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Abstract

This paper examines whether firms insure where objective physical risk is highest, in a
context where physical climate risk is increasingly priced in capital markets, but insurance
coverage remains limited. Using a unique firm-level data on natural catastrophe insurance
in Italy matched with high-resolution geospatial indicators for earthquakes, floods, and
landslides, we document a weak alignment between risk exposure and insurance uptake.
Although higher seismic and hydraulic risk increase the probability of coverage, the
economic magnitude of these effects is modest, and no significant relationship emerges for
landslide risk. Firm characteristics—particularly size, sector, and legal form—play a
substantially larger role than physical hazard exposure in explaining insurance demand. The
results highlight a structural disconnect between risk exposure and risk transfer. Despite
growing evidence that physical risk affects the cost of capital, insurance uptake remains only
weakly responsive to differentiated hazard exposure, pointing to persistent demand- and
supply-side frictions in catastrophe insurance markets.
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1. Introduction

Physical climate risk is increasingly priced in capital markets—but it is not
systematically insured. A recent growing body of evidence shows that extreme-weather
exposure raises municipal borrowing costs, commands an equity risk premium, and
constrains insurer capital (Chiang, 2026; Berry-Stolzle and Hao, 2026; Braun, Braun, and
Weigert, 2026). Yet, at the firm level, catastrophe insurance coverage remains limited even
in highly exposed areas. This divergence between risk pricing and risk transfer raises a
fundamental question: do firms insure where objective physical risk is highest?

In standard models of insurance demand, higher objective risk should increase
coverage, provided that premiums reflect underlying hazard exposure and markets are
competitive (Arrow, 1963; Mossin, 1968; Gollier, 2005). Under these conditions, insurance
embeds information about physical risk into prices and enables efficient risk sharing,
reinforcing incentives for prevention and adaptation. However, empirical evidence
consistently documents a persistent insurance protection gap for natural catastrophes
(Kunreuther and Michel-Kerjan, 2015; Jarzabkowski et al., 2019). As climate change
amplifies the frequency and severity of extreme events (IPCC, 2022; ECB and EIOPA,
2024), understanding whether insurance demand aligns with objective hazard exposure
becomes increasingly critical.

Recent research in climate finance underscores the economic relevance of physical
risk. Wildfire exposure increases municipal bond yield spreads; firms more exposed to storm
losses earn higher expected equity returns; insurers adjust capital ratios following major
disasters. These findings imply that physical risk affects the cost of debt, equity, and
insurance supply (Chiang, 2026; Berry-Stolzle and Hao, 2026; Braun, Braun, and Weigert,
2026). Yet little evidence exists on whether firms’ ex-ante insurance decisions reflect
differentiated physical risk exposure. If capital markets internalize physical risk while
insurance uptake remains weakly aligned with hazard exposure, then risk pricing and risk
sharing operate through partially disconnected mechanisms.

This paper addresses this gap by directly testing whether firms insure where objective
physical risk is highest. Empirically, we combine a unique survey on non-life insurance
contracts conducted by ANIA? with firm-level information from the AIDA? database and
high-resolution geospatial indicators of hydraulic, landslide, and seismic risk from ISPRA’s*
IdroGeo platform and ANIA’s GeoSafe service. This integrated dataset allows for a precise
matching between firms’ insurance decisions and their exposure to differentiated physical
risks, overcoming key limitations of previous studies that rely on indirect or coarse risk
proxies. The dataset is unique in its granularity and representativeness, covering a large share
of Italian limited liability companies and all operating units, thereby enabling hazard-
specific analysis at a highly disaggregated geographic level.

Italy provides an informative setting: the country faces substantial multi-hazard
exposure, yet insurance penetration among firms—particularly SMEs—remains limited.
This combination allows us to test whether differentiated physical risk translates into
differentiated insurance coverage within a unified institutional framework.

Our analysis documents a systematic decoupling between objective hazard exposure
and insurance uptake. Although higher seismic and hydraulic risk increase the probability of

2 ANIA is the association representing Italian insurance companies.

3 AIDA — Orbis for Italy.

4ISPRA is the Italian Institute for Environmental Protection and Research (Istituto Superiore per la Protezione
e la Ricerca Ambientale)
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coverage, the economic magnitude is small. For landslide risk, no significant relationship
emerges. Across specifications, firm characteristics—especially size, sector, and legal
form—dominate physical risk in explaining insurance decisions. Spatial analysis further
reveals clusters of high-risk municipalities with low insurance penetration, reinforcing the
persistence of the protection gap.

This paper makes three contributions. First, it provides direct micro-level evidence on
the risk—coverage gradient by matching observed insurance contracts to hazard-specific,
high-resolution geospatial indicators across multiple natural risks. Second, it documents
meaningful heterogeneity across hazards, showing that responsiveness differs systematically
between seismic and more climate-related risks. Third, it bridges insurance economics and
climate finance by demonstrating that, despite growing evidence that physical climate risk
is priced in capital markets, insurance uptake remains only weakly aligned with objective
hazard exposure, highlighting structural frictions in catastrophe risk transfer.

Understanding this disconnect is central to assessing the role of insurance in climate
adaptation and to designing catastrophe risk management frameworks that preserve both risk
sharing and risk-based incentives.

The remainder of the paper is organized as follows. Section 2 reviews the related
literature. Section 3 describes the data and the construction of the physical risk indicators.
Section 4 presents the geospatial and descriptive evidence. Section 5 reports the econometric
results. Section 6 discusses policy implications and concludes.

2. Review of the Literature

A large literature examines the role of insurance in managing natural catastrophe risk
and the determinants of underinsurance among firms. In standard models of insurance
demand, higher objective risk increases coverage, provided that premiums reflect hazard
exposure and markets are competitive (Arrow, 1963; Mossin, 1968; Gollier, 2005). Under
these conditions, insurance facilitates efficient risk sharing and embeds risk information into
prices, thereby shaping incentives for prevention and adaptation.

Empirical evidence, however, consistently documents a substantial catastrophe
insurance protection gap. Insurance uptake remains low even in highly exposed areas,
particularly for low-probability, high-impact risks (Kunreuther and Michel-Kerjan, 2015;
Jarzabkowski et al., 2019; Paudel et al., 2015). Demand-side explanations emphasize
imperfect information, liquidity constraints, behavioural biases, and declining risk salience
over time (Kunreuther et al., 2013; Gallagher, 2014). Supply-side factors—including
correlated losses, fat-tailed distributions, capital constraints, and pricing uncertainty under
climate change—further restrict coverage availability and affordability (Kron et al., 2019;
Maynard and Ranger, 2016). Firm-level studies typically find that size, sector, and
organizational characteristics dominate objective hazard exposure in explaining insurance
uptake (Guiso and Schivardi, 2017; Frigo and Venturini, 2024).

Parallel to this insurance literature, a rapidly expanding climate finance literature
shows that physical risk is increasingly priced in capital markets. Berry-Stolzle and Hao
(2026) document that wildfire exposure increases yield spreads on medium-term municipal
bonds, implying a higher cost of debt for exposed communities. Braun, Braun, and Weigert
(2026) identify a significant extreme-weather risk premium in the cross-section of equity
returns, consistent with compensation for exposure to aggregate storm losses. At the same
time, Chiang (2026) shows that insurers adjust capital ratios and risk-taking behaviour
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following major natural disasters, highlighting the role of capital constraints and supply-side
frictions in catastrophe insurance markets. Together, these studies establish that physical
climate risk affects asset prices, borrowing costs, and insurer balance sheets.

This paper bridges these two strands of literature. While recent work shows that capital
markets price physical risk and that insurers adjust capital after realized disasters, little
evidence exists on whether firms’ ex-ante insurance decisions reflect objective, hazard-
specific physical risk exposure. If climate risk is priced in debt and equity markets but only
weakly transferred through insurance, a disconnect may arise between risk pricing and risk
sharing. Consequently, the extent to which firms’ insurance decisions systematically respond
to differentiated physical risk exposure remains an open empirical question. We address
these gaps by directly matching firm-level insurance contracts to high-resolution geospatial
indicators of seismic, hydraulic, and landslide risk within a unified institutional setting.

3. Data and Summary Statistics
3.1. Data and Sample

The Survey on Italian Companies’ Non-Life Insurance (ICON-I), conducted by ANIA
in February 2024 and January 2025, constitutes the primary data source for insurance
coverage among [talian firms. The survey targets insurance undertakings and covers all firms
required to register in the Italian Business Registry, including limited liability companies
and individual companies, while excluding freelancers, public institutions, and public
authorities.

The survey involved twenty-five insurance undertakings, collectively representing
approximately 70% of the Italian non-life insurance market in terms of fire insurance
premiums. It provides a detailed snapshot of insurance coverage for a large sample of
firms—about 2.3 million in 2024, corresponding to nearly 50% of all registered Italian firms.
The dataset covers the period 2018-2024, allowing for the analysis of insurance demand
dynamics over time. Some limitations should be acknowledged, notably the absence of
information on firms insured with non-participating insurers, foreign insurance companies,
or through self-insurance arrangements and captive insurance vehicles.

A key feature of the dataset is that the definition of natural catastrophe (NatCat)
insurance strictly follows the scope established by Italian legislation introducing mandatory
coverage for firms. This ensures a clear and policy-relevant classification of catastrophic
risks and provides a consistent benchmark for the empirical analysis. Under this framework,
NatCat insurance includes coverage against floods and inundations, earthquakes, and
landslides and mudslides, as defined by law.’

In addition to NatCat coverage, the survey collects information on twenty-five
different types of non-life insurance contracts, encompassing both mandatory and voluntary
policies. These include fire insurance, third-party liability, employer’s liability, theft
insurance, and business interruption insurance, which are among the most widespread forms
of coverage for Italian firms. For comparison purposes, we also consider insurance contracts
covering damages from atmospheric events (weather-related events), which are related to
physical risk but fall outside the scope of mandatory coverage under the Italian legislation.

3 In this paper, natural catastrophes are defined in accordance with the Italian legislative framework introducing
mandatory insurance coverage for firms. Specifically, the analysis follows the definition set out in Law No.
213 of 30 December 2023 (2024 Budget Law) and its implementing decree, which identify earthquakes, floods,
landslides, inundations, and river overflows as the perils subject to compulsory insurance coverage.
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The empirical analysis focuses on micro, small, and medium-sized enterprises®, which
are more exposed to the economic consequences of natural disasters and therefore lie at the
core of the literature on natural catastrophe insurance. Large firms are excluded, as they
typically rely on more diversified risk-management strategies, including self-insurance,
internal risk retention, or insurance coverage purchased in more developed foreign markets.

The analysis is further restricted to limited liability companies’, which represent the
large majority of economically relevant enterprises and constitute the natural unit of analysis
for studying insurance decisions at the firm level. Other legal forms, such as partnerships or
sole proprietorships, are often closely intertwined with household wealth and risk-bearing
capacity, making it difficult to clearly separate business insurance choices from household
risk management.

In order to obtain detailed economic, financial, biographical, and commercial
information for these companies, survey data were cross-referenced with the AIDA database.
This matching allows for the identification of firm-level characteristics—such as size and
sector of activity—and, importantly, for the observation of all operating units, including
branches and local establishments beyond the registered office. This feature supports a
comprehensive evaluation of the factors influencing insurance demand at both the firm and
operating-unit level.

Table 1 reports, for the year 2024, the number of Italian limited liability companies in
the AIDA database — excluding large ones — (about 1.7 million, from now on “universe”),
and the percentage incidence of NatCat insurance coverage among those with at least one of
the 25 non-life guarantees collected through ICON-I (about 0.5 million observations, from
now on the “sample”), each firm being uniquely identified by its VAT number. The table
presents both the absolute number of firms and the percentage breakdown by main firm-
level characteristics: size (medium, small, micro), sector of economic activity (e.g. trade,
construction, manufacturing, energy, services), and legal form (e.g. S.r.1., simplified S.r.1.,
S.p.A.) in terms of percentage composition and percentage incidence (the latter calculated
with respect to the sample).

The sample tends to underrepresent micro-enterprises, which account for the majority
of Italian firms (87.52%) but represent a smaller share of the analysed dataset of insured
companies (73.64%). Although these imbalances—together with the fact that the survey
does not cover all insurers operating in the market—may introduce some bias, the dataset
nonetheless provides a reliable representation of the main patterns of insurance diffusion
among Italian limited liability companies.

Overall, the uptake of insurance against natural hazards remains low, with almost 80%
of the sample having no insurance cover against such risks.

NatCat insurance coverage increases monotonically with firm size. A very large share
of micro-enterprises remains completely uninsured (about 85%), confirming their structural
vulnerability to catastrophic risks, compared with about 66% of small firms and 43% of

¢ Firm size classes are defined according to the European Commission Recommendation 2003/361/EC, which
provides the standard thresholds for micro, small, and medium-sized enterprises adopted in the Italian context.
In particular, micro enterprises are defined as firms with fewer than 10 employees and annual turnover or
balance sheet total not exceeding EUR 2 million; small enterprises as firms with fewer than 50 employees and
turnover or balance sheet total not exceeding EUR 10 million; and medium-sized enterprises as firms with
fewer than 250 employees and turnover not exceeding EUR 50 million or balance sheet total not exceeding
EUR 43 million.

7 Limited companies are the Italian Societa di capitali, i.e. forms of commercial companies in which the
shareholders are liable for the debts of the company only to the extent of the capital invested.
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medium-sized firms. Similar patterns emerge for both flood and earthquake insurance, where
coverage is substantially higher among small and medium-sized enterprises than among
micro firms. By contrast, insurance against landslides remains negligible across all size
classes, with penetration rates below 3%.

Table 1 — Number and % incidence of insurance coverage by type of NatCat risk and firm-level
characteristics — limited liability companies (year 2024)

Landslides no
Universe (insuredS:ll.ncpol;lpanies) Il:lll?l(l)g:t?:)l:lls Earthquake Mu?lzﬁd es nﬁ::g::, e
N % N % % % % %
(composition) (composition) (incidence) (incidence) (incidence)  (incidence)
Size
Medium 40,747 2.35 28,185 5.37 53.95 52.05 2.43 42.55
Small 175,261 10.13 110,084 20.98 30.26 28.21 1.94 66.15
Micro 1,514,734 87.52 386,329 73.64 13.36 12.13 1.26 84.49
Sector
Tragz; t‘;‘l’ﬁzi sa“d 480,605 27.77 154,605 29.47 15.88 13.89 1.96 82.09
Construction 268,906 15.54 84,991 16.2 14.12 14.27 1.45 83.54
Tfiiﬁflmwuﬁgzzis 23,606 1.36 7,759 1.48 5111 50.60 229 46.29
Extractive industry 123 0.01 43 0.01 39.53 37.21 6.98 55.81
Manufacturing 216,422 12.5 92,422 17.62 32.30 31.21 1.70 63.91
Transport 59,078 3.41 17,017 3.24 16.52 14.97 1.25 81.89
Other services 633,139 36.58 166,944 31.82 16.08 14.13 0.88 81.44
Legal form
S.R.L. 1,234,185 71.31 428,027 81.59 20.24 18.83 1.47 76.95
S.R.L. semplificata 382,885 22.12 61,137 11.65 6.36 5.08 1.50 92.81
S.P.A. 20,312 1.17 11,938 2.28 56.66 55.20 2.70 39.85
Other 93,360 5.39 23,496 4.48 12.04 9.82 0.68 86.71
Total 1,730,742 100.00 524,598 100.00 19.08 17.65 1.47 78.39

Note: The table reports the number of limited liability companies in the AIDA database — excluding large ones —
(“universe”) and the percentage incidence of NatCat insurance coverage among those with at least one of the 25 non-life
guarantees in 2024, collected through ICON-I (“sample”), each firm being uniquely identified by its VAT number. The
table presents both the absolute number of firms (N) and the percentage breakdown by main firm-level characteristics: size
(medium, small, micro), sector of economic activity (e.g. trade, construction, manufacturing, energy, services), and legal
form (e.g. S.r.1., simplified S.r.1., S.p.A.) in terms of percentage composition and percentage incidence (the latter calculated
with respect to the sample). NatCat risks include floods and inundations, earthquakes, and landslides and mudslides. Firm
size follows the standard classification of medium, small, and micro enterprises according to the European Commission
Recommendation 2003/361/EC. Sectoral classifications are based on ATECO 2007 codes, grouped into the macro-sector
categories used in the analysis.

Marked heterogeneity also emerges across economic sectors. The Energy, Water and
Telecommunications sector, together with the Extractive industry and Manufacturing,
exhibits the highest incidence of flood and earthquake insurance, exceeding 50% in the
former and 35% and 30%, respectively, in the latter. In contrast, coverage levels are
substantially lower in Trade, Hotels and Restaurants, Construction, Transport and Other
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Services, where penetration rates range between 13.9% and 16.5% for both flood and
earthquake insurance. Consistently, the share of firms without any NatCat coverage is
particularly high in Other Services, Construction, Transport, and Trade, Hotels and
Restaurants, with rates ranging between 81% and 83%, and highlighting a pronounced
protection gap in these segments.

Differences also arise by legal form. Joint-stock companies (S.p.A.) display the highest
levels of NatCat insurance coverage and the lowest proportion of uninsured firms. Limited
liability companies (S.r.1.), and even more so simplified limited liability companies (S.r.1.
semplificata), exhibit substantially lower coverage rates and a higher incidence of firms
without any NatCat protection.

Finally, comparing statistics at the firm level (524,598 observations, Table 1) with
those based on all operating units, including registered offices and local units (880,448
observations, Table 2), reveals a higher frequency of insured sites. This reflects the greater
weight of larger firms when operating units are considered. Under this approach, flood
insurance penetration increases from 19.08% to 22.72%, earthquake coverage from 17.65%
to 20.77%, and landslide insurance from 1.47% to 1.64%. Moreover, only about 25% of
firms in the sample hold at least one NatCat policy. In absolute terms, this corresponds to
222,313 firms, equivalent to around 9% of the entire population of micro, small and medium
limited liability companies (about 2.5 million).

Table 2 - Number and % incidence of insurance coverage by type of insurance coverage and firm-level
characteristics - all sites of insured limited liability companies (year 2024)

Sample
(insured L1 % incidence
mpanies
Size comp )
Weather- Landslides
N ° i
. % Fire TPL E“?’ll“Lyee Theft In?‘:sr‘“e:is . related Ifll"l‘:g;t?:: Earthquake and N:iga .
(sites) comp. erruptio Events u S Mudslides
Medium 100,227 11.38 85.15 64.11 26.52 49.98 23.74 79.86 53.32 49.99 2.51 43.65
Small 222,168 25.23 81.22 67.47 30.68 44.14 15.98 73.75 30.60 28.07 1.96 65.99
Micro 558,053 63.38 73.68 64.07 23.70 29.88 9.31 60.60 14.09 12.61 1.35 83.82
Total 880,448 100.00 76.89 64.93 25.78 35.76 12.64 66.11 22.72 20.77 1.64 74.75

Note: The table reports the number (N) and the percentage incidence of insurance coverage in 2024 by firm size and type of policy, considering
all company sites (registered offices and local units) included in the sample of insured limited companies. Percentages indicate the share of firms’
sites covered by each type of insurance. NatCat risks include floods and inundations, earthquakes, and landslides and mudslides. Firm size follows
the standard classification of medium, small, and micro enterprises according to the European Commission Recommendation 2003/361/EC.

To assess the territorial representativeness of the sample, we compare the distribution
of firms across municipalities in the sample with that observed in the universe of limited
liability companies. We rely on distributional distance measures that are robust to sparse
cells and zero counts, which are pervasive at a fine geographic level. The Total Variation
distance (L1) equals 0.125, implying that approximately 12.5% of firms would need to be
reallocated across municipalities for the two distributions to coincide. The Hellinger distance
(0.105) delivers a consistent assessment, indicating a moderate but non-negligible
divergence between the sample and the universe.

Finally, the very high correlation between the number of firms per municipality in the
universe and in the sample (Pearson correlation of 0.99 and Spearman rank correlation of
0.97) indicates that municipalities hosting a larger number of firms in the universe are also
proportionally well represented in the sample.



Overall, these results confirm that the sample provides a reasonably good
representation of the territorial distribution of firms, while some residual imbalance remains
at the municipal level.

3.2 Physical Risks: Data Sources and Distributions

The physical risks considered in this analysis are hydraulic, landslide, and seismic
risks. The descriptive statistics presented in this section refer to the distribution of
companies’ sites as of 2024.

To measure firms’ exposure to physical risk, we rely on official municipal-level
indicators of hydrogeological and seismic risk provided by two specialized platforms,
IdroGeo® and GeoSafe.’. These datasets ensure homogeneous coverage across Italian
municipalities and allow us to assign geographically determined hazard exposure to each
firm based on its location.

Hydrogeological risk is drawn from the IdroGeo platform, which provides municipal-
level classifications for hydraulic and landslide hazards. Hydraulic risk ranges from PO to
P3, while landslide risk ranges from PO to P4, with higher categories corresponding to greater
hazard intensity. These indicators capture the extent of municipal territory exposed to
flooding and slope instability and are constructed according to standardized technical criteria
defined by the competent authorities. PO indicates non-exposed areas.

To summarize hydrogeological exposure in a tractable form, we aggregate the
available risk components into a composite municipal-level index reflecting the overall
intensity of environmental vulnerability. Higher values indicate greater exposure to
hydrogeological hazards.

Seismic risk is measured using data from the GeoSafe database, which reports
municipal-level indicators of seismic hazard and structural vulnerability based on expected
ground acceleration and building exposure. Seismic risk is captured through a set of ASI
indicators (ASI1, ASI2, ASI3), each measured on an ordinal scale ranging from 0 to 5, where
higher values correspond to greater expected seismic impact or vulnerability. We combine
these sub-indicators into a composite measure summarizing overall municipal seismic
exposure.

Both hydrogeological and seismic indicators capture structural, geographically
determined sources of physical risk that are plausibly exogenous to firms’ insurance
decisions in the short and medium run. In the empirical analysis, we use the continuous
versions of these composite indices.

Finally for all hazards, the so-called natural breaks were then calculated for the risk
indicator using the Jenks (1967) optimization method, which defines four classes that
minimize within-class variance and maximize between-class variance for each
municipality’s risk distribution.

Table 3 reports the incidence of insurance coverage across classes of physical risk
defined using natural breaks (Jenks) computed on the distribution of firms’ sites. The table
shows, for each risk dimension, the number and share of sites in each class, together with
the corresponding insurance penetration rates.

8 Idrogeo is an Italian web platform developed by ISPRA, providing comprehensive data on landslide and
hydraulic (flood) risks across the country, available at https://idrogeo.isprambiente.it/app/.

® GeoSafe is ANIA’s proprietary service, which offers companies detailed territorial assessments to enhance
their understanding of exposure to natural risks, available at https://www.geosafe.ania.it/.
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For hydraulic risk, the distribution of sites is relatively dispersed across risk classes,
with more than half of observations falling in the lowest-risk category and the remainder
spread across medium- and high-risk areas. Insurance coverage against floods appears
broadly stable across classes, with incidence rates ranging between 19.8% and 23.4%. No
clear monotonic increase in coverage is observed as risk rises, suggesting that higher
hydraulic exposure is not systematically associated with greater insurance uptake.

Table 3 - Insurance coverage by Jenks-based physical risk classes

%

. incidence
Risk Class N Share of NatCat
insurance
[0, 0.227] 473,271 53.8 23.1
[0.227,0.613] 172,242 19.6 23.4
Hydraulic risk
[0.613, 1.226] 142,606 16.2 19.8
[1.226, 2] 87,107 9.9 234
[0, 0.326] 618,366 70.2 222
[0.326, 1.030] 138,085 15.7 23.7
Landslide risk
[1.030, 1.971] 89,692 10.2 24.2
[1.971, 3.820] 29,083 33 233
[0, 1.333] 4,301 0.5 21.8
[1.333, 2.667] 451,931 51.3 23.2
Seismic risk
[2.667, 3.667] 361,049 41.0 22.0
[3.667, 5] 46,356 53 22.7

Note: Risk classes are defined using Jenks natural breaks computed on the distribution of firms’ sites for each risk indicator.
For each class, the table reports the number of sites (N), their share in the sample, and the percentage incidence of insurance
coverage. Risk indicators refer, respectively, to hydraulic, landslide, and seismic risks. Hydraulic risk indicator is based on
ISPRA data on the municipality area exposed to each level of risk (and ranges from 0 to 3). Landslide risk is based on
ISPRA data on the municipality area exposed to each level of risk (and ranges from 0 to 4). Seismic risk is a composite
indicator based on three elementary indicators (ASI1, ASI2, ASI3, each of them measured on an ordinal scale from 0 to 5,
source GeoSafe) capturing different dimensions of seismic hazard and vulnerability. For methodological details refer to
Appendix — section A. Data on insurance uptake refer to 2024.

In the case of landslide risk, the distribution is concentrated in the lowest-risk class,
which accounts for around 70% of sites. Medium- and high-risk categories contain smaller
shares of observations. Insurance penetration remains broadly similar across all classes,
fluctuating around 22-24%, and shows no clear relationship with the underlying risk level.
The relative scarcity of sites in the highest-risk class limits the scope for meaningful

differentiation along the risk gradient.

For seismic risk, the distribution of sites is more evenly spread across medium- to high-
risk classes, with the lowest-risk class containing only a very small fraction of sites (0.5%).
Insurance coverage rates remain fairly stable across classes, ranging from 21.8% to 23.2%,
indicating that seismic exposure does not translate into substantially higher insurance
penetration.

Overall, across all three risk dimensions, the evidence points to a weak association
between physical risk intensity and insurance coverage. Despite statistically meaningful
variation in risk exposure, insurance uptake appears only marginally responsive to
differences in local physical risk.



A detailed description of the original risk scales, aggregation procedures and weighting
schemes is provided in Appendix A.

4. Geospatial Analysis
4.1 Correlation among Physical Risk Indicators

Table B.1'° reports the summary statistics for the hydraulic, landslide and seismic risk
indicators across Italian municipalities, together with the distribution of insurance
coverage, measured as the percentage of insured sites per municipality. For each risk, the
four classes were defined using the Jenks natural breaks method.

Table B.2 reports rank-based correlations among the three composite physical risk
indicators—seismic, hydraulic, and landslide—computed at the municipal level using both
Spearman’s rho and Kendall’s tau. The results consistently indicate a low degree of
association across different hazards. Seismic risk is essentially uncorrelated with hydraulic
risk (p = —0.005; T = —0.003), while its correlation with landslide risk is positive but very
small (p = 0.061; T = 0.037). By contrast, hydraulic and landslide risks exhibit a moderate
negative correlation (p = —0.192; t = —0.125), reflecting the different geomorphological
characteristics of flood-prone and landslide-prone areas.

Overall, the concordant evidence from Spearman and Kendall measures confirms that
seismic, hydraulic, and landslide risks capture largely orthogonal dimensions of physical
risk. This finding supports their separate treatment in the empirical analysis and alleviates
concerns about rank-based multicollinearity when assessing the relationship between
hazard-specific risk exposure and insurance uptake.

From a policy perspective, the low rank correlations observed among seismic,
hydraulic, and landslide risks suggest that these hazards represent largely independent
sources of spatial exposure. This limited degree of correlation is conducive to risk
diversification within multi-peril insurance schemes, as the aggregation of different hazards
reduces the likelihood of highly concentrated losses across territories. Such diversification
effects are a key rationale underlying mandatory or pooled catastrophe insurance
frameworks, which aim to enhance risk sharing and improve the sustainability of coverage
for low-probability, high-impact events (Schwarze and Wagner, 2007; Kunreuther and
Michel-Kerjan, 2015). While this evidence does not address the joint distribution of realized
losses or tail dependence, it indicates that the spatial structure of physical risks in Italy is, in
principle, favourable to mutualization across hazards.

4.2 Correlations between Physical risk and Insurance coverage

Table B.3 reports rank-based correlations between municipal-level physical risk
indicators and the share of insured firms for each hazard. Both Spearman’s p and Kendall’s
7 indicate that the association between risk exposure and insurance coverage is statistically
significant but economically weak. For seismic risk, the correlation is negative (p = —0.080;
t-b = —0.061), suggesting that municipalities with higher seismic exposure do not exhibit
higher insurance penetration and, if anything, tend to display slightly lower coverage rates.
For hydraulic risk, the correlation is positive but close to zero (p = 0.037; 1-b = 0.025), while
for landslide risk the association is again negative and negligible (p = —0.028; 1-b =—0.021).

Although the null hypothesis of independence is rejected in all cases, the small
magnitude of the coefficients indicates that physical risk explains only a very limited share
of the variation in insurance coverage across municipalities. Overall, these findings point to

19 The tables discussed in this and the following subsection are reported in Appendix B.
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a weak alignment between objective hazard exposure and insurance diffusion, consistent
with the presence of behavioural and market frictions and with the persistence of a
substantial insurance protection gap.

Figures 1-3 display the municipal-level distribution of physical risk exposure and the share
of insured sites of micro and SMEs within each municipality for the corresponding hazard.
The visual evidence provides a first descriptive assessment of the alignment between local
physical risk and insurance penetration.

A first pattern that clearly emerges is a pronounced territorial gradient in insurance coverage.
Penetration rates are systematically higher in Northern municipalities, while Central and
Southern areas tend to exhibit lower coverage levels. This spatial divide likely reflects
structural differences in economic development, firm density, financial deepening, and
insurance culture, rather than differences in physical exposure alone.

Second, the spatial correspondence between hazard intensity and insurance uptake appears
incomplete. In several high-exposure areas—most notably along the Apennine belt—
insurance penetration remains limited. Conversely, some municipalities characterized by
moderate risk display relatively higher coverage rates. This lack of systematic alignment
suggests that higher objective exposure does not automatically translate into stronger
insurance demand, pointing to the presence of behavioural frictions, affordability
constraints, or supply-side limitations.

Third, differences emerge across hazard types. Coverage against hydrogeological risks
(hydraulic and landslide) appears generally lower and more spatially fragmented than
coverage against seismic risk. This pattern may reflect differences in risk perception,
contract standardization, bundling practices, or historical experience with catastrophic
events. In particular, landslide insurance penetration remains extremely limited even in
morphologically fragile territories, reinforcing the evidence of a substantial protection gap.

Figure 1 - Hydraulic risk across Italian municipalities (left side) and distribution of Floods
and Inundations insurance among micro and SMEs (right side)

Flood Insurance

o 13(1851)
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Note: Class thresholds are determined using Jenks natural breaks, colour gradients indicate increasing values. Left side
map displays hydraulic risk across Italian municipalities, based on ISPRA data on the area exposed to each level of risk
(from 0 to 3). For methodological details refer to Appendix - section A.1. Right side map reports share of firms’ sites of
micro and SMEs insured against hydraulic risk (Floods and Inundations insurance). “undefined” refers to municipalities
with no micro or SME sites in the sample. Data on insurance uptake refer to 2024.
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Figure 2 - Landslide risk across Italian municipalities (left side) and distribution of
Landslide insurance among micro and SMEs (right side)

Landslide Insurance
- 2.410 (6016)

- g S / [2.410, 12.240) (1382

Y [0.335, 1.140) (1802) 3 4 12 240, 40y (12

« M [1.140, 1.987) (791) -r.4r; 0

de o I = 1987 (283)
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Note: Class thresholds are determined using Jenks natural breaks, color gradients indicate increasing values. Left side map
displays landslide risk across Italian municipalities, based on ISPRA data on the area exposed to each level of risk (from 0
to 4). For methodological details refer to Appendix - section A.1. Right side map reports share of firms’ sites of micro and
SMEs insured against landslide risk (Landslides and Mudslides insurance). “undefined” refers to municipalities with no
micro or SME sites in the sample. Data on insurance uptake refer to 2024.

Figure 3 - Seismic risk across Italian municipalities (left side) and distribution of Earthquake
insurance among micro and SMEs (right side)

Earthquake Insurance
Seiamic Risk < 11670 (1861)
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Note: Class thresholds are determined using Jenks natural breaks, color gradients indicate increasing values. Left side map
displays seismic risk across Italian municipalities, based on seismic-intensity classes (ASI 1, ASI 2, ASI 3, source GeoSafe).
“undefined” denotes municipalities for which the risk indicator is not available. For methodological details refer to
Appendix - section A.2. Right side map reports share of firms’ sites of micro and SMEs insured against seismic risk
(Earthquake insurance). “undefined” refers to municipalities with no micro or SME sites in the sample. Data on insurance
uptake refer to 2024.

Overall, the maps provide descriptive evidence of a persistent mismatch between physical
exposure and insurance uptake at the municipal level. While significant spatial heterogeneity
characterizes both risk intensity and coverage rates, their overlap is only partial. This visual
evidence complements the correlation analysis and motivates the subsequent econometric
investigation, which formally assesses whether higher local risk is associated with greater
insurance penetration once socio-economic and structural firms’ characteristics are taken
into account.

Finally, Figure 4 reports bivariate Local Moran’s I (LISA) cluster maps relating
municipal-level physical risk exposure to insurance coverage for seismic, hydraulic, and
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landslide hazards (Anselin, 2003). Across all three hazards, the maps reveal substantial
spatial heterogeneity and a limited spatial alignment between high-risk areas and high
insurance coverage. In particular, several clusters of municipalities characterized by high
risk surrounded by low insurance coverage (High—Low clusters) emerge, highlighting
localized insurance protection gaps. These patterns are especially pronounced for seismic
and hydraulic risks, while landslide risk displays more fragmented and localized clustering,
consistent with its strong dependence on geomorphological conditions.

Figure 4 - LISA Cluster Map for Risks and Insurance Uptake

Hydraulic Floods
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Note: The maps report bivariate Local Moran’s I (LISA) cluster statistics at the municipal level, relating physical risk exposure to the share
of insured sites of micro and small enterprises (SMEs) for seismic, hydraulic, and landslide hazards. Cluster categories identify the local
spatial association between the two variables: High—High (high risk—high insurance), Low—Low (low risk—low insurance), High—Low (high
risk—low insurance), and Low—High (low risk-high insurance). Clusters are computed using a spatial weights matrix based on municipal
contiguity. Only statistically significant clusters (p < 0.05) are displayed; non-significant municipalities are shown in light grey. Risk
indicators refer, respectively, to hydraulic, landslide, and seismic risks. Hydraulic risk indicator is based on ISPRA data on the municipality
area exposed to each level of risk (and ranges from 0 to 3). Landslide risk is based on ISPRA data on the municipality area exposed to each
level of risk (and ranges from 0 to 4). Seismic risk is a composite indicator based on three elementary indicators (ASI1, ASI2, ASI3, each of
them measured on an ordinal scale from 0 to 5, source GeoSafe) capturing different dimensions of seismic hazard and vulnerability. For
methodological details refer to Appendix — section A. Data on insurance uptake refer to 2024.

Overall, the LISA evidence complements the global correlation results by showing
that the weak association between physical risk and insurance uptake is not only an average
phenomenon but also persists at the local level. The absence of systematic High—High
clusters indicates that higher risk exposure does not translate into higher insurance
penetration even within spatially connected areas. This spatial mismatch reinforces the
interpretation that insurance decisions are only weakly informed by objective risk and
supports the case for policy interventions aimed at strengthening risk pooling and coverage
diffusion.

5. The Risk—Coverage Relationship: Econometric Analysis and Empirical
Results

To assess whether the weak alignment between physical risk and insurance coverage
documented above persists once firm and regional characteristics are accounted for, we
estimate a logistic regression model that identifies the marginal effect of hazard-specific
exposure on the decision to insure.

This empirical framework allows us to assess whether, and to what extent, exposure
to seismic, hydraulic, and landslide hazards influences the decision to purchase coverage,
while accounting for firm size, sectoral affiliation, regional differences, and temporal effects.
By isolating the marginal contribution of objective hazard exposure, the analysis provides a
more precise identification of the determinants of NatCat insurance demand beyond
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descriptive correlations.

As in the previous section, the analysis focuses on limited liability companies, with
particular attention to micro, small and medium-sized enterprises. Unlike the descriptive
evidence presented above, the econometric estimations are based on the full dataset available
for the period 2018-2024.

5.1 Model, Variables and Summary Statistics for the Regression Analysis

We estimate a binary logit model to analyse the determinants of the insurance coverage
(Y), where the probability that the event occurs is specified as:
eXiB

P(Y,=11X)=——
(=11X)=——m=

and Yi is binary dependent variable indicating the presence of insurance coverage (1 =
present, 0 = absent). The primary explanatory variable is the firm’s exposure to physical risk
associated with the specific hazard type, measured through the Risk Indicators defined in
Section 3.2.

The control variables are dummy variables included to account for heterogeneity
across various dimensions:

— VAT number: to account for intra-firm dependencies among branches.

- Firm size: given its influence on risk management and investment strategies due to more
structured organisation and greater financial capacity.

- Sector: to capture industry-specific differences in risk perception and insurance
behaviour.

- Region of the registered office: the degree of development of the insurance market in the
region of the headquarter can significantly influence the decision to insure all the sites
of a company.

- Year: to account for temporal trends in insurance demand (e.g., legislative changes,
market conditions).

Summary statistics are reported in Table B.4 (in Appendix B). The sample over the
period 2018-2024 includes more than 5.6 million observations referring to individual
operating sites of the 611,113 insured companies: for earthquake risk the mean value of the
risk indicator is 2.58, with a standard error of 0.66. For hydraulic and landslide risks, the
mean values are 0.41 and 0.36, with standard errors of 0.51 and 0.59, respectively. The table
also reports the values of the different indicators by firm size and sector.

Descriptive statistics indicate that only 17% of sites are covered by earthquake
insurance and 19% by flood insurance, while coverage against landslides is minimal.
Coverage rates increase with firm size—particularly among medium-sized enterprises—but
remain relatively low even in sectors exposed to higher risks, such as energy, water and
telecommunications, and extractive industries. This pattern suggests a significant degree of
underinsurance against natural hazards.

5.2 Results

In the first set of regressions (Table 4), we use the risk indicator as a continuous
variable. This variable is positive and statistically significant both in the earthquake and in
the flood regressions. In these two cases — characterized by a higher prevalence of insurance
coverage — the positive sign suggests a form of adverse selection: firms operating in areas
with higher risk levels tend to insure themselves more.

14



Table 4 — Logit regression on whole sample

Variables Earthquake Floods Landslides
Risk indicator 0.085%** 0.014%** 0.032
(0.007) (0.006) (0.022)
Size: micro -1.866%** -1.866%** -0.725%**
(0.019) (0.019) (0.071)
Size: small -0.99%** -0.959%** -0.251%**
(0.019) (0.019) (0.074)
Trade, Hotels and Restaurants -0.004 -0.122%*%* 0.488***
(0.017) (0.016) (0.058)
Construction 0.194%** -0.035* 1.396%**
(0.016) (0.015) (0.056)
Energy, Water and Telecommunications 1.888*#* 1.673%%* 1.025%**
(0.037) (0.036) (0.133)
Extractive industry 1.058** 0.868* 1.508
(0.334) (0.299) (0.811)
Manufacturing 0.886%** 0.676%** 0.378%**
(0.015) (0.015) (0.061)
Transport 0.088** -0.066* 0.232
(0.033) (0.031) (0.132)
2019 0.045%** 0.047%** -0.024
(0.004) (0.004) (0.027)
2020 0.47*** 0.459%** -0.012
(0.006) (0.006) (0.033)
2021 0.523%*x* 0.507%** -0.050
(0.007) (0.007) (0.049)
2022 0.562%** 0.532%** -0.016
(0.007) (0.008) (0.051)
2023 0.636%** 0.595%** 0.037
(0.008) (0.007) (0.052)
2024 0.761%** 0.732%** 1.962%**
(0.008) (0.008) (0.048)
Constant -1.448%*** -0.901*** -6.347%**
(0.0547) (0.0448) (0.1706)
N 5,635,157 5,709,828 5,709,828

Note: The table reports the coefficients from logit regressions for earthquake, floods, and landslides insurance coverage.
The estimated model is: P(Insurancef = 1) = A(a + B Risk; + y'Size, + &'Sector; + 6'Year, + p,) where
Insurancek is a dummy variable equal to 1 if firm i holds insurance coverage for hazard k in year t, and 0 otherwise;
Risk;; denotes the physical risk indicator; Size;; includes firm size dummies; Sector; represents sector dummies; Year;
year fixed effects; and p, geographical region fixed effects. Heteroskedasticity-robust standard errors are reported in
parentheses. Standard errors are clustered at the firm level to account for within-group correlation. The symbols *** **
and * indicate significance at the 1, 5 and 10 per cent levels, respectively. Geographical region fixed effects are included
in all regressions but not reported in the table to save space. Data refers to the whole sample of micro, small and medium
limited liability companies with at least one of the 25 non-life guarantees collected through ICON-I.
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To measure the impact of this phenomenon, we use the marginal effect (Table 5),
which measures the change in the predicted probability of having insurance coverage
associated with a one-unit increase in the risk indicator, holding all other variables constant.
For earthquakes, the marginal effect is 0.0104, while for floods it is 0.0019. An increase of
one standard deviation in the risk indicator (0.66 for seismic risk and 0.51 for hydraulic risk)
raises the probability of being insured by approximately 0.7% and 0.1%, respectively. The
effect is therefore statistically significant but rather limited in magnitude. It cannot be ruled
out that the limited effect also depends on the supply policies of insurance companies, which
tend to be more cautious in offering coverage in the highest-risk areas. For landslides, the
risk indicator variable is not statistically significant, probably due to the limited diffusion of
this type of coverage.

Table 5 - Average marginal effects (AMESs) from logit models for insurance coverage

Variable Earthquake Floods and inundations ~ Landslides and mudslides

0.0104#** 0.0019** 0.00014

Risk indicat
isk indicator (0.00091) (0.00084) (0.00005)

Note: The table reports the average marginal effects (AMEs) estimated from logit regressions. Robust standard errors in
parentheses. Robust standard errors clustered at the firm level. *, **, and *** denote significance at the 10%, 5%, and 1%
levels, respectively. The dependent variable equals 1 if the firm has an active insurance and 0 otherwise. Risk indicators
are defined as follows: for Earthquake the indicator is based on three elementary indicators (ASI1, ASI2, ASI3, each of
them measured on an ordinal scale from 0 to 5 (source GeoSafe) capturing different dimensions of seismic hazard and
vulnerability; for Floods and inundations, is based on ISPRA data on the municipality area exposed to each level of risk
(and ranges from 0 to 3); for Landslide and mudslides is based on ISPRA data on the municipality area exposed to each
level of risk (and ranges from 0 to 4). For methodological details refer to Appendix — section A.

As for the coefficients of the dummy variables, it should be noted that for both
earthquakes and floods, the highest and statistically significant coefficients are observed in
the energy sector, followed by manufacturing. Regarding the unreported regional
coefficients, the largest values are found in northern regions, including Trentino, Veneto,
Friuli, and Lombardy. In both regressions, insurance coverage also increases significantly
and steadily over the years of observation.

Finally, as a robustness check, we re-estimated the model by dividing the risk
indicators into the four risk classes derived in Section 3.2 using the Jenks natural breaks
classification method, based on the 2024 risk distribution (Table 6).

Table 6 — Logit regression on whole sample (by Jenks natural risk classes)

Variables Earthquake Floods and inundations Landslides and mudslides

Break 2 0.117%** 0.012 -0.014
(0.052) (0.007) (0.038)

Break 3 0.207*** -0.012 0.049
(0.052) (0.01) (0.044)

Break 4 0.265%** 0.037*** 0.091
(0.055) 0.011) (0.073)

N 5,635,157 5,709,828 5,709,828

Note: The table reports marginal effects from logit regressions for the probability that a firm is insured against natural
hazards. The estimated model is: P(Insuranceikt = 1) = A(a + B,Break2;; + B;Break3; + B,Break4; +
y'Size;. + &'Sector; + 0'Year, + u,) where Break2, Break3 and Break4 are dummy variables indicating the Jenks
natural risk classes (the first class is the omitted category). Size, sector, year, and geographical region fixed effects are
included in all regressions but not reported in the table to save space. Heteroskedasticity-robust standard errors are reported
in parentheses and clustered at the firm level. ***, ** and * denote significance at the 1, 5 and 10 per cent levels,
respectively. For methodological details refer to Appendix — section A.
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In the earthquake regression, the marginal effect on the probability of being insured
increases steadily from the first to the fourth risk class, and all these effects are strongly
statistically significant when compared with the lowest-risk class. By contrast, in the case of
floods, only the fourth—and highest—risk class shows a positive and strongly significant
coefficient, while none of the lower classes exhibits a significant marginal effect.

Specifically, for earthquakes, firms located in the highest-risk class are 26.5 percentage
points more likely to be insured than those in the lowest-risk class, while the difference
decreases to 3.7 percentage points for floods. Hence, the marginal effect appears relatively
stronger for seismic risk, possibly reflecting a higher and more established perception of
earthquake risk and the more recent and still emerging awareness of climate-related hazards
such as floods and landslides.

6. Conclusion

This paper investigates whether firms insure where objective physical risk is highest.
While recent research shows that physical climate risk is increasingly priced in capital
markets—affecting municipal borrowing costs, equity risk premia, and insurer capital
structures—Iless is known about whether risk exposure translates into risk transfer at the firm
level. Using a unique and highly granular dataset that combines firm micro-level insurance
contracts from ANIA with financial information from AIDA and hazard-specific geospatial
indicators from ISPRA’s IdroGeo platform and ANIA’s GeoSafe service, we directly test
the risk—coverage gradient across seismic, hydraulic, and landslide hazards in Italy. The
Italian case provides an informative setting, combining high exposure to multiple natural
hazards with historically low insurance penetration, particularly among small and medium-
sized enterprises.

The evidence reveals a systematic disconnect between physical risk exposure and
insurance uptake. Although higher seismic and hydraulic risk increase the likelihood of
holding coverage, the economic magnitude of these effects is modest. For landslide risk, no
statistically significant relationship emerges. Across specifications, firm characteristics—
particularly size, sector, and legal form—play a substantially larger role than objective
hazard exposure in explaining insurance decisions. Spatial analysis further confirms that
high-risk municipalities are not systematically characterized by higher insurance
penetration, highlighting localized protection gaps.

These findings contribute to the insurance economics literature by providing direct
micro-level evidence that insurance demand responds only weakly to differentiated physical
risk, even when risk is measured with high spatial precision. They also extend the climate
finance literature by documenting a potential misalignment between risk pricing and risk
transfer. While capital markets appear to internalize physical risk through higher required
returns, insurance markets do not fully translate hazard exposure into coverage decisions.
This divergence suggests that price signals alone may be insufficient to ensure efficient risk
sharing and may limit the potential ex ante risk mitigation role of insurance, particularly in
the presence of increasing climate-related uncertainty.

While the paper does not evaluate specific policy interventions, the results speak
directly to the ongoing European debate on natural catastrophe insurance reform. Recent
proposals by the ECB and EIOPA (2024) envision broader public—private risk-sharing
mechanisms, including European-level reinsurance backstops, to address the growing
climate protection gap. Our findings suggest that voluntary market arrangements alone may
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be insufficient to ensure adequate coverage in highly exposed economies. If firms do not
systematically insure in proportion to objective hazard exposure—even in a context of
measurable and persistent multi-hazard risk—then risk-based pricing mechanisms may not
translate into risk-based coverage.

This has two important implications for reform design. First, broader risk-pooling
arrangements may be necessary to overcome demand- and supply-side frictions that limit
insurance diffusion among SMEs. Second, any expansion of pooling mechanisms must
carefully preserve the link between risk exposure, pricing, and prevention incentives. If
physical risk is increasingly priced in capital markets but weakly transferred through
insurance, strengthening catastrophe insurance systems becomes not only a microeconomic
efficiency issue but also a macro-financial resilience concern. Ensuring that insurance
markets effectively transmit hazard signals may therefore be central for an effective climate
adaptation strategy.

Overall, the results indicate that firms do not systematically insure where objective
physical risk is highest. Bridging the gap between risk exposure, risk pricing, and risk
transfer is essential for strengthening economic resilience in the face of increasingly
pervasive natural hazards.
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Appendix A. Risk indicators
1. Hydrogeological risk indicators

To investigate the distribution of the two components of hydrogeological risk (i.e.
hydraulic and landslide risk) and the exposure of Italian municipalities to those risks,
IdroGeo indicators (defined in the ISPRA Report'!) have been used. These indicators
quantify the surface area (km?) exposed to each hazard level. The classification follows the
national standard for hazard mapping, harmonized across basin authorities, and is expressed
through the following classes.

Hydpraulic risk indicators (flood hazard):

e P1: area exposed to moderate flood hazard, corresponding to events with relatively low
frequency (long return period) and limited potential damage.

e P2: area exposed to medium flood hazard, representing intermediate-frequency flood
events with potentially significant impacts.

e P3: area exposed to high flood hazard, corresponding to frequent events (short return
period) with high potential for damage.

Each variable (P1, P2, P3) represents the extent (km?) of the municipal territory
affected by that specific flood hazard level.

Landslide risk indicators:

e P1: area potentially affected by slope movements of limited extent or probability.
e P2: area with intermediate probability of landslide occurrence.

e P3: area with high probability or intensity of landslide phenomena.

e P4: area characterized by very high probability and/or severity of slope failure, often
involving significant volumes of material or risk to infrastructure and settlements.

Each variable (P1, P2, P3, P4) indicates the surface area (km?) within the municipality
that falls into each landslide hazard class. Note that, since areas of different hazard levels
may overlap spatially, the sum of risk classes may exceed the total municipal area.

To account for non-exposed areas, an additional indicator has been defined as:

PO = max (O,Amml — Z Apl->
i

where A;ytq; 1S the total municipal surface, and }}; Ap; is the sum of the areas classified
under all hazard levels. If this difference is negative, PO is set to 0.

The analysis of these indicators highlights that 96% of Italian municipalities are
exposed at least to the minimum level of hydraulic or landslide risk, P1 (85% and 75%,
respectively, if considered separately).

To gather a better understanding of the exposure of hydraulic and landslides risk in
terms of level of risk, the following composite indicators have been constructed:

e Hydraulic (flood) risk indicator: for each municipality, the areas (in km?) classified

" ISPRA — Istituto Superiore per la Protezione e la Ricerca Ambientale. (2024). Dissesto idrogeologico
in Italia: pericolosita e indicatori di rischio. Edizione 2024. Sistema Nazionale per la Protezione dell’ Ambiente
(SNPA).
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under hydraulic hazard levels PO, P1, P2 and P3 were considered. A composite indicator
was computed as the weighted average of the hazard levels (0-3), using as weights the
corresponding surface areas.

e Landslide risk indicator: for landslides, the areas assigned to hazard levels PO, P1, P2,
P3, and P4 were used. Similarly, a composite indicator was derived as the weighted
average of the risk levels (0-4), weighted by the extent of the area assigned to each level.

2. Seismic Risk Indicators

Moving to seismic risk, physical risk indicators reported by GeoSafe platform have
been used to perform the analysis. These parameters are computed for three partially
overlapping period intervals, designed to represent the vibration periods of ordinary
buildings with different heights. The resulting indicators (ASI1, ASI2, ASI3) therefore
describe spectral accelerations corresponding to short-, medium- and long-period responses,
which can be used to assess seismic risk in relation to the structural typology of the exposed
assets.

Differently to IdroGeo’s indicators, those values refer to seismic-intensity classes
without providing the information on extension of the area exposed to each level of hazard.
Each indicator ranges from 0 to 5. More precisely, they are defined as follows:

e ASI1 (short-period spectral acceleration indicator): represents the seismic response of
low-rise buildings, typically up to about 4 storeys, characterized by short fundamental
vibration periods (0.1 — 0.5 s). This indicator captures the expected ground acceleration
in the lower range of structural response, relevant for stiff or low buildings.

e ASI2 (medium-period spectral acceleration indicator): corresponds to the seismic
response of medium-rise buildings, generally between 4 and 8 storeys, with intermediate
vibration periods (0.4 — 0.8 s). This indicator reflects the expected spectral acceleration
for structures of moderate height, which are sensitive to ground motions within this period
band.

e ASI3 (long-period spectral acceleration indicator): represents the seismic response of
high-rise buildings, typically taller than 8 storeys, associated with longer vibration
periods (0.7 — 1.1 s). This parameter accounts for ground motion amplification effects
relevant to flexible or tall structures.

To get a synthetic indicator offering a similar picture with respect to that offered by
the hydrogeological indicators defined in section 3, we define the following composite
seismic indicator:

e Seismic risk indicator: for each municipality is obtained as the arithmetic mean of the
three ASI values reported by GeoSafe, where ASI refers to seismic-intensity classes used
in its seismic module. Averaging across classes produces a single synthetic measure of
seismic hazard that captures different seismic scenarios and building-period categories,
rather than relying on a single return period or indicator. In our sample, the resulting
indicator ranges between 0 and 5.
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Appendix B. Tables

Table B.1 - Descriptive statistics — Physical risk and % incidence of insurance coverage
(year 2024)

Break Break Break

Risk/Incidence (%) N Mean SD Min Max 1 2 3

Hydraulic Risk

Risk by municipality 7,901 0.412 0.532 0 2 0.235 0.710 1.243

Risk by sites 875,226  0.414 0.512 0 2 0.227 0.613 1.226

% incidence by municipality 875,226 2534 18.33 0 100.00 13.00 31.89 62.50
Landslides Risk

Risk by municipality 7,815 0.435 0.634 0 3.820 0.335 1.140 1.987

Risk by sites 875,226  0.362 0.588 0 3.820 0.326 1.030 1.971

% incidence by municipality 875,226 1.69 4.57 0 100.00 2.41 12.24 40.00

Seismic Risk

Risk by municipality 7,901 2.578 0.815 0 5 1.333 2.667 3.667

Risk by sites 863,637  2.554 0.656 0 5 1.333 2.667 3.667

% incidence by municipality 863,64 23.61 17.936 0 100.00 11.67 29.89 59.26

Note: The table reports descriptive statistics for the physical risk indicators and for the percentage incidence of insurance
coverage across municipalities. For each risk dimension (hydraulic, landslide, and seismic), statistics are reported both at
the municipal level and using the geographical distribution of firms’ sites. The last three columns report the Jenks natural
breaks used to construct the risk classes in the empirical analysis (see Appendix A for details on risk indicators and
classification). The number of observations differs from Table 2 due to missing values in the risk indicators for some
geographical locations.

Table B.2 - Rank correlations among physical risk indicators

Hazard Seismic risk Hydraulic risk Landslide risk
Seismic risk - -0.005 (- 0.003) 0.061 (0.037)
Hydraulic risk - -0.192 (-0.125)
Landslide risk -

Note: The table reports rank correlations among the three physical risk indicators used in the empirical analysis—seismic
risk, hydraulic risk, and landslide risk—computed at the municipal level. Entries report Spearman’s rho; Kendall’s tau
coefficients are reported in parentheses. Correlations are computed at the municipal level (N = 7,541).

Table B.3 - Rank correlations between physical risk and insurance coverage

Hazard Hazard Spearman’s p N

Seismic risk —0.080*** —0.061*** 7,511
Hydraulic risk 0.037#** 0.025%** 7,592
Landslide risk —0.028** —0.021** 7,592

Note: The table reports rank correlations between municipal-level physical risk indicators and the incidence of insurance
coverage, measured as the share of firms holding insurance policies in each municipality. Spearman’s p and Kendall’s 1
coefficients are reported. ***, ** denote statistical significance at the 1% and 5% levels, respectively. Despite statistical
significance, the magnitude of the coefficients is economically small.
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Table B.4 - Summary Statistics

Variables No. of Obs. Mean Std. Dev. Min. Max.

Panel A: Full sample

Earthquake insurance 5,745,705 0.17 0.38 0 1
Seismic risk 5,636,964 2.58 0.66 0 5
Floods and inundations insurance 5,745,705 0.19 0.39 0 1
Hydraulic risk 5,711,653 0.41 0.51 0 2
Landslides and mudslides insurance 5,745,705 0.00 0.07 0 1
Landslide risk 5,711,653 0.36 0.59 0 3.82
Panel B: by Size
Micro
Earthquake insurance 3,549,292 0.10 0.30 0 1
Seismic risk 3,485,122 2.58 0.66 0 5
Floods and inundations insurance 3,549,292 0.11 0.32 0 1
Hydraulic risk 3,534,480 0.42 0.51 0 2
Landslides and mudslides insurance 3,549,292 0.00 0.06 0 1
Landslide risk 3,534,480 0.35 0.58 0 3.82
Small
Earthquake insurance 1,496,003 0.23 0.42 0 1
Seismic risk 1,466,757 2.57 0.65 0 5
Floods and inundations insurance 1,496,003 0.25 0.43 0 1
Hydraulic risk 1,484,627 0.41 0.51 0 2
Landslides and mudslides insurance 1,496,003 0.01 0.08 0 1
Landslide risk 1,484,627 0.37 0.59 0 3.82
Medium
Earthquake 700,410 0.44 0.50 0 1
Seismic risk 685,085 2.57 0.65 0 5
Floods and inundations 700,410 0.47 0.50 0 1
Hydraulic risk 692,546 0.41 0.51 0 2
Landslides and mudslides insurance 700,410 0.01 0.08 0 1
Landslide risk 692,546 0.38 0.60 0 3.82
Panel C: by Sector
Trade, hotel and restaurants
Earthquake insurance 1,861,222 0.13 0.34 0 1
Seismic risk 1,816,392 2.59 0.66 0 5
Floods and inundations insurance 1,861,222 0.15 0.36 0 1
Hydraulic risk 1,849,825 0.43 0.52 0 2
Landslides and mudslides insurance 1,861,222 0.00 0.06 0 1
Landslide risk 1,849,825 0.35 0.58 0 3.82
Construction
Earthquake insurance 750,961 0.14 0.34 0 1
Seismic risk 739,721 2.58 0.67 0 5
Floods and inundations insurance 750,961 0.14 0.35 0 1
Hydraulic risk 747,681 0.42 0.51 0 2
Landslides and mudslides insurance 750,961 0.01 0.10 0 1
Landslide risk 747,681 0.36 0.58 0 3.82
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Energy, water and telecommunication

Earthquake insurance 123,899 0.49 0.50 0 1
Seismic risk 121,415 2.59 0.71 0 5
Floods and inundations insurance 123,899 0.5 0.50 0 1
Hydraulic risk 122,850 0.39 0.50 0 2
Landslides and mudslides insurance 123,899 0.01 0.10 0 1
Landslide risk 122,850 04 0.60 0 3.72
Extractive industry

Earthquake insurance 555 0.30 0.46 0 1
Seismic risk 518 2.47 0.71 2 5
Floods and inundations insurance 555 0.33 0.47 0 1
Hydraulic risk 555 0.39 0.55 0 2
Landslides and mudslides insurance 555 0.02 0.13 0 1
Landslide risk 555 0.44 0.70 0 2.38
Manufacturing

Earthquake insurance 1,056,798 0.32 0.47 0 1
Seismic risk 1,040,100 2.59 0.65 0 5
Floods and inundations insurance 1,056,798 0.33 0.47 0 1
Hydraulic risk 1,049,010 0.41 0.52 0 2
Landslides and mudslides insurance 1,056,798 0.00 0.06 0 1
Landslide risk 1,049,010 0.39 0.59 0 3.82
Transports

Earthquake insurance 219,382 0.17 0.38 0 1
Seismic risk 215,127 2.54 0.65 0 5
Floods and inundations insurance 219,382 0.19 0.39 0 1
Hydraulic risk 218,237 0.40 0.51 0 2
Landslides and mudslides insurance 219,382 0.00 0.06 0 1
Landslide risk 218,237 0.37 0.60 0 3.82
Other services

Earthquake insurance 700,410 0.44 0.50 0 1
Seismic risk 685,085 2.57 0.65 0 5
Floods and inundations insurance 700,410 0.47 0.50 0 1
Hydraulic risk 692,546 0.41 0.51 0 2
Landslides and mudslides insurance 700,410 0.01 0.08 0 1
Landslide risk 692,546 0.38 0.60 0 3.82

Note: The table reports descriptive statistics for the variables used in the empirical analysis for the full sample (Panel A) and
for subsamples by firm size (Panel B) and sector (Panel C). Statistics refer to firm-level observations and include all company
branches. Data are drawn from ANIA’s ICON-I dataset, from the ISPRA database on hydrogeological risk (2025), and from
GeoSafe for seismic risk. Variables capture both insurance coverage and the physical risk exposure associated with the
geographical location of firms. Firm size follows the standard classification of medium, small, and micro enterprises
according to the European Commission Recommendation 2003/361/EC. Sectoral classifications are based on ATECO 2007
codes, grouped into the macro-sector categories used in the analysis.
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