed in a growing
debate about the impact of climate change on socioeco-
nomic systems (Choi et al., 2020; Cortés & Strahan, 2017;
Dell et al., 2014; Dessaint & Matray, 2017). By increasing
the frequency of rare and harmful weather phenomena,
climate change poses a major threat to industries, econo-
mies, and societies (Cevik & Jalles, 2022; Felbermayr &
Groschl, 2014; Hong et al., 2019; Hsiang et al., 2017).
Motivated by weather experts’ increasingly alarming pro-
jections, lenders are focusing more attention on environ-
mental issues (Ali et al., 2022; Cortés & Strahan, 2017,
Fard et al., 2020; Houston & Shan, 2022; Nguyen & Wil-
son, 2020) and incorporating firms’ exposure to climate
risks into their loan decisions (Dal Krueger et al., 2020;
Maso et al., 2022). After all, weather-related disasters can
cause severe damage to firms’ proprietary assets or dis-
rupt their business operations (Kousky, 2014). Hence,
lenders are adjusting their credit allocation strategies
(Berg & Schrader, 2012) and charging a risk premium to
hedge against borrowers’ exposure to harmful weather.
These changes can potentially compromise firms’ activi-
ties and impair their solvency (Kling et al., 2021).
Researchers have attempted to understand the relation-
ship between firms’ exposure to climate risk and their
access to financing (Huang et al., 2018). While the empir-
ical literature has associated climate vulnerability with the
cost of corporate financing (e.g., Davlasheridze & Gey-
lani, 2017; Huang et al., 2022; Javadi & Masum, 2021;
Kling et al., 2021), most studies have focused on the bor-
rowing implications of firms’ direct exposure to severe
climate events. However, there is a paucity of evidence
regarding the potential spillover effects stemming from
geographical proximity to highly exposed enterprises.
One factor in such spillover effects seems to be the
structure of local credit markets. Extant research has
shown that local credit markets’ structure is likely to
influence the internalization of negative spillovers
associated with supply chain interconnections (Gian-
netti & Saidi, 2019). Indeed, scholars have claimed that
supplier-customer links act as a potential climate-risk
transmission channel (Henriet et al., 2012) and lend-
ers are expected to adjust their debt pricing decisions
in response to disaster shocks through them (Javadi &
Masum, 2021). Far-sighted lenders that serve a large
share of local credit markets are more likely to inter-
nalize negative spillovers (Giannetti & Saidi, 2019).
Backed by high bargaining power, they can implement
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a credit pricing strategy suited to providing liquidity to
distressed firms’ customers and suppliers when sup-
ply chains expect costly disruptions. In addition, banks
that have long-term relationships with local firms may
exhibit opportunistic behaviors (Kysucky & Norden,
2016) once private information is disclosed, especially
when borrowers are small and thus more likely to rely
on local financial intermediaries (see, e.g., Detragiache
et al., 2000; Ongena & Smith, 2000; Ozkan, 2001).

Assuming that lenders will hedge against the poten-
tial propagation of distress, we want to empirically test
whether firms’ cost of borrowing is influenced by not
only their own direct exposure to the risk of climate-
related disasters, but also by the exposure of neighbor-
ing firms. We then aim to explore whether smaller com-
panies are more susceptible to negative spatial effects,
presuming that lenders’ pricing strategies are expected
to burden less financially diversified borrowers.

To answer these questions, we used a sample of non-
financial private firms operating in Italy. Italy is as an
ideal setting because its geomorphological characteris-
tics and intense urbanization make the country highly
vulnerable to hydrogeological risks. Approximately 91%
of Italian municipalities are affected by landslide and/or
flood hazard zones, while 16% of the national territory
features areas classified as high and very high landslide
and/or medium flood hazards (Iadanza et al., 2021).
In May 2023, for instance, heavy rainfall impacted the
Italian region of Emilia-Romagna, with more than
450 mm of rain recorded in several localities. These
extreme natural events triggered severe floods and land-
slides throughout the region, forcing hundreds of peo-
ple to evacuate their homes.! Later, in September 2023,
the region of Marche suffered severe flash floods that
killed 13 people and caused huge damages.” Similarly,

U For further information, refer to the Italian Institute for Envi-
ronmental Protection and Research (ISPRA); BBC News, May
18, 2023, https://www.bbc.com/news/world-europe-65632655;
and The Guardian News, May 21, 2023, https://www.thegu
ardian.com/world/2023/may/21/italy-over-36000-people-displ
aced-by-floods-as-giorgia-meloni-departs-g7-summit-early.

2 After the event, Intesa Sanpaolo, UniCredit, and Credit
Agricole Italia pledged support to affected customers. Intesa
Sanpaolo allocated €200 million for emergency aid, including
a 12-month loan repayment pause. UniCredit offered a 1-year
moratorium on loan repayments for flood victims. Credit Agri-
cole Italia provided loans with better terms and expedited
approval processes for quicker fund access (https://www.reute
rs.com/business/finance/top-banks-italy-rush-help-clients-
flood-stricken-marche-region-2022-09-16/).
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Tuscany recorded 257 mm of rain in just 24 h—more
than the monthly average rainfall for this time of year.®

Additionally, Italian enterprises are significantly
dependent on debt financing, particularly through
traditional sources like bank loans (Aristei & Gallo,
2017). Italian entrepreneurs have traditionally been
reluctant to take on equity partners due to their fear
of undesired interferences and loss of control (Mar-
tin et al., 2002). Bank loans thus represent a signifi-
cant proportion of Italian firms’ financial liabilities,
reflecting the historical relevance of bank credit for
corporate financing (Aristei & Gallo, 2017). In 2019,
bank loans accounted for more than 51% of all debt
of Italian non-financial corporations—a percentage
far exceeding the European average (Bank of Italy,
2020). Thus, the country presents a good backdrop
for investigating whether borrowing costs are affected
by firms’ exposure to the risk of natural disasters.

For our analysis, we combined firm-level account-
ing data with granular information on the flood risk
faced by Italian municipalities. To determine whether
flood risk exposure directly or indirectly affects
firms’ debt costs, we estimated a correlated random
effects model, augmented with the spatial difference
between a firm’s neighborhood flood risk and its own
risk, while controlling for both time-varying and
time-invariant heterogeneity. In line with previous
evidence, we found a positive association between
a firm’s climate risk (proxied by flood risk) and the
cost of debt (e.g., Kling et al., 2021). According to
our findings, an increase in flood risk of one standard
deviation is associated with an increase of 18.5-basis
points in the firm’s borrowing costs. In other words,
companies in the highest-risk municipalities may face
borrowing costs that are 1.24% higher than those in
the lowest-risk municipalities.

By focusing on the average flood risk faced by
enterprises within a 10-km radius of the focal firm,
we also show that companies located close to risk-
ier areas may incur additional debt costs.* More
precisely, an increase in neighbors’ flood risk of
one standard deviation is associated with at least a
10-basis point increase in the firm’s borrowing costs.

3 See https://www.bbc.com/news/world-europe-67306519.

4 We also considered a radius of 25 km as an alternative defi-
nition of a firm’s neighborhood. The results remain unchanged,
but are available upon request.

Most importantly, when disentangling the spillover
effect of physical climate risk by firm size, we find
that smaller enterprises bear the additional cost of
operating in a risky neighborhood, whereas larger
enterprises do not. We conducted a battery of robust-
ness tests, which are available in the Electronic Sup-
plementary Material (available online), to validate
our results. First, after having discussed the econo-
metric foundations of our approach, we used the near-
est neighborhood estimator to further address omit-
ted variable issues. Second, we exploited the average
distance from neighbors to control for measurement
errors in the flood risk variable. Third, we analyzed
the flood risk affecting individuals and areas sepa-
rately in order to dismiss the possibility that factor
analysis influenced our findings. Finally, we per-
formed a mechanism analysis to support the hypoth-
esis that flood risk spatial effects are the result of a
bargaining process between businesses and financial
intermediaries.

In short, this study provides a comprehensive
analysis of the direct and indirect implications of cli-
mate risk on firms’ borrowing costs. By accounting
for firms’ direct exposure to flood risk and the spatial
spillover effects of natural disasters, this study sheds
new light on the financial implications of firms’ expo-
sure to climate risk. In line with previous evidence on
lenders’ sensitivity to climate-related issues, we find
that borrowers’ exposure to flood risk is associated
with the cost of rising debt (e.g., Huang et al., 2022;
Kling et al., 2021). Importantly, we also observe that
climate-related risks propagate through regional envi-
ronments and burden neighboring firms—particularly
small businesses, which are likely to face stringent
credit constraints (Kirschenmann, 2016).

The remainder of this paper is organized as fol-
lows: We review the literature and develop the related
research questions in Section 2, and then present
our data and empirical strategy in Sections 3 and 4,
respectively. We discuss our results in Section 5 and
conclude the paper in Section 6.

2 Related literature and research questions
Several studies have examined how physical climate
risks affect firms’ borrowing costs. Kling et al. (2021)

noted a positive correlation between the two, find-
ing that a firm’s exposure to climatic events has an
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additional indirect effect on the cost of borrowing
because it restricts access to financing. Javadi and
Masum (2021) proved that the exposure to drought
risk is priced by lenders and associated with an
increase in the cost of bank loans. Poorly rated firms
suffer the most from the negative effects of drought
risk exposure. Similarly, Huang et al. (2022) showed
that the costs of corporate financing rise in tandem
with the risk of being hit by climate change-related
natural disasters.

While numerous studies have established a link
between firms’ direct exposure to natural disasters
and higher borrowing costs, there remains a gap in
understanding how the spatial effects of natural disas-
ter risk influence financing costs. Correa et al. (2022)
recently established that lenders charge higher costs
even to firms located near disaster areas, pointing to
the transmission of the negative effects of extreme
events across units. Nonetheless, the field still lacks
a definitive answer to whether lenders charge firms
based on their geographical proximity to climate-
vulnerable firms. In that vein, the present study seeks
to determine whether these spatial effects arise before
the occurrence of a negative event, such as flooding.

The interplay of concomitant factors may explain
why firms’ climate vulnerability is partially trans-
ferred to spatially proximate units. First, supplier-
customer links act as a potential risk transmission
channel. Previous studies have provided theoretical
and empirical support to the propagation of climate
risk through supply chain connections (Elliott et al.,
2019; Henriet et al., 2012; Hertzel et al., 2008; Javadi
& Masum, 2021). For instance, Javadi and Masum
(2021) showed that a firm’s cost of debt is higher
when the firm’s customers are more likely to be hit by
natural disasters. The preparations that firms under-
take to manage the indirect consequences of natu-
ral disasters seem to affect lenders’ perceptions of
creditworthiness (Henriet et al., 2012). Second, the
extent to which lenders take actions to anticipate and
counteract the potential propagation of distress from
natural disasters is thought to stem from the struc-
ture of the local credit market. Giannetti and Saidi
(2019) noted that credit market concentration at the
local level facilitates the internalization of negative
spillovers associated with supply chain interconnec-
tions and asset fire sales. Because high-market-share
lenders are prominent providers of credit, they are
more likely to provide liquidity to the customers and
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suppliers of distressed firms when the disruption of
supply chains is expected to be costly. In addition,
prominent lenders may impose higher rates on bor-
rowers in order to accumulate resources that will
serve as liquidity insurance during times of distress
(Kysucky & Norden, 2016). Indeed, forward-looking
lenders should anticipate the occurrence of negative
shocks by implementing a risk management frame-
work that mitigates their adverse effects. Third, such
behaviors may be also backed by the nature of lender-
borrower relationships. Financial intermediaries
engaging in relationship lending may take advantage
of lower information opacity to adjust their credit-
pricing strategy (Berger et al., 2008). As argued by
Kysucki and Norden (2016), a strong lender-borrower
relationship can be a double-edged sword for borrow-
ers. On the one hand, a long-term relationship may
reduce inefficiencies related to information asym-
metries. On the other hand, lenders might pursue an
intertemporal pricing strategy whereby they attract
firms with seemingly advantageous credit terms and
then raising the borrowing costs once the private
information is revealed. According to Kysucki and
Norden (2016), the former (vs. latter) effect is more
likely to be observed in economies with higher (vs.
lower) levels of bank competition. Relying on the
above conjectures, we test whether the firms’ cost of
borrowing incorporates neighboring units’ exposure
to the risk of natural disasters. Specifically, we intend
to answer the following research question:

RQ.1: Does spatial proximity to climate-vulnera-
ble neighbors affect a firm’s cost of debt?

According to the literature on financing decisions
(Ozkan, 2001) and borrower-lender relationships
(Berger & Udell, 2002; Kysucky & Norden, 2016),
there is another element that may exacerbate the
transmission of climate risk across proximate units:
firms’ size. Kysucki and Norden (2016) highlighted
that economies with a high number of small and
medium enterprises (SMEs), which face difficulties
diversifying their financial sources, are more likely
to exhibit higher borrowing costs associated with
long-term credit relationships. In this respect, smaller
firms typically struggle to raise funds and face credit
rationing because of asymmetric information issues
and more firm-specific risks (Kirschenmann, 2016;
Ozkan, 2001). Unlike larger enterprises, which are
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more prone to diversifying their debt sources to sat-
isfy complex and varied financial needs (Detragiache
et al,, 2000; Ongena & Smith, 2000), SMEs may
struggle to diversify their financial sources; hence,
SMEs tend to have lower bargaining power and
higher exposure to negative externalities. Drawing
external capital from diverse providers can mitigate
larger enterprises’ exposure to single intermediar-
ies’ loan-pricing policies, thus providing protection
against localized extreme weather events. In this vein,
Davlasheridze and Geylani (2017) investigated the
impact of natural disasters on the survival of SMEs
in the US. The authors found that small businesses
are particularly susceptible to adverse weather events,
with disaster loans provided by the Small Business
Administration playing a significant role in their sur-
vival. Meanwhile, Basker and Miranda (2018) con-
firmed that smaller firms bear the brunt of natural
disasters: for instance, smaller firms in Mississippi
exhibited lower survival rates in the aftermath of Hur-
ricane Katrina compared to their larger counterparts.
What existing research lacks, however, is an under-
standing of how firm size might affect a firm’s vulner-
ability to the indirect effects of spatial climate spillo-
vers. This gap highlights the need to explore whether
smaller firms exacerbate the risks of natural disasters
that spill over to neighboring firms. We aim to fill this
void by addressing the following research question:

RQ. 2: Does proximity to risky neighbors affect
smaller firms’ cost of debt to a greater extent than
larger firms?

3 Data
3.1 Sample and data collection

We created our dataset using Orbis (Bureau van Dijk)
accounting data and the ISTAT database for munic-
ipality-level data.’ Table 1 features a description of
the main variables used along with their sources. Our
sample selection process began with all Italian firms

5 Source: Indicatori del sistema informativo a misura di
comune, https://www.istat.it/it/archivio/279229; Mappa rischi
Istat (hydrogeological risk metrics) https://www.istat.it/it/
mappa-rischi.

covered by Orbis during the period 2016-2019.° We
started our sample period in 2016 because the flood
risk measure provided by ISTAT refers to 2018,
whereas we stopped in 2019 to avoid the influence
of COVID-19. Our final sample consists of 419,040
firm-year observations (i.e., 104,760 firms). Tables
Al and A2 in the Electronic Supplementary Material
respectively describe the sample selection criteria and
the distribution of observations by year-NACE gen-
eral category.

3.2 Cost of borrowing

Following previous literature (e.g., Kling et al., 2021;
Palea & Drogo, 2020), we proxied firms’ cost of debt
as the ratio of interest expenses to total financing lia-
bilities at the fiscal year-end. While previous studies
have adopted specific bank loan term data (e.g., loan
spread) as a proxy for the cost of borrowing (e.g.,
Huang et al., 2022; Javadi & Masum, 2021), we relied
on accounting measures due to the data available for
private Italian companies.

3.3 Measuring flood risk

We used data provided by ISTAT to measure flood
risk. As of June 2018, ISTAT has distributed an
integrated framework on natural risks in Italy at the
municipality level, along with demographic, housing,
territorial, and geographical information. Similar to
Dessaint and Matray (2017), we matched firm-level
data with local flood risk using firms’ headquarters
municipality name.

ISTAT considers two types of flood risk: those
faced by residents of a municipality and those faced
by areas within a municipality. For each type of risk,
ISTAT defines the following three classes of risk: low
risk (P1), medium risk (P2), and high risk (P3). The
level of risk is determined by the frequency of floods.
Those areas and individuals who are characterized as
high risk (P3) are likely to experience floods every
20-50 years; those categorized as medium risk (P2)
are likely to experience floods every 100-200 years,
while those classified as low risk are unlikely to expe-
rience floods at all.

® To avoid the impact of very small companies, we only
selected firms with total assets and revenues greater or equal to
€ 50,000 and 100,000, respectively.
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Table 1 Definitions of variables

Variables Description Source (code)

Cost of debt (KD) Total interest paid divided by total financing Orbis (INTE, LOAN, LTDB)
liabilities at fiscal year-end

Flood risk (FR) Flood risk is measured as the first component Mappa Rischi ISTAT (IDR_AreaP3,

Flood risk neighbor (FR 10 km)

Differential flood risk (DFR 10 k m)

Tangible assets (TA)
Interest coverage (IC)
Working capital (WC)

Size (SIZE)
Return on assets (ROA)

Leverage (LEV)

Industry risk (IND_R)

Density

Structural dependency

Local branches

extracted using the areas (FLOOD_R_AREA)

and resident population at risk (FLOOD_R _
POP) in areas with high hydraulic danger

Average flood risk of the firms located within a

radius of 10 km from the focal firm i

Difference between the average flood risk for all

other firms located in a 10-km radius neigh-
borhood of firm i and the flood risk faced by
firm i

Tangible assets divided by total assets at fiscal

year-end

Operating income divided by total interest paid

at the fiscal year-end

Current assets minus current liabilities divided

by total assets at fiscal year-end

Natural logarithm of total assets (in €)

Operating income divided by total assets at

fiscal year-end

Financing liabilities divided by total assets at

fiscal year-end

Dummy variable that takes value of 1 if the
company operates in an industry most affected

by climate risk such as oil, gas, coal, energy,
and agriculture (i.e., NACE 2-digit code: 01,
02, 03, 05, 06, 07, 08, 09, 10, 11, and 35)

Natural logarithm of density rate (at municipal-

ity level). Density is measured as the number
of residents per km?

Natural logarithm of structural dependency rate
(at municipality level). Structural dependency

is measured as “non-working age population

(0—14 years and 65 years and over) over work-

ing age population (15-64 years), multiplied
by 100.”

The ratio between the number of local branches
of firms in the financial sector (NACE 2-digit

code 64) within a 10-km radius of the focal
firm and its maximum value observed in the
neighborhood most populated with financial
institutions

IDR_PopP3)

Mappa Rischi ISTAT (IDR_AreaP3,
IDR_PopP3)

Mappa Rischi ISTAT (IDR_AreaP3,
IDR_PopP3)

Orbis (TFAS, TOAS)
Orbis (OPPL, INTE)
Orbis (CUAS, CULL TOAS)

Orbis (TOAS)
Orbis (OPPL, TOAS)

Orbis (TOAS, LOAN, LTDB)

Mappa Rischi ISTAT

Mappa Rischi ISTAT

ISTAT

All variables are ratios or log-transformed variables; therefore, all values are expressed as pure numbers

Based on the standard loan duration, we expect
that lenders would primarily price high-risk sce-
narios. Therefore, we constructed our synthetic
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measure of flood risk (FR) by applying factor analy-
sis to two separate, but related indicators of munic-
ipality risk: the fraction of areas at high hydraulic
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risk (FR,,.,) and the fraction of residents exposed to
a high hydraulic risk (Fanp)'7 The objective of this
data reduction technique is to identify the common
factors that underlie a set of covariates. Specifically,
it reduces the number of covariates describing a
certain phenomenon by identifying linear combina-
tions of variables that provide most of the informa-
tion contained in the initial variables and, hopefully,
enable meaningful interpretation. A factor analysis
based on two covariates is considered reliable only
if the two variables are highly correlated with each
other (i.e., a correlation coefficient greater than 0.7)
and relatively uncorrelated with other predictors
(Yong & Pearce, 2013). Both conditions are met in
our case; however, we use both indicators of flood
risk separately as a robustness test. The first com-
mon factor (FR) corresponds to the only factor with
an eigenvalue greater than 1 (i.e., 1.506) and load-
ing factors of 0.868 for both area and population risk
measures. Factor scores were generated using stand-
ardized information, resulting in standardized scores
as well.

Figure 1 presents an infographic of hydrogeo-
logical risk in Italian municipalities. By dividing
the overall flood risk into quartiles, we observe that
Northern Italy exhibits a higher degree of heterogene-
ity in hydrogeological risk; by contrast, flood risk in
Southern Italy is relatively high and diffused. In light
of recent floods, it is not surprising that some munici-
palities in the Emilia-Romagna region were classified
as high-risk areas. Finally, we want to note a lack of
data in the mountainous areas and certain inner areas
of Sicily and Sardinia.

3.4 Defining firms’ neighbors

We considered firm j to be a neighbor of firm i when
j falls within a critical distance band from i. Our
choice of the optimal distance band flowed from two
considerations: First, the distance band should be
selected so that each firm has at least one neighbor

7 Notice that our synthetic measure of flood risk as the two
underlying indicators is a pure number; its regression coef-
ficients should be interpreted in terms of its first and second
moments. Because population density affects the correlation
between the two indicators, we also analyzed each flood risk
indicator separately in the Electronic Supplementary Material
(Section D).

(so as to prevent firms from being isolated by overly
restrictive cutoffs). Second, the critical distance
should not feature too much autocorrelation in order
to ensure a sufficient degree of heterogeneity in
hydrogeological risk.

With s denoting the standardized value of flood
risk, and considering that the covariance of stand-
ardized variables corresponds to their correlation,
we wrote the correlation between a pair of firms i—j
as a function of their geodetic distance as follows:
s;; = f (dy) + u, where f(e) is an a priori unknown
function, dij is the distance between pair i and j, and
u is the error term.® We estimated f(s) using a non-
parametric kernel estimator (Bjgrnstad & Falck,
2001). In contrast to other parametric estimators,
this approach does not rely on a predetermined spa-
tial weight matrix, but instead allows data to endog-
enously determine the optimal distance band.

The top panel of Fig. 2 displays the spatial cor-
relogram of hydrogeological risk and represents the
non-parametric estimation of f(e). This correlogram
constitutes an alternative measure of global spatial
autocorrelation. As expected, hydrogeological risk
exhibited the highest correlations for pairs of firms
located within a radius of 5 km. There was also a sig-
nificant decline in autocorrelation after 10 km, which
continued until 25 km.” Unexpectedly, the spatial
autocorrelation of hydrogeological risk increased at a
distance of 35 km.

This latter result can be explained by the bottom
panel of Fig. 2, which illustrates the proportion of
firm pairs that are located at a certain distance from
each other. Most firms were located between 7.5 and
12.5 km from neighbors; thus, the distance cutoff
of 10 km gives firms enough neighbors to allow for
robust inference. In contrast, only a few companies
were located above 30 km, which is why the corre-
sponding autocorrelation reported in the top panel is

8 Because we have unprojected points (i.e., locations
expressed as degrees of longitude and latitude), we used geo-
detic distances rather than straight-line distance measures to
account for the curvature of the earth. This methodology is
particularly suitable when dealing with long distances.

% Since the spatial autocorrelation of flood risk decreased sig-
nificantly within a radius of 10 km and reached a minimum
after 25 km, we also extended the definition of neighborhood
to a radius of 25 km to ensure that our results are robust. The
robustness checks are available upon request.
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Fig. 1 Hydrogeological
risk at the municipality
level. The figure shows a
map of Italy in which the
colors correspond to each
municipality’s flood risk
level. Flood risk is catego-
rized into quartiles

Quartiles of Risk
4th quartile

|| 3rd quartile

|| 2nd quartile

|| 1st quartile

No Data

relatively noisy. In general, Italian businesses tend to
be concentrated within a radius of 25-30 km.

After having determined the optimal distance
band, we computed the average flood risk for all
other firms within the neighborhood:
ﬁNi = @, with j#i. Given ﬁNi, we also
computed the difference between the average flood
risk for all other firms located in a neighborhood of
firm i (i.e., jE€N,, and j# i) and the flood risk
faced by firm i(i.e.,FR;) : DFRy = FRy —FR;. In
Section 4 and in the Electronic Supplementary

@ Springer
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Material, we discuss the reasons for using DFRy
instead of FRy to capture spatial effects.

3.5 Control variables

Prior literature points to several control variables asso-
ciated with the cost of debt (e.g., Huang et al., 2022;
Jung et al., 2018; Kling et al., 2021). Therefore, we
controlled for firm size, performance, liquidity, and
financial risk. We accounted for firm size using the
natural logarithm of total assets (SIZE) and the ratio
of total fixed assets to total assets (TA). As established
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by previous studies (e.g., Jung et al., 2018; Kling et al.,
2021), larger companies are less likely to go bankrupt;
therefore, it might be assumed to have a negative cor-
relation with the cost of borrowing. We measured a
firm’s profitability as operating income divided by
total assets (ROA) (Huang et al., 2022) and operating
income divided by total interest expenses (IC) (Ali
et al., 2022). We expected that more profitable firms
are less likely to go bankrupt; hence, we expected a
negative correlation between profitability and borrow-
ing costs. We measured liquidity using the ratio of
working capital (operating current assets minus operat-
ing current liabilities; WC) to total assets (e.g., Kling
et al., 2021; Palea & Drogo, 2020). We expected firms
with lower liquidity to pay a higher spread on the cost
of debt. Finally, we used the total debt-to-assets ratio
(LEV) to account for financial risk. Accordingly, firms
with high leverage are riskier, which results in higher

debt costs.'” Finally, following Huang et al. (2018) and
Kling et al. (2021), we added a dummy variable for
firms in climate-sensitive sectors (e.g., oil, gas, energy,
agriculture) to account for their greater cash flow vola-
tility and the related impacts on borrowing cost.

3.6 Descriptive statistics

Table 2 presents the main descriptive statistics for the
dependent and independent variables. As reported,
our average sample firm had a borrowing cost of

10 We winsorized all firm-level variables at the 5th and 95th
percentiles to minimize the likelihood that outliers will overly
influence our results (e.g., Kling et al., 2021; Pittman & For-
tin, 2004; Sanchez-Ballesta & Garcia-Meca, 2011). It is worth
noting that government financial support for businesses in
impacted regions can temporarily mitigate shock effects and
halt their spread to adjacent areas. However, our study lacked
specific data on that assistance.
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Table 2 Descriptive

o Variable Mean St. Dev  Min Q1 Median Q3 Max
statistics (Obs.=419,040)

Dependent variable
KD 0.058 0.050 0.008 0.023 0.042 0.073 0.204

Main independent variables
FR,ca 0.177 0.106 0 0.095 0.173 0.268 0.869
FR,o, 0.147 0.116 0 0.029 0.149 0.227 0.853
FR —-0.029 0.927 —1455 -0.796 -0.222 0.687 4.768
FR (10 km) —-0.030 0.728 —1455 -0579 -0.156 0.619 3.529
DFR (10 km) —0.001 0.563 -3.775 —0.124  0.000 0.145 3.084
SIZE 14.485 1.458 10.665 13.410 14.334 15.444  24.545

Control variables
ROA 0.052 0.053 —-0.025 0.018 0.038 0.074 0.187
TA 0.248 0.252 0.004 0.041 0.153 0.389 0.842
LEV 0.238 0.158 0.020 0.104 0.214 0.351 0.562
IC 14.233 26.166 -3.615 1.581 3.603 12.204  104.059
wC 0.173 0.225 —-0.238 0.013 0.164 0.332 0.595
IND_R 0.055 0.229 0 0 0 0 1

5.8%, a return on assets of 5.2%, a weight of tangible
assets of 24.8%, a debt-to-assets ratio of 23.8%, and
interest coverage of 14.2%. Concerning flood risk, on
average, 17.7% of areas present a high flood hazard
risk (FR,,.,), while 14.7% of the population lives in

areas with a high flood hazard risk (FRpop).11

4 Econometric specification

To identify the effect of time-invariant heterogeneity,
specifically flood risk, on firms’ borrowing costs, we
estimated a cross-regressive model re-written in terms
of differential spatial effect. This methodology allowed
us to control for unobserved neighborhood attributes
that could potentially influence firms’ location and bor-
rowing costs.'? Following Mundlak (1978), we also

1 Pearson’s pairwise correlation coefficients are available in
the Electronic Supplementary Material (Table A3).

12 In the Electronic Supplementary Material, we present the
key features of this methodology and its underlying assump-
tions. However, the rationale behind the robustness of our
specification can be summarized as follows: unlike a spatial
cross-regressive model in which neighbors’ flood risk is directly
incorporated into the linear model, our specification results in
a lower likelihood that unobserved neighborhood attributes will
have a significant correlation with the spatial difference DFR),.
Nonetheless, in the Electronic Supplementary Material, we fur-
ther test the robustness of our conclusions by also estimating a
nearest neighborhood model (Grinblatt et al., 2008).
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included firm-level, time-averaged variables in the
model to consistently estimate both the within- and
between-effects of time-varying factors. With respect
to a model incorporating firm-specific fixed effects,
this approach allowed us to account for the correlation
between time-invariant factors and time-varying firm
attributes without removing the effects of time-invari-
ant regressors, such as flood risk measures. Formally,
we estimated the following linear model:

KD; = fiy + B FR; + f,DFRy +1'X; + 8'X; + u, + &,

ey
where KDj, is the cost of debt by firm i at time ¢, FR;
is the flood risk faced by firm i, DFRy is the differ-
ence between the average flood risk for all other firms
located in a neighborhood of firm i (ie., j € N;, and
J # i) and the flood risk faced by firm i(i.e., FR;), X;, is
a set of time-varying control variables (as described in
Section 3.3), Z is the panel-level means of X, 4, is the
time-fixed effects, and ¢, is the error term. All the infer-
ences are based on cluster-robust standard errors.'® As
mentioned, we considered firms within a 10-km radius
as neighbors. If our conjecture on spatial spillovers is

13 To test for the presence of additional spatial correlation
resulting from the spatial overlap of neighborhoods, we also
calculated standard errors corrected for arbitrary cluster cor-
relation in spatial and network settings. However, our main
results remained extremely robust.
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Fig. 3 Addressing municipality-level omitted variables

true, then the coefficient of ﬁNi should be positive.
In other words, firm i should face higher financial costs
when its neighbors are riskier.

We also estimated a restricted form of Eq. (1) by
imposing f, = 0. In this way, we tested the existence of
a positive effect of flood risk on borrowing costs with-
out considering spatial effects (Kling et al., 2021; Palea
& Drogo, 2020). We re-estimated Eq. (1) by removing
observations for which DFRy was zero so as to avoid
inflating our estimates with firms whose neighborhoods
are entirely located within the same municipality or sur-
rounded by municipalities that are as risky as their own.

After having estimated Eq. (1), we take advan-
tage of the fact that our flood risk measure is at the
municipal level, but the spatially lagged variable
extends beyond municipal boundaries, so as to be
able to control for time-invariant omitted vari-
ables at the municipality level that may correlate
with both FR; and KD;,. This concept is illustrated
in Fig. 3, where riskier municipalities are repre-
sented with darker shades; some firms in munici-
pality A have neighbors located in municipalities
B to F that have different levels of flood risk. In
other words, we exploited the fact that firms located
within the same municipality differ in terms of
neighborhood riskiness. Depending on the number
of these firms and the variability of the flood risk

measure, we may be able to estimate spatial effects
consistently.'*
Thus, Eq. (1) becomes:

KD;, = fy + ﬂzﬁNi + 71X+ 61X + py + Hm, T &

@
where i, is the fixed effect for the municipality in
which firm i is located.

We concluded the analysis related to our first
research question by investigating whether spatial
effects are symmetric. More precisely, we tested
whether negative effects from riskier neighbors are
stronger or weaker than positive effects from safer
neighbors. Accordingly, we separately estimated
Eq. (2) for firms characterized by a safer neighbor-
hood (i.e., ﬁNi < 0) and firms characterized by a
riskier neighborhood (i.e., DFRy, > 0).1

To answer our second research question, we
augmented our specifications with two interaction
terms: SIZE « FR; and SIZE « DFRy .. Both terms are
expected to have negative coefficients, indicating that
smaller firms incur higher debt costs than larger firms
due to their own and their neighbors’ exposure to cli-
mate risk. Even in this case, we will also consider the
asymmetric effects for firms surrounded by safer or
riskier neighbors.

5 Results
5.1 Flood risk externalities

Table 3 reports the estimation results for Eq. (1) with
and without spatial difference in flood risk. Col-
umn (1) only considers the effect of a firm’s flood
risk, without accounting for the possibility of spa-
tial effects. Column (2) also includes the difference
between the average flood risk for all other firms
located in a neighborhood of firm i and the flood risk

14 We tested whether the spatially lagged difference in flood risk
exhibits sufficient intra-municipality variability to provide mean-
ingful estimates in the Electronic Supplementary Material.

5 In the Electronic Supplementary Material, we have also
divided firms into quartiles based on DFRy and then assessed
the average effect of each quartile when cor‘npared to the low-
est quartile (Table D3).
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Table 3 Flood risk and cost of borrowings

Column (1) Column (2) Column (3)
Constant 0.2399%**  (.2335%**  (.2338%*:*
[21.18] [19.78] [19.17]
FR 0.0012%**  0.0018***  (0.0020%**
[2.73] [2.70] [2.68]
DFR (10 km) 0.0016** 0.0018%*
[2.13] [2.16]
SIZE —0.0121%** —0.0121%** —(0.0119%**
[—29.34] [—29.34] [—29.46]
ROA 0.1922%**  (0.1922%**  (,1919%**
[25.64] [25.64] [24.86]
TA 0.0050%**  0.0050***  0.0047***
[3.45] [3.45] [3.22]
LEV —0.2196%**  —(.2196%** —(0.2190%**
[—49.45] [—49.45] [—47.91]
IC —0.0006%**  —0.0006%** —0.0006%**
[—27.64] [—27.64] [—26.79]
WwC 0.0044%**  0.0044%**  0.0047***
[5.51] [5.51] [5.74]
IND_R 0.0005 0.0006 0.0007
[0.68] [0.69] [0.79]
Density 0.0007%%* 0.0007%** 0.0008***
[2.24] [2.40] [2.65]
Structural depend- —0.0153*** —(0.0138*** —(.0141%%*
ency [—5.64] [—5.05] [—5.03]
Year-fixed effects  Yes Yes Yes
Mundlak’s cor- Yes Yes Yes
rection
Observations 419,040 419,040 402,372
Sample Full Full DFR #0
Adjusted R? 0.338 0.338 0.337

t- statistics are presented in parentheses and are based on
standard errors clustered at the NUTS3 level

*Statistical significance at the 0.10 level (two-tailed)
**Statistical significance at the 0.05 level (two-tailed)

***Statistical significance at the 0.01 level (two-tailed)

faced by firm i (i.e., DFR). Finally, compared to Col-
umn (2), Column (3) excludes firms with neighbor-
hoods entirely located within the same municipality
or surrounded by municipalities with the same risk
level. All columns include firm-specific control vari-
ables, year-fixed effects, and Mundlak’s correction.

In line with previous studies, the coefficient of FR
reported in Column (1) indicates that the firm’s flood
risk and cost of debt are positively correlated, while

@ Springer

most of the coefficients of the control variables align
with previous studies (e.g., Kling et al., 2021). On
average, an increase in flood risk by one standard devi-
ation is associated with increased borrowing costs of
approximately'® 11.1 basis points (Column 1).'7 If we
consider that FR ranges between —1.45 and 4.76, firms
located in the most dangerous areas are likely to pay
0.745% more than firms located in the safest areas.'®

Columns (2) and (3) show two important results.
First, once we include the spatial difference in flood
risk into the model, the coefficient of FR significantly
increases. In this case, firms located in the most dan-
gerous areas are likely to pay 1.24% more than firms
located in the safest areas.'® Second, the coefficient of
the differential flood risk for companies located within
a 10-km radius of the focal firm is positive and statis-
tically significant. This means that proximity to risky
neighborhoods also contributes significantly to firms’
debt costs. Specifically, firms are likely to pay 0.18%
more for every unit change in the differential flood risk
(i.e., Column 3 of Table 3). Although the coefficients
of FR and DFR have similar magnitudes, Table 2 indi-
cates that the former has a higher standard deviation
of 0.927 than the latter (with a standard deviation of
0.563). Therefore, using the estimates reported in Col-
umn 3 of Table 3, we see that one standard deviation
variation of FR leads to an increase of 18.5 basis points
in KD, while one standard deviation variation of DFR
leads to an increase of 10 basis points in KD. The con-
trol variables show firm-level diversity, with the SIZE
coefficient revealing that larger firms enjoy lower bor-
rowing costs, likely due to better capital market access
(Ozkan, 2001). We will further explore the influence of
SIZE on borrowing costs in the next section.

Table 4 reports the estimated coefficients of Eq. (2).
Notice that, because the inclusion of municipality
fixed effects completely absorbs the effect of direct

16 Since the standard deviation of FR is 0.927 and the esti-
mated coefficient is 0.12%, we have that 0.9270.12% =0.111%.
17 Correa et al. (2022) found that banks increase loan spreads
for borrowers that are highly exposed to climate-related dis-
asters, with hurricanes adding 19 basis points, while wildfires
and floods add 8 basis points.

18 Here is the formula: (4.76 +1.45) 0.12%=0.745%.

19" A y%(1)-statistic of 5.15 allows us to reject the null hypoth-
esis of equal coefficients of FR in Column (1) and Column (2)
at p=0.023. This indicates that the omission of DFR in Col-
umn (1) leads to a downward biased coefficient for FR.
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Table 4 Flood risk and cost of borrowings (municipality fixed
effects)

Column (1) Column (2) Column (3)

Constant 0.1780***  0.1763***  (.1786%***
[239.49] [154.87] [158.29]
DFR (10 km) 0.0026***  0.0017 0.0040%**
[3.72] [1.48] [3.69]
Firm’s controls Yes Yes Yes
Year-fixed effects Yes Yes Yes
Mundlak’s correction  Yes Yes Yes
Municipality-fixed Yes Yes Yes
effects
Observations 419,040 206,396 195,976
Sample Full DFR <0 DFR>0
Adjusted R? 0.354 0.352 0.356

t-statistics are presented in parentheses and are based on robust
standard errors

*Statistical significance at the 0.10 level (two-tailed)
**Statistical significance at the 0.05 level (two-tailed)

***Statistical significance at the 0.01 level (two-tailed)

flood risk on the cost of debt, our results account
exclusively for the effect of spatially lagged differ-
ences in flood risk on a firm’s cost of debt. The coeffi-
cient of DFR in Column (1) is consistent with those in
Table 3, demonstrating that our findings are robust to
the omission of time-invariant variables at the munici-
pality level. Therefore, even when we control for the
time-invariant effects at the municipal level, our pre-
vious conclusions regarding the existence of spillover
effects from risky neighbors and their negative conse-
quences for small firms remain valid.

To determine whether negative spillovers from
riskier neighbors are stronger or weaker than posi-
tive spillovers from safer neighbors, we divided our
sample into two subsamples. Specifically, Column (2)
only considers firms surrounded by safer neighbors
(i.e., DFR <0), whereas Column (3) only considers
firms surrounded by riskier neighbors (i.e., DFR > 0).
As shown in these two columns, spatial effects are
significant only for firms characterized by riskier
neighbors. The coefficient of DFR reported in Col-
umn (3) indicates that firms that exhibit the greatest
differential risk with respect to their neighbors (i.e.,
DFR =3.084) pay 1.23% more on loans (on average)
than firms surrounded by neighbors with the same
flood risk (i.e., DFR =0).

5.2 Flood risk, firm size and cost of borrowings

We now examine whether small companies are more
vulnerable to climate risk, both directly and indirectly.
Table 5 reports the estimates of Egs. (1) and (2), with
and without the spatially lagged difference in flood
risk, and augmented by the inclusion of an interaction
term between flood risk measures and SIZE. According
to all columns, a negative relationship exists between
a firm’s size and the marginal impact of flood risk on
its borrowing costs. The same result holds for spatial
differential risk, especially when considering firms that
are surrounded by riskier neighbors (i.e., those whose
DEFR is greater than zero).

As in Table 4, the inclusion of municipality-fixed
effects in Column 3 of Table 5 does not significantly
alter the estimated impact of the spatial differential
risk on the borrowing costs. Moreover, we observe
that spatial effects are significant only for firms sur-
rounded by riskier neighbors (Column 5).

Based on the estimated coefficients reported in
Columns (2), (4), and (5) of Table 5, Fig. 4 illustrates
how the impact of firms’ flood risk and spatially
lagged differences in flood risk varies as a function
of firm size. The solid black line is derived from Col-
umn (2) and shows how the effect of FR changes with
firm size. The dashed grey line is derived from Col-
umn (4) and shows how the effect of DFR changes
with firm size when DFR <0 (i.e., when we restrict
our sample to firms that are riskier than their neigh-
bors). The solid grey line is derived from Column (5)
and shows how the effect of DFR changes with firm
size when DFR >0 (i.e., when we restrict our sam-
ple to firms with riskier neighbors). The histogram
shows the distribution of firms according to their size,
while the vertical reference lines indicate the first,
second, and third quartiles of the SIZE distribution.

According to Fig. 4, most firms in our sample are
small businesses, as expected given the well-known
structural characteristics of the Italian economy.
The dashed grey line indicates that firms with safer
neighbors face no spatial effects. On the other hand,
the solid grey line indicates that small businesses

20 As shown in the Electronic Supplementary Material, the
comparison between the three lines is feasible because firms
surrounded by riskier and safer neighborhoods share the same
SIZE support.
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Table 5 Flood risk, firm size, and cost of borrowings

Column (1) Column (2) Column (3) Column (4) Column (5)
Constant 0.1840%** 0.1839%*: 0.1794 %% 0.1789%*3 0.1783%#:*

[57.15] [57.70] [242.05] [127.08] [126.01]
SIZE —0.0058%*%* —0.0058%3*%* —0.0055%*: —0.0051%%* —0.0059%*:

[—30.19] [—29.51] [—110.72] [—58.63] [—58.52]
FR 0.005 1% 0.0080%*3

[2.89] [2.96]
FR SIZE —0.0003** —0.0004** —0.0003 % —0.0006%%** —0.0005%*

[—2.16] [—2.16] [—5.03] [—5.81] [—4.53]
DFR (10 km) 0.0089%** 0.0084 %3 0.0046* 0.0091 %3

[2.17] [4.82] [1.68] [3.33]
DFR (10 km) SIZE —0.0005* —0.0004%*%* —0.0002 —0.0003**
[—1.73] [—3.70] [—1.23] [—2.06]

Firm’s controls Yes Yes Yes Yes Yes
Year-fixed effects Yes Yes Yes Yes Yes
Mundlak’s correction Yes Yes Yes Yes Yes
Municipality-fixed effects No No Yes Yes Yes
Observations 419,040 419,040 419,040 206,396 195,976
Sample Full Full Full DFR <0 DFR >0
Adjusted R? 0.336 0.336 0.354 0.352 0.356

t- statistics are presented in parentheses and are based on standard errors clustered at the NUTS3 level

*Statistical significance at the 0.10 level (two-tailed)
**Statistical significance at the 0.05 level (two-tailed)

***Statistical significance at the 0.01 level (two-tailed)

face additional borrowing costs due to their riskier
neighbors. Vice versa, larger firms on the upper
tail of the distribution are not subject to negative
externalities associated with their neighborhood. As
indicated by the solid black line, large companies
do not even pay borrowing costs associated with
their own flood risk. As discussed in Section 2, large
firms may be able to reduce their exposure to lenders’
climate-risk loan pricing policies by leveraging their
bargaining power. This may be due in part to the
fact that larger companies are more likely to borrow
from different sources and have less opaque financial
information.?! The pairwise correlation coefficients

21 It is important to note that larger companies with multiple
establishments may also have access to a variety of local credit
markets. This makes them less exposed to local supply chain
vulnerabilities. On the one hand, this feature provides them
with higher bargaining power in the local credit market; on
the other hand, the absence of spatial effects for larger firms
may indicate that these firms are utilizing alternative financial
sources or financial intermediaries located in other markets.
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reported in the Electronic Supplementary Material
show that large firms tend to have higher financial
leverage, greater interest coverage, less working
capital, and lower returns on assets.??

In order to corroborate our conjectures, we
conducted a mechanism analysis that exploited
local concentrations of financial intermediaries.”
As expected, we found that spatial effects are
concentrated in areas with a small number of financial
institutions (i.e., those with greater monopolistic
power). Nevertheless, large firms are less susceptible
to the bargaining power of these intermediaries.

22 The Electronic Supplementary Material also provides infor-
mation regarding the distribution of firms’ SIZE by Italian
macroregions and NACE 1-digit industries. Overall, we can
say that our sample is rather homogeneous across these dimen-
sions.

23 For the sake of space, this analysis has been placed in the
Electronic Supplementary Material (Section E).
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Fig. 4 Spatial spillovers and firms’ size. The point estimates
illustrate how the marginal effects of FR and DFR vary with
the firm size. The figure distinguishes between spatial effects
when DFR <0 (dashed grey line) and when DFR>0 (solid

6 Conclusion

Using Italian firm data and a municipality flood
risk metric, this article examined whether firms’
borrowing costs are affected by the climate-related
risks faced by their neighbors. The empirical
evidence indicates that a one-standard deviation
increase in flood risk causes a firm’s debt cost to
increase by about 18 basis points. As a result, firms
in the highest-risk areas face borrowing costs that
are 1.24% higher than those in the lowest-risk areas.
In addition, we found that firms’ borrowing cost
increases with the flood risk faced by firms located
within a 10-km radius of the focal company. To be
more specific, an increase of one standard deviation
in the neighbor’s flood risk is associated with an
increase of 10 basis points in the firm’s borrowing
cost. Hence, we provide a comprehensive view of the
topic whereby borrowing money implies a cost that
varies significantly based on both the firm’s direct
exposure to the risk of natural disasters (i.e., floods)
and its spatial proximity to climate-vulnerable units.

grey line). Capped spikes denote the 95% confidence intervals.
The histogram shows the distribution of firms according to
their size

This study also showed that only small businesses
with riskier neighbors are subject to higher borrowing
costs, while larger firms are less exposed to neighbor-
ing risks. In line with the existing literature, we interpret
this result as indirect evidence that a small business’
limited financial diversification reduces its bargaining
power (Ozkan, 2001). In this vein, policymakers should
enhance local credit markets’ competitiveness to reduce
these negative spatial effects. Government aid can pro-
vide general and temporary relief, but long-term strate-
gies are essential to support businesses in adapting to
mounting disaster risks, thus minimizing their financial
exposure and the spread of risk to nearby firms.

Despite its contributions, our study has some limita-
tions. First, our data are limited to Italian firms between
2016 and 2019, which limits the generalizability of our
findings. Second, we used municipality-level data for
flood risk; hence, future research could benefit from cre-
ating more accurate, firm-specific climate risk assess-
ments. Lastly, data constraints prevented us from investi-
gating small businesses’ increased vulnerability to spatial
spillovers—an area that merits further exploration.
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