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Abstract
This thesis investigates the relationship between climate change and the in-
surance protection gap. As climate-related disasters increase in frequency and
severity, the ability of insurance markets to provide adequate risk coverage is
increasingly challenged, raising concerns about financial stability and economic
resilience. The research aims to identify the key climate change-related drivers
of the insurance protection gap in the context of natural catastrophe events.
Using a panel data framework and regression techniques, the study analyzes
regional and temporal trends in insurance protection gaps, incorporating both
control and climate-linked variables. The research seeks to determine whether
a link exists between the dynamics of the insurance protection gap and climate
change, as well as its relationship with the maturity of the financial sector. The
expected contribution includes a better understanding of how climate dynamics
affect insurance markets, offering valuable insights for policymakers and insur-
ers in designing effective risk-transfer mechanisms and pricing strategies. This
work aspires to support climate adaptation efforts by informing decisions that
enhance financial preparedness for future climate-related losses.
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Abstrakt
Tato diplomová práce zkoumá vztah mezi změnou klimatu a pojistně ochran-
nou mezerou. S rostoucí frekvencí a intenzitou přírodních katastrof souvise-
jících s klimatem je schopnost pojistných trhů poskytovat adekvátní krytí rizik
čím dál více ohrožena, což vyvolává obavy o finanční stabilitu a ekonomickou
odolnost. Výzkum si klade za cíl identifikovat klíčové faktory související se
změnou klimatu, které ovlivňují vývoj pojistně ochranné mezery v kontextu
přírodních katastrof. Pomocí techniky panelové regrese bude studie analyzovat
regionální a časové trendy v pojistně ochranné mezeře, přičemž zohlední jak
kontrolní, tak proměnné související se změnou klimatu. Cílem výzkumu je zjis-
tit, zda existuje souvislost mezi dynamikou pojistně ochranné mezery a změnou
klimatu, a také, jaký vztah má toto podpojištění k vyspělosti finančního sek-
toru. Očekávaným přínosem je hlubší porozumění tomu, jak klimatické změny
ovlivňují pojistné trhy, což může přinést cenné poznatky pro státy, instituce a
pojišťovny při navrhování efektivních mechanismů přenosu rizika a cenových
strategií. Tato práce si klade za cíl podpořit adaptační opatření na změnu kli-
matu prostřednictvím informací, které zlepší finanční připravenost na budoucí
klimatické ekonomické ztráty.

Klasifikace JEL C33, G22, G28, Q01, Q54
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Chapter 1

Introduction

In light of the recent increase in natural catastrophic events occurrence, which
have significant impacts across various sectors of society, we observe, among
other consequences, substantial financial losses driven by the severity of these
events at the point of impact. Policymakers and insurance companies, who bear
the brunt of these financial impacts, remain vigilant due to the rising frequency
and intensity of such disasters, which pose considerable risks to their financial
stability. In this context, studying the insurance protection gap in relation to
climate change is essential. As climate-related disasters intensify, the grow-
ing discrepancy between insured and total economic losses threatens financial
stability, undermines economic resilience, and reduces the effectiveness of risk-
transfer mechanisms. A scientific approach to modeling the insurance protec-
tion gap is crucial for identifying the key drivers of underinsurance, assessing
the influence of climate variables on insurance availability and affordability,
and guiding policymakers in designing effective interventions. By developing a
deeper understanding of these dynamics, this research can contribute to more
accurate risk assessments, improved insurance pricing strategies, and more ef-
fective climate adaptation policies.

The available literature provides insights into the insurance protection gap,
its drivers, mitigation strategies, and the implications of climate change for the
insurance sector. Several studies highlight that the insurance protection gap
continues to widen due to a combination of economic, behavioral, and regula-
tory factors, with climate change further exacerbating this disparity. Despite
these contributions, a critical gap remains: limited integration exists between
climate modeling and insurance analytics to quantify and predict the evolv-
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ing insurance protection gap. While existing research examines macro-level
economic and climate-related factors influencing underinsurance, few studies
develop comprehensive models that directly link climate change impacts to
the dynamics of the insurance protection gap. Moreover, the role of regional
disparities in insurance penetration and adaptation strategies remains under-
explored. For instance, while Holzheu & Turner (2018) discus economic and
institutional barriers to insurance adoption, there is still a need to incorporate
climate risk assessments into forecasting models. This study aims to provide
additional insights into the issues and questions identified above.

This thesis begins by transforming natural catastrophe events, characterized
by their temporal, typological, and spatial dimensions across the globe, into a
framework of insurance protection gaps. Subsequently, the data are restruc-
tured into a panel format with time and region as its dimensions. Two types of
independent variables are included in the regression analysis. The first group
consists of control variables that capture the fundamental drivers of protec-
tion gap momentum, such as gross written premiums over GDP, GDP per
capita, insurance assets over GDP, and two types of yield rates. The second
group comprises climate-linked regressors, whose selection is guided by findings
from climate change research. The following climate-linked variables are incor-
porated into the analysis: surface air temperature, sea surface temperature,
ocean heat content, and precipitation patterns.

The protection gap model is estimated using panel regression techniques, en-
compassing pooled, fixed effects, and random effects models. First, the pooled
model is applied, and the best-fitting specification is identified using the infor-
mation criteria minimization technique. Subsequently, statistical tests are then
used to determine the most appropriate regression framework.

This thesis aims to investigate whether climate change negatively influences
the development of the insurance protection gap. The results of the analysis
clarify the relationship between the dynamics of the insurance protection gap
and climate change variables. The findings contribute to the existing literature
by providing estimates of the significance of various climate change factors in
shaping the dynamics of the insurance protection gap. Moreover, the thesis
offers statistical evidence on whether differences exist in the insurance protec-
tion gap between mature financial markets and less developed markets, as well
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as across regions. Furthermore, the results may serve as input for estimating
expected financial losses under climate change scenarios, offering additional in-
sights for policymakers. These insights also provide a holistic foundation for
insurance pricing models related to the development of Nat Cat risks, incorpo-
rating an analysis of the most impactful climate change drivers.

The remainder of the thesis is organized as follows. Chapter 2 presents a com-
prehensive review of the relevant literature. Chapter 3 outlines the selection,
sources, collection, and transformation of data variables. Chapter 4 describes
the methodology, including the underlying assumptions and hypotheses em-
ployed in this study. Chapter 5 presents the results of the analysis, including
model fitting, hypothesis testing, and the interpretation of findings. It also
discusses their potential implications and suggests possible directions for fu-
ture research. Finally, Chapter 6 concludes the thesis by summarizing the key
findings.



Chapter 2

Literature review

In this chapter, we provide an overview of relevant studies that focus on the key
areas of our analysis. The literature review is categorized into three sections.

The first section examines the insurance protection gap, emphasizing cur-
rent analytical approaches. The second section explores the impact of climate
change on the insurance sector, focusing on the relationship between climate
developments, their translation into insurance claims, and the implications for
policymakers. The final section reviews recent trends in natural catastrophes,
highlighting observable patterns over the past years.

2.1 The insurance protection gap
The insurance protection gap has been widely studied in the context of climate-
related extreme events. Holzheu & Turner (2018) define the gap as the unin-
sured portion of losses from catastrophic events, emphasizing the disparity in
coverage across regions and risk types. Their study highlights that while earth-
quakes remain the largest underinsured peril in absolute terms, weather related
events such as floods and windstorms have significantly widened the gap over
the past 40 years.

Similarly, Schanz & Wang (2014) provide a global assessment of underinsur-
ance, emphasizing that both emerging and developed economies face insurance
gaps, but the drives for gap differ. In developed markets, affordability and
behavioral biases contribute to the gap, whereas in developing economies, fi-
nancial constraints and lack of market penetration are key drivers.
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Charity hazard

One of the drivers of the widening of the insurance protection gap is Charity
hazard which is defined as government help in case of NatCat events regard-
less of being insured or not. Tesselaar et al. (2021) apply a partial equilibrium
model to assess how climate change and government compensation mechanisms
influence flood insurance uptake in the European Union. Their study identifies
so-called charity hazard which turn to be a key driver of underinsurance and
subsequently the insurance protection gap as well.

A related study by Botzen et al. (2009) investigates the willingness of home-
owners to mitigate climate risk through insurance, finding that risk perception
and governmental disaster relief policies (charity hazard) significantly influence
insurance purchasing decisions. The presence of government aid often leads to
lower insurance uptake, hence increasing the protection gap.

Economical factors

Economic and institutional factors play a significant role in shaping the insur-
ance protection gap. Studies suggest that income levels, financial literacy, and
regulatory frameworks influence insurance penetration rates. Holzheu & Turner
(2018) present an empirical analysis of property insurance demand across 53
countries, identifying economic development, mortgage penetration, and for-
eign competition as key drivers of the insurance penetration influencing the
insurance protection gap.

Additionally, Outreville (2011) and Esho et al. (2004) emphasize that financial
sector development and legal-political stability contribute to higher insurance
penetration. However, regulatory inefficiencies and lack of product innovation
can hinder the availability and affordability of coverage, thereby widening the
insurance protection gap.

Mitigation strategies

Several strategies have been proposed to mitigate the insurance protection gap,
including public-private partnerships, technological advancements, and regula-
tory reforms. Schanz & Sommerrock (2016) argue that digital technologies,
such as big data analytics and parametric insurance models, can enhance risk
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assessment and improve insurance affordability. Furthermore, mandatory in-
surance schemes and microinsurance initiatives have been suggested as viable
solutions to increase coverage in high-risk areas.

Government-backed insurance programs, such as the U.S. National Flood Insur-
ance Program and Mexico’s MultiCat catastrophe bond initiative, have demon-
strated the potential to provide financial resilience against extreme events.
However, sustainability concerns and fiscal burdens highlight the need for a
balanced approach that integrates private sector innovation with public policy
interventions.

Summary

The literature underline the split in the nature of the insurance protection
gap in several areas, influenced by climate change, economic conditions, reg-
ulatory environments, and behavioral factors. Addressing this gap requires a
combination of market-based solutions, policy interventions, and technological
advancements to enhance risk assessment, improve insurance penetration, and
build financial resilience against climate-induced disasters. All-in-all, the lit-
erature suggests that there is space and need for higher focus on integrating
climate modeling with insurance analytics to better predict and manage the
evolving insurance protection gap.

2.2 Climate change implications for insurance sec-
tor

Climate change presents a profound challenge for the insurance sector, as it
amplifies the frequency and severity of natural disasters, leading to increased
claims, higher premiums, and growing uncertainty in risk assessment. The
impact of climate change on the insurance industry is multifaceted, affecting
underwriting, investment portfolios, and regulatory frameworks. This section
captures the existing literature on climate change implications for the insurance
sector, focusing on financial risks, adaptation strategies, and market responses.
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2.2.1 Climate change and insurance market risks

Physical risk

The first risk affected is the physical risk which arise from the direct impact
of climate-related events such as hurricanes, floods, droughts, and wildfires.
Research by Hoeppe & G. (2005) highlights that the frequency and severity
of weather-related catastrophes have increased significantly over the last three
decades, leading to higher insured losses. Swiss Re’s disaster reports: SwissRe
(2015), SwissRe (2016a) and SwissRe (2016b) indicate that weather-related
losses accounted for over 90% of global insured catastrophe losses in recent
years.

Leigh et al. (1998) provide an Australian perspective, emphasizing how ris-
ing temperatures and extreme weather events strain the property and reinsur-
ance sectors. Their study argues that without proactive measures, insurers
may struggle to provide affordable coverage in high-risk areas. More detail to
related literature can be found in the third section of this chapter.

Transition risk

Transition risk is driven by regulatory, technological, and market shifts as econ-
omies move toward low-carbon models. Prudential Regulation Authority (2015)
highlights that insurers must adjust investment portfolios to mitigate exposure
to carbon heavy assets. Failure to adapt could result in significant financial
losses due to stranded assets and regulatory penalties.

Doherty (1997) discusses how the insurance sector must navigate these tran-
sition risks by integrating climate risk modeling into pricing strategies and
underwriting decisions. The study suggests that insurers need to diversify
their portfolios and engage in sustainable finance initiatives to mitigate the
long-term impact of climate change.

Liability risk

Liability risks arise when businesses, governments, or individuals are held ac-
countable for climate-related damages. Insurers offering liability coverage must
consider emerging legal risks, such as lawsuits against corporations for their role
in greenhouse gas emissions. Ross (2000) discusses how liability claims related
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to environmental negligence are increasing, forcing insurers to reassess their
risk exposure.

2.2.2 Adaptation strategies for insurers

Given the long-term impact on the insurance market and predicted changes that
will magnify in the future, numerous adaptation strategies have been proposed
in the literature. Both policymakers and (re)-insurance companies adopt varied
strategies in response to these scenarios.

Enhancing risk modeling and pricing

Advancements in catastrophe modeling, machine learning, and big data analyt-
ics enable insurers to refine risk assessments. Nobanee et al. (2022) conducted
a bibliometric analysis on climate risk insurance, emphasizing the role of pre-
dictive analytics in pricing climate risks more accurately.

Public-Private partnerships

Collaboration between insurers and governments is crucial in mitigating sys-
temic risks. Hamilton (2004) examines global efforts to create climate risk
pools, such as the Caribbean Catastrophe Risk Insurance Facility, which pro-
vides financial protection against extreme weather events.

Regulatory and market innovations

Regulatory frameworks are evolving to address climate-related risks. Leigh
et al. (1998) propose that mandatory climate risk disclosures and stress testing
for insurers could enhance transparency and financial resilience. Moreover, the
development of parametric insurance models, which offer predefined payouts
based on climate indicators, has been suggested as a way to increase efficiency
in disaster response.

Summary

Climate change poses significant challenges to the insurance sector, impacting
underwriting, investment decisions, and regulatory compliance. The literature
underline the need for adaptive strategies, including improved risk modeling,
sustainable investment practices, and stronger public-private collaborations.
The variety of impacts and their links to the insurance sector are significant
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and are expected to intensify in the coming years. Given this, it is essential
to describe and understand the connection and magnitude of climate change’s
impact on insurers’ balance sheets.

2.3 NatCat events patterns
Climate change is increasingly recognized as a key driver of the frequency and
severity of natural catastrophes. Rising global temperatures, shifting precipita-
tion patterns, and increased atmospheric moisture contribute to a heightened
risk of extreme weather events, including hurricanes, floods, droughts, and
wildfires. The literature provides substantial evidence linking climate change
to an increasing frequency and intensity of such disasters. In the following two
sections, we summarize relevant literature for both attributes of NatCat events
i.e. frequency and severity.

Impact on NatCat frequency

Studies indicate a significant increase in the occurrence of extreme weather
events over the past century, with climate change playing a crucial role. Ban-
holzer et al. (2014) shows that since the 1950s, there has been a measurable
increase in heat waves, heavy precipitation events, and stronger hurricanes.
Cvetkovic et al. (2024) analysis of the disaster patterns from 1900 to 2024 fur-
ther supports this trend, demonstrating a steady rise in the number of climate-
related disasters, particularly in the latter half of the 20th century and early
21st century.

The impact of climate change on wildfires is also notable. Higher tempera-
tures and prolonged dry seasons create ideal conditions for wildfires to spread
rapidly. The Banholzer et al. (2014) focused on the increase in extreme heat
events contributes to vegetation drying, making forests more susceptible to
large-scale fires. This is especially evident in regions such as California and
Australia, where wildfires have become more frequent and destructive in recent
years. Cvetkovic et al. (2024) has found that wildfire seasons have extended
by an average of 20% globally since the 1980s, with some regions experiencing
an increase of up to 50% in annual burned area.

Another notable trend is the increase in extreme precipitation events. The
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warming atmosphere holds more moisture, leading to higher rainfall rates and
more severe flooding. Cvetkovic et al. (2024) indicates that extreme rainfall
events have become 30% more frequent in some regions compared to the mid-
20th century, significantly increasing the risks of landslides and infrastructure
damage. The implications for urban environments are particularly severe, as
many cities lack the infrastructure to handle sudden and intense precipitation.

Heatwaves have also become more frequent and prolonged, affecting both hu-
man health and ecosystems. Banholzer et al. (2014) claims a one-in-20-year
heatwave is projected to occur every other year by the end of the 21st century
if greenhouse gas emissions continue at current levels. The cascading effects
of heatwaves include increased wildfire risks, reduced agricultural productivity,
and higher mortality rates due to heat stress. Such extreme temperatures have
led to record-breaking events worldwide, including the deadly European heat-
wave of 2003 and the persistent heatwaves in North America and Australia in
recent decades, recorded in Field et al. (2012).

Impact on NatCat severity

Beyond frequency, the severity of natural disasters has also worsened due to
climate change. Rising global temperatures lead to higher moisture reten-
tion in the atmosphere, intensifying storms and increasing precipitation levels.
This has resulted in more frequent and severe flooding events worldwide. Ban-
holzer et al. (2014) highlight that heavy precipitation events have become more
common, increasing the probability of landslides and flash floods. Similarly,
Cvetkovic et al. (2024) shows the warming climate has prolonged drought con-
ditions in several regions, exacerbating water scarcity and agricultural losses.

In particular, hurricanes and typhoons have exhibited an upward trajectory
in intensity. Webster et al. (2005), Emanuel (2005) and Trenberth (2005) have
found a strong correlation between increased atmospheric temperatures and
more intense hurricanes, especially in the North Atlantic Basin. Ibarrarán
et al. (2009) claims that higher sea surface temperatures, driven by anthro-
pogenic greenhouse gas emissions, provide the necessary energy for stronger
storm systems, leading to greater destruction when these storms make land-
fall. Additionally, Lloyd & Shepherd (2020) suggests that climate change has
altered hurricane paths, making certain regions more vulnerable to direct im-
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pacts, while increasing the likelihood of hurricanes stalling and causing pro-
longed flooding.

Drought severity has also intensified, with prolonged dry periods affecting crop
yields, water availability, and economic stability. Cvetkovic et al. (2024) sug-
gest that areas experiencing severe droughts have increased by approximately
25% since the early 20th century, particularly in the Mediterranean, South
America, and sub-Saharan Africa. The combination of extreme heat and lower
precipitation levels has led to desertification in many regions, accelerating bio-
diversity loss and reducing the resilience of ecosystems.

Tropical cyclone intensity has increased due to warming oceans, leading to
higher storm surges and more widespread flooding. According to Field et al.
(2012) the intensity of Category 4 and 5 storms has risen by nearly 25% since
the 1980s, causing catastrophic damage in coastal regions. As sea levels con-
tinue to rise, storm surges are expected to become even more devastating, par-
ticularly for densely populated coastal cities. Furthermore, the slow-moving
nature of recent hurricanes, such as Hurricane Harvey in 2017, has resulted in
unprecedented levels of rainfall and long-lasting flood conditions as shown in
Lloyd & Shepherd (2020).

Summary

In summary, climate change has an impact on both the frequency and severity
of extreme weather events, posing growing challenges for disaster preparedness
and resilience. The increasing energy in the climate system is driving more
intense storms, floods, droughts, heatwaves, and wildfires. With the continuous
climate change, the impact on frequency and severity of NatCat is expected to
amplify. Said that, the analysis of the protection gap remains fundamental for
the insurance companies as well as policymakers.

2.4 Consolidation and gaps in the literature
The literature provides extensive insights into the insurance protection gap, its
drivers, and mitigation strategies, as well as the implications of climate change
on the insurance sector. Several studies highlight that the insurance protection
gap is widening due to a combination of economic, behavioral, and regulatory
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factors, with climate change further exacerbating the disparity.

Despite prior research, a critical shortcoming remains: limited integration of
climate modeling and insurance analytics to quantify and forecast the evolv-
ing protection gap. While existing studies examine macro-level economic and
climate-driven factors that influence underinsurance, few have developed com-
prehensive models that bridge the gap between climate change dynamics and
the impact on the insurance protection gap. Moreover, the role of regional
disparities in insurance penetration and adaptation strategies remains under-
explored. For instance, while Holzheu & Turner (2018) discuss economic and
institutional barriers to insurance adoption, there is still a need to incorporate
climate risk assessments into forecasting models.

This thesis aims to address these gaps by developing an analytical framework
that integrates climate risk modeling with insurance market dynamics. By
estimating the evolving climate change drivers and the insurance protection
gap, this research contributes to understanding the dynamics of the insurance
protection gap and provides inputs into climate change mitigation scenarios
modeling. The study also examines how regional differences in insurance pene-
tration, economic maturity, and climate factors affect the capacity of insurance
markets to absorb NatCat risk, offering novel insights into policymaker consid-
erations.



Chapter 3

Data

This chapter outlines the data utilized in the analysis of insurance protection
gap drivers in the context of climate change. Specifically, it provides a com-
prehensive summary of the dependent and independent variables used in the
panel analysis.

First, we explain and examine the measurement of the insurance protection
gap, including the definition of the time horizon and global clusters. Next, we
focus on establishing independent variables that demonstrate direct causality
with the impacts of climate change backed by selected studies. Following that,
we present key figures from the data employed in the analysis, along with the
main observations. After that, we present the control variables which capture
dynamic of the insurance protection gap. We will provide the motivation and
sources. Finally, in the last part of this chapter, we will transform and clean
the entire dataset, which will be used for the analysis.

3.1 Insurance protection gap
Our objective is to analyze the drivers and developments of the insurance pro-
tection gap. It is important to note that the scope of this study is limited to
national-scale catastrophic events. Consequently, we will not examine the in-
surance protection gap associated with smaller-scale losses or minor exposures.

The primary data source for addressing the hypotheses is the open-access EM-
DAT database Guha-Sapir et al. (2024), also known as The International Dis-
aster Database, managed by the Center for Research on the Epidemiology of
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Disasters. EM-DAT provides comprehensive data on the occurrence and im-
pacts of over 26,000 major disasters worldwide, spanning the period from 1900
to the present. The database aggregates information from diverse sources, in-
cluding United Nations agencies, non-governmental organizations, reinsurance
companies, and other relevant entities. It records, at the country level, human
and economic losses from disasters meeting at least one of the following criteria:

• 10 fatalities

• 100 affected people

• a declaration of state of emergency

• a call for international assistance

Before presenting key statistics for the data within scope, it is necessary to
perform data cleaning. First, we will filter out observations where the
DisasterSubgroup is categorized as either Biological or Extra − terrestrial,
ensuring that only natural disaster events are retained.

Next, we will exclude observations where the reported loss equals 0. A similar
procedure will be applied to entries with insured damages reported as 0, as
such values may either indicate an event with no reported insurance coverage
or an event without any insurance claims. Due to the structure of the dataset,
it is not possible to distinguish between these two scenarios. Consequently, our
final dataset will only include events with positive values for insured damages.

The counts of events per region and year are presented in Table 3.1. Ana-
lyzing the data, we can conclude that the Americas, Asia, and Europe exhibit
a sufficient number of observations, while Africa and Oceania display a rather
sparse distribution with limited records. Focusing on the types of natural catas-
trophes, Table 3.2 provides counts of events categorized by type and region.
Examining these distributions, we observe that storms are the most frequent
type of catastrophe, followed by floods and earthquakes. Conversely, droughts,
mass movements, extreme temperatures, and wildfires occur less frequently.

Focusing on the distribution of loss magnitudes by disaster type, Table 3.3
reveals that earthquakes and droughts exhibit the highest mean values, sug-
gesting a larger scope or greater intensity for these two types of events. All
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other disaster types, except for mass movements, have mean values ranging be-
tween 1.94 and 2.61, indicating a potentially similar level of impact across these
types of perils. It is important to note that the standard deviations for storms
and earthquakes are significantly higher compared to other disaster types, lead-
ing to the conclusion that these events exhibit the greatest variability in their
recorded impacts.

Analyzing Figure 3.1, which depicts total losses by disaster type and region
with mean lines for each category, we observe the presence of potential out-
liers. These outliers may lead to inaccurate model fitting in panel regression
analysis. Said this, we need to check after the transformation of total losses
and insured losses to the insurance protection gap that data for the analysis
does not include visible outliers.

Figure 3.1: Total loss in dollars by type of disaster per type, region
and year with mean lines for every type.

3.1.1 Dimensions

We will analyze the insurance protection gap using a panel regression approach.
The methodology will be detailed in the chapter Methodology. Before intro-
ducing the independent variables used in the analysis, it is essential to establish
both dimensions of the regression data. While the time dimension x is relatively
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straightforward, the spatial dimension y presents greater complexity. This sec-
tion discusses and proposes the scope of the data dimensions. The final section
of this chapter will present conclusions based on all the independent variables
considered.

Focusing on the definition of the x dimension, it is evident that yearly data
will be used, as EM-DAT events are reported in annual clusters. The only
remaining question is which years should be included in the analysis. Based on
Table 3.1, it could be proposed to start with either the year 1964 or 1984, as
the data become sufficiently dense from this point onward.

Moving to the definition of spatial dimension y we have 3 possible options
based on the structure of EM-DAT: country, subregion and region. Due to
the nature of the data, we have only a limited number of observations, which
are primarily linked to extraordinary events with return periods exceeding a
decade. A second important observation is the unequal distribution of natural
catastrophes across the globe. The article Cvetkovic et al. (2024) shows the
distribution of natural catastrophes in EM-DAT, with Asia being the region
most affected, accounting for 42% of events. The types of events also exhibit
different behaviors: the Americas are predominantly affected by storms and
wildfires, Europe by storms and floods, while Asia experiences the highest fre-
quency of earthquakes and a notable proportion of floods. A similar conclusion
can be drawn from the analysis in Table 3.2. The final factor to consider is the
distribution of wealth and the maturity of economies across the globe which
implies as well unequal distributions of insurance coverages.

In Table 3.4, we present the quantiles for the distribution of events at both
the country and subregion levels. We can conclude that using country as the
second dimension for panel regression is not suitable, as 60% of countries have
3 or fewer event occurrences. Examining the distribution at the subregion

level, we find that subregion may be a viable option as a spatial dimension,
with only 10% of subregions having fewer than 5 observations. It is worth
mentioning that there is potential for analysis based on subsections of specific
countries. Table 3.5 highlights the countries with the highest recorded events
over the period in scope. Here we see multiple countries with sufficient level of
observations.
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In the following section, we will describe all the independent variables to be
used in the panel regression. The chapter will conclude with a discussion of data
transformation and dimension adjustments based on the variables included in
this chapter.

3.2 Independent climate change variables
In the following subsections, we will describe all the climate change related
independent variables to be used in the panel regression. For each variable,
we will present the rationale behind its selection and link to climate change.
Furthermore, we will provide a detailed description of the variable, specify the
source of the data, include key observations and statistics.

3.2.1 Surface air temperature

The first independent variable considered in this analysis is surface air temper-
ature. Numerous studies have examined the link between climate change and
rising surface air temperatures. A summary of the rationale can be found in
Masson-Delmotte et al. (2018). In the "Summary for Policymakers," paragraph
A.1.1 states that the increase in surface air temperature compared to prein-
dustrial levels reached 0.87◦C for the period between 2006–2015, attributed to
human activity, and assessed with very high confidence. Additionally, para-
graph A.1.3 notes that positive trends in the intensity and frequency of climate
and weather extremes have been detected and assessed with medium confidence.

Section A.2 further explains that future increases in surface air temperature will
persist as a result of anthropogenic emissions. Considering these three points,
we conclude that surface air temperature is a critical variable and should be
included in the scope of our analysis.

We will use Lenssen et al. (2024) as the source, which is NASA’s Goddard
Institute for Space Studies. This institute provides global temperature data,
including regional breakdowns. The data are measured since 1800 as the dif-
ference from a reference temperature (in 1800), recorded every 15th day of a
given month. Observations are made for each month, with data collected by
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latitude and longitude, where:

latitude ∈ {−89, −87, . . . , 87, 89} (3.1)
longtitude ∈ {−179, −177, . . . , 177, 179}.

In order to analyze the time series of temperature differences, we will transform
the data into the regions as used in EM-DAT. For this purpose, we need to
define regions based on latitude and longitude boundaries. The definitions of
these regions, based on the boundaries, can be found in Table 3.6. The lowest
spatial dimension in EM-DAT is the country level. It is important to note that
Table 3.6 is consistent with the definition of regions in EM-DAT, as it reflects
the country split according to the regions used in the dataset. Other observa-
tions made outside the table were included in the region labeled Other.

To make the temperature differences comparable with our natural catastro-
phes database, we need to compute the yearly averages. Further averaging
based on the regions defined in Table 3.6 results in Figure 3.2. Analyzing the
figure, we observe a positive mean trend across all regions. We also note that
volatility appears substantial between years. Focusing on extreme values, we
can conclude that the highest maxima per region occurred between 2015 and
2022, while the lowest minima were observed between 1964 and 1975, reinforc-
ing the positive trend. Oceania shows the highest volatility among all regions.

3.2.2 Sea surface temperature

The second independent variable considered is sea surface temperature. The
article Woods Hole Oceanographic Institution (2024) states that not only is
sea surface temperature affected, but the seasonal cycle amplitude is also be-
coming stronger every year. Additionally, in both the northern and southern
hemispheres, the mixed-layer depths of the ocean are decreasing, which im-
pacts various other climate attributes. The article further highlights that tem-
perature change is not uniform across the globe, with the northern hemisphere
warming faster than the southern. The research also confirms that the observed
changes in sea surface temperature cannot be attributed to natural processes
such as solar activity or climate cycles, but rather to human influence. Fur-
thermore, the article predicts that this effect will continue and expand in the
future due to ongoing climate change trends.
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Figure 3.2: Yearly average of temperature differences vs reference
temperature 1800 by region from 1964 to 2022.

For the purpose of our analysis, we will use sea surface temperature from
Huang et al. (2017). The dataset is a global monthly sea surface tempera-
ture dataset derived from the International Comprehensive Ocean-Atmosphere
Dataset. Records are made for every month since 1854 until today, based on
latitude and longitude, where:

latitude ∈ {−88, −86, . . . , 86, 88} (3.2)
longtitude ∈ {0, 2, . . . , 356, 358}.

The observations were taken 5 meters below the sea surface to ensure the sta-
bility of measurements and to avoid effects that can influence the observations
with seasonal effects, such as solar heating or wind. Adjustments were made
in the Arctic due to the presence of ice on the surface. Note that relationships
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described in 3.1 and 3.2 are consistent with each other but are designed for odd
and even spatial dimensions, respectively. Longitude is measured in the first
case from −180 to 180, which provides the entire surface of a sphere, as in the
second mapping.

Similarly to the previous subsection, we need to cluster the data based on
the regions. For this purpose, we define the allocation of water surface to re-
gions based on latitude and longitude boundaries. The definitions of the water
surface split, based on these boundaries, can be found in Table 3.7. It is im-
portant to note that the definition of the water surface split is not unique, and
alternative definitions can also be used. Other observations made outside the
table were included in the region labeled Other.

To make the sea surface temperature data comparable with the natural catas-
trophes dataset, we need to compute the yearly averages. Further averaging
based on the regions defined in Table 3.7 results in Figure 3.3. Analyzing the
figure, we observe a positive mean trend across all regions. Moreover, all the
maxima were reached after 2015, and all the minima occurred before 1966,
except for Europe, where the minimum was observed in 1993, and for the
Americas in 1975. This highlights the positive slope of the trend. We also note
that the time series for Africa and Asia show similarities over the time horizon,
including similar levels of mean temperatures and changes between years.

3.2.3 Ocean heat content

The third independent variable included in our analysis is ocean heat content.
The report Masson-Delmotte et al. (2021) emphasizes that more than 90% of
the excess heat trapped by greenhouse gases has been absorbed by the oceans.
This is a crucial factor in global warming, as the heat absorbed by the oceans
contributes to sea level rise and affects marine ecosystems. Since the 1970s,
ocean heat content has increased substantially, with the greatest warming oc-
curring in the top 700 meters of the ocean. The heat content is expected to
continue increasing throughout the 21st century, even under scenarios with sig-
nificant reductions in emissions.

Moreover, the report stated that ocean heat storage is one of the most sta-
ble indicators of climate change. The heat absorbed by the ocean has profound
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long-term effects, including changes in ocean currents, the stratification of the
ocean, and disruptions to marine ecosystems. This energy imbalance is ir-
reversible over centuries to millennia and will continue to affect the climate
system long after greenhouse gas emissions are reduced.

As the data source for the analysis, we will use Levitus et al. (2017), which
provides various ocean heat content datasets. For the purpose of the regres-
sion, we will use data measured from the surface to 700m, as this range has
a longer data history compared to measurements from the surface to 2000m.
Additionally, this depth range represents where the largest portion of heat ab-
sorption occurs. The time series are measured from 1955 to the present on
3-monthly, yearly, and five-yearly bases. As previously, we will use the yearly
data, which is consistent with EM-DAT.

The records are presented as temperature anomalies, meaning the difference
between temperature measurements and a long-term mean temperature, inte-
grated from the surface to 700m for a given longitude and latitude. Therefore,
the unit of measurement is Joules 1018. The spatial dimensions are defined in
the same manner as in 3.1.

As in the previous subsection, the data are clustered by ocean region defined in
Table 3.7, which was also used in the subsection Sea Surface Temperature. It is
important to note that we are using a transformed version of Table 3.7, which
reflects the dimension definitions as described in 3.1. Using yearly average time
series of heat content anomalies, we obtain Figure 3.4.

Once again, we observe a positive long-term trend in all regions. The max-
ima for Africa and Europe were recorded in the last year of the dataset, 2022,
while the minima for all regions were recorded before 1988. All regions show
an increase in heat content anomalies compared to the long-term average, with
the last instance of a yearly average being lower than the long-term average
occurring at or before the turn of the millennium.

3.2.4 Precipitation patterns

The fourth independent variable in scope is precipitation patterns. The report
Masson-Delmotte et al. (2021) discusses the implications of climate change on
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precipitation in Chapter 8: Water Cycle Changes. The main changes can be
categorized into three areas: an increase in atmospheric moisture, regional vari-
ations, and extreme precipitation events.

Focusing on increased atmospheric moisture, the rise in average temperature
enables the atmosphere to hold more moisture and increasing global precipita-
tion with high confidence. This phenomenon is primarily attributed to green-
house gas emissions, which drive enhanced evaporation and condensation pro-
cesses.

Regional variations can be characterized by the phenomenon of wet regions
becoming wetter and dry regions becoming drier due to shifts in precipitation
patterns. We observe significantly greater differences in precipitation across re-
gions than were typically seen in the past, both in terms of timing and intensity.

The frequency and magnitude of extreme precipitation events have increased
globally, linked to warming oceans and more intense atmospheric convection
processes. This trend is expected to continue under all emissions reduction
scenarios.

We will use data from Schneider et al. (2022). This database consists of time
series per decade, divided based on grid resolution at 0.25◦, 0.5◦, 1.0◦, and 2.5◦.
Since we are focusing primarily on regions and other datasets are predominately
analyzed at a 2.0◦ resolution, we will use the 2.5◦ grid for the purpose of this
analysis. The data are measured in mm per m2 per month.

To begin, we need to combine all the decade-specific datasets from 1961 to
2020 and then split the data by region using Table 3.6. As usual, we will
compute yearly averages per region to facilitate better regional comparisons.
This results in yearly precipitation averages by region based on the 2.5◦ grid,
as shown in Figure 3.5.

We note that no visible trend is present. This may be attributed to the use of
aggregation at the regional level, where local variations combined with tempo-
ral differences can average out into a series that appears relatively smooth. We
observe that Africa, Asia, and Oceania exhibit high volatility between years,
while the other regions appear to be relatively stable.
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3.3 Control variables variables
In the following subsections, we will describe the control variables to be used in
the panel regression. For each variable, we will present the rationale behind its
selection and link to modeling of the insurance protection gap. Furthermore,
we will provide a detailed description of the variable, specify the source of the
data, include key observations and statistics.

3.3.1 Premium penetration

The first control variable used in our analysis is premium penetration (some-
times called insurance spending), which is defined as the ratio of gross written
premiums to gross domestic product. This variable is often used as a key perfor-
mance indicator for insurance market development, particularly for comparing
different markets or countries.

The rationale behind the relationship between the insurance protection gap and
premium penetration is based on the assumption that a higher proportion of
GDP insured corresponds to a lower probability of an insurance protection gap.
However, this assumption may be questioned if GWP is not disaggregated into
life and non-life insurance, as only the growth of the non-life insurance market
directly impacts the insurance protection gap arising from NatCat events. A
second important consideration is that even if premium penetration is increas-
ing, its distribution across the market may be uneven. Additionally, NatCat
events are typically characterized by their highly localized impact, which means
that even in markets with high overall penetration, certain areas may remain
underinsured and vulnerable.

As the data source for this analysis, we will use OECD (2025), which consists
of all OECD countries and provides information on both insurance penetra-
tion and GDP. We limit the dataset to our study period from 1984 to 2020.
Since the data is available at the country level, we need to calculate a weighted
average using GDP as the weighting factor to obtain premium penetration at
the regional level. To achieve this, we will apply the OECD country mapping
based on regional classifications. The results are shown in Figure 3.6.

We observe significant volatility in premium penetration across all regions over
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the years. No clear trend is apparent in the time series, except for the "Other"
category. Due to limited observations in Africa, data for this region is only
available from 2010 onward.

3.3.2 GDP per capita

The second control variable used for modeling the insurance protection gap is
Gross Domestic Product per capita. Generally, this variable is employed as a
proxy for the maturity of countries in terms of economic development. It can
similarly be used to assess the maturity of a given insurance market. Since
it is a well-known and widely used variable, it may serve as a more effective
predictor in the modeling process compared to premium penetration, which
has only been measured in the last few decades.

The relationship between GDP per capita and the insurance protection gap
was summarized in Schanz (2018), which concluded that the decrease in the
insurance protection gap was driven purely by high-income and upper-middle-
income countries (with a GDP per capita higher than USD 3,956). In contrast,
no significant development in the insurance protection gap was observed in
countries classified as lower-middle-income and low-income. The study covered
a 9-year period, from 1989 to 2016. Hence we consider the GDP per capita as
suitable control variable in the insurance protection gap modeling.

We use data from United Nations Statistics Division (2025). Due to the struc-
ture of the database, where we can select the regional option, no further modifi-
cations are necessary. GDP per capita is reported in US dollars per region and
per year. To ensure consistency with other data sources, we limit the dataset
to the period from 1984 to 2020. In Figure 3.7 we analyze the GDP per capita
split by region.

We observe two groups exhibiting similar trends. The first group, consisting
of the Americas, Europe and Oceania, demonstrates steady GDP per capita
growth starting from 1970. Until 2002, these regions follow similar patterns.
However, after 2003, Oceania experiences a significantly faster increase in GDP
per capita compared to Europe and the Americas. Although economic cycles
in Europe and Oceania share similarities, it is evident that Oceania exhibits
greater amplitude in both positive and negative fluctuations.
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The second group, comprising Africa and Asia, grows at a similar pace un-
til 1985. After this point, Asia’s growth becomes visibly faster than Africa’s.
While the first group experiences noticeable ups and downs driven by economic
cycles, the second group demonstrates much lower volatility, maintaining rela-
tively stable growth over the years.

3.3.3 Insurance assets over GDP

Insurance assets as a percentage of GDP is the third control variable used in
modeling the insurance protection gap. Similar to GWP over GDP, it mea-
sures the market’s saturation by assessing the proportion of insurance assets
relative to the size of the economy. It is important to note that insurance assets
encompass the entire balance sheet of insurance companies, including Life &
Health assets, which are typically higher due to their longer duration. As our
primary focus is on Non-Life assets (covering NatCat risks), this introduces
a limitation that must be acknowledged. Nevertheless, we are confident that
Insurance assets over GDP remains a relevant and informative control variable
in capturing the dynamics of the insurance protection gap.

The link between the role of insurance assets and the insurance protection
gap was described in Bellia et al. (2023). This research makes the relationship
between the two variables explicit: more insurance assets equate to a smaller
insurance protection gap and reduced fiscal stress, whereas constrained insur-
ance capital leads to a larger gap. The research provides numerical evidence
of the existing link between the insurance protection gap and insurance assets.
Hence, we consider the Insurance assets over GDP (i.e. the scaling of insurance
assets relative to the size of the economy) as a suitable control variable in the
modeling of the insurance protection gap.

We use data from World Bank. (n.d.). (2025), which is sourced from AXCO
and national regulatory authorities across the globe. The variable is defined as
the proportion of insurance companies assets to national GDP, reported annu-
ally for various countries. Similar to the GWP over GDP, the data is available
at the country level. Therefore, we calculate a weighted average using GDP as
the weighting factor to obtain insurance assets over GDP at the regional level.
To achieve this, we apply country mapping based on regional classifications.
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The results are shown in Figure 3.8.

We observe two similar trends: one for Europe and the Americas, and an-
other for Asia and Oceania. The first group exhibits a relatively steep increase
in insurance assets over GDP from 1984 until 2000. After this period, we ob-
serve an overall cyclical pattern around 42% mean, with a noticeable decline
following the financial crisis (with timing varying slightly by continent). For
the second group, a similar trend can be observed up to 2000, with the excep-
tion of Asia, which experienced a decline between 1994 and 1997. After 2000,
the second group diverges, showing firstly a stagnating trend, later after 2007 a
decreasing trend that may be driven by rapid GDP growth in these regions, i.e.
insurance assets are not keeping pace with the high rate of economic growth.
Due to limited data availability, observations for Africa are only available from
2010 onward.

3.3.4 Yield rates

The last two control variables included in our analysis are the short-term and
long-term interest rates, proxied by the 1-year deposit rate and the 10-year
government bond yield, respectively. These variables capture the monetary
policy and investment environment, which influence policyholder expectations
regarding savings yields and indirectly, inflation expectations. At the same
time, insurance profitability depends on the level of interest rates, which may
in turn affect the supply of insurance offered by insurers in the market.

The relationship of the investment rate and the insurance protection gap was
discussed in Swiss Re Institute (2023). The reaserach claims that enhanced
investment income strengthens insurers’ financial resilience, enabling them to
offer more competitive premiums and expand coverage. This financial robust-
ness can lead to increased insurance penetration, thereby reducing the insurance
protection gap. The paper Holzheu & Turner (2018) acknowledges that finan-
cial market conditions, such as low interest rates, can impact insurers’ capacity
and willingness to underwrite risks, hence influencing size of the insurance pro-
tection gap.

As the data source for this analysis, we use OECD (2025), which covers all
OECD countries and provides information on both short-term deposit rates
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and long-term government bond yield. We limit the dataset to our study pe-
riod from 1984 to 2020. Since the data is available at the country level, we
need to derive results at the regional level. Analogous to the approach used
for other variables, we apply GDP as a weighting factor to compute the yield
rates at the regional level, using the OECD country mapping based on regional
classification. The results are presented in Figures 3.9, 3.10 for short-term re-
spectively, long-term interest rate.

We can conclude for the short-term rate that all regions exhibit a similar
long-term decreasing trend in short-term rates, with observable reactions to
major global economic events. Africa, the Americas, and Europe show com-
mon patterns in response to events such as the dot-com bubble, the global
financial crisis, and the COVID-19 pandemic. Overall, short-term rates remain
relatively stable and are considered suitable for the modeling of the insurance
protection gap.

Focusing on the long-term interest rate presented in Figure 3.10, we observe
an overall decreasing trend across the time horizon. A notable exception is
Asia, which shows a spike beginning in 2012, reaching its peak in 2018. For the
Americas, Europe, and Oceania, the development of long-term yields follows
a similar downward trajectory. Africa appears to exhibit two distinct trends:
the first, lasting until approximately 2000, with yields around 15%, and the
second, marked by a sharp decline, establishing a new trend level around 8%.

3.4 Data Transformation
We will now transform the natural catastrophe data based on 4.2 and 4.3 to
calculate the single insurance protection gap Gi,x,y,z for event i, region x, coun-
try y, and type z. Due to the very low frequency of events from 1964 to 1983,
as shown in Table 3.1, with only four earthquakes occurring during this period,
we will exclude these records from our analysis. Furthermore, since precipita-
tion data are unavailable after 2020, the analysis is limited to the period from
1984 to 2020.

We need to establish the second dimension of our regression analysis, namely
the spatial dimension. As discussed in the subsection Dimensions, we con-
clude that for the main analysis, we can use either subregion or region. We
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define the spatial dimension at the region level since further subdividing re-
gions would lead to even sparser time series, potentially causing issues with
convergence and stability in the regression modelling.

The resulting insurance protection gap figures, broken down by disaster type,
region, and year, are shown in Figure 3.11. Note that this plot is the transfor-
mation of Figure 3.1.
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Year Africa Americas Asia Europe Oceania
1906 0 1 0 0 0
1964 0 0 1 0 0
1971 0 1 0 0 0
1972 0 1 0 0 0
1978 0 0 1 0 0
1984 0 1 0 1 0
1985 0 4 0 0 2
1986 0 1 2 1 1
1987 1 2 0 1 0
1989 0 2 1 0 2
1990 1 4 4 41 0
1991 0 4 7 2 0
1992 0 7 3 2 2
1993 0 6 3 8 1
1994 0 6 1 3 0
1995 0 15 2 9 0
1996 0 5 1 2 0
1997 0 15 5 5 0
1998 0 23 4 10 2
1999 0 15 5 14 1
2000 3 6 8 6 1
2001 0 10 8 4 1
2002 0 12 3 12 0
2003 0 10 10 5 2
2004 0 15 12 5 2
2005 1 11 9 14 3
2006 0 10 4 2 1
2007 0 21 8 13 1
2008 0 14 7 3 4
2009 0 10 7 4 2
2010 0 9 4 12 5
2011 0 16 8 3 3
2012 1 21 9 4 2
2013 0 20 7 5 4
2014 1 15 7 6 1
2015 0 25 9 4 5
2016 1 21 10 4 4
2017 3 33 8 8 4
2018 0 7 2 4 0
2019 1 10 5 2 1
2020 0 10 5 1 1
2021 0 3 2 2 3
2022 1 3 3 0 1

Table 3.1: Counts of natural catastrophic events per year and region.
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Disaster Type Africa Americas Asia Europe Oceania
Drought 0 3 4 0 0
Earthquake 1 30 48 11 7
Extreme temperature 0 5 2 4 0
Flood 6 57 62 67 19
Mass movement 0 1 2 3 0
Storm 5 306 77 131 25
Wildfire 2 23 0 6 11

Table 3.2: Counts of natural catastrophic events per type and region.

Disaster Type Min Median Mean Max SD Count
Drought 2.46 3.00 5.92 20.00 6.52 7
Earthquake 0.00 0.80 7.28 210.00 25.20 97
Extreme temperature 0.00 0.55 2.61 21.10 6.18 11
Flood 0.00 0.70 2.59 40.00 5.38 211
Mass movement 0.04 0.41 0.42 0.76 0.28 6
Storm 0.00 0.54 2.53 125.00 9.63 544
Wildfire 0.00 0.57 1.94 16.50 3.50 42

Table 3.3: Key statistics for total losses in millions dollar per type.

Spatial 0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Country 1.0 1.0 1.0 1.0 2.0 2.5 3.0 6.0 9.2 21.0 304.0
Subregion 1.0 5.6 14.0 18.5 29.0 35.5 44.4 63.0 107.0 119.7 326.0

Table 3.4: Quantiles of count distribution of countries and subregions.
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Country Count
United States of America 304
Japan 58
Australia 50
China 41
Germany 38
United Kingdom of Great Britain and Northern Ireland 31
France 29
Mexico 24
Canada 21
India 21
Switzerland 15
Taiwan 15
Italy 14
Netherlands 14
Spain 14
Indonesia 12
Belgium 10
South Africa 10
New Zealand 9
Chile 8

Table 3.5: Top 20 countries with the highest counts of natural catas-
trophe events.

Africa Americas Europe Oceania Asia
Latitude Lower Bound -35 -55 25 -50 -10
Latitude Upper Bound 37 70 90 30 70
Longitude Lower Bound -20 -170 -25 110 60
Longitude Upper Bound 55 -30 60 180 180

Table 3.6: Definition of regions based on latitude and longitude.

Africa Americas Europe Oceania Asia
Latitude Lower Bound -40 0 10 -40 40 40 -40 10
Latitude Upper Bound 35 40 70 10 65 50 10 70
Longitude Lower Bound 0 340 195 210 350 0 90 50
Longitude Upper Bound 55 360 240 340 360 70 160 150

Table 3.7: Definition of oceans regions based on latitude and longi-
tude.
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Figure 3.3: Yearly average of sea surface temperature development
from 1964 to 2022 by region with maximum and mini-
mum lines and points where maximum and minimum was
reached.
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Figure 3.4: Yearly average of ocean heat content anomaly develop-
ment from 1964 to 2022 by region in 1018J , with maxi-
mum and minimum lines and points where maximum and
minimum was reached.
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Figure 3.5: Yearly average precipitation from 1964 to 2020 by region
in mm per m2 per 2.5◦ grid.

Figure 3.6: Premium penetration as GWP over GDP from 1984 to
2020 by region.
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Figure 3.7: GDP per capita in thousands of US dollars from 1970 to
2020 by region.

Figure 3.8: Insurance assets over GDP by region from 1984 to 2020
by region.



3. Data 36

Figure 3.9: Short-term rate from 1984 to 2020 by region.

Figure 3.10: Long-term rate from 1984 to 2020 by region.
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Figure 3.11: Insurance protection gap by type of disaster per type,
region and year with median lines for every type from
1984 to 2020. The total median per type is captured
with purple color and 10 year rolling median is captured
with red color.



Chapter 4

Methodology

This chapter outlines the framework utilized in the analysis of the insurance
protection gap drivers in the context of climate change. Specifically, it provides
a comprehensive summary of the application of panel regression to various in-
dependent variables influenced by climate change.

First, we introduce the model of the insurance protection gap as well panel
regression and describe its key attributes, including the types of panel regres-
sion models. Next, we present the underlying assumptions, diagnostic tests
including potential limitations of the estimation process and model selection
approach. Lastly, we establish the hypotheses of interest. The theoretical
foundations established in this chapter will be applied in the Results chapter.

4.1 Model of insurance protection gap
The insurance protection gap is defined as the difference between total losses
L and total insured losses I for a given event i, at location x, in year y, and
of event type z. Here, x may refer to a cluster of impacted locations. For the
purpose of this analysis, we will consider only natural (non-manmade) events
classified as catastrophes, such as floods, earthquakes, hailstorms, etc. The
scope of location clusters will be narrowed to regions due to limited frequency
of this type of events on country or sub-region level. With this framework, the
total historical insurance protection gap is defined as follows, in accordance
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with Holzheu & Turner (2018):

∑︂
i=1

∑︂
x=1

∑︂
y=1

∑︂
z=1

(Li,x,y,z − Ii,x,y,z). (4.1)

We will analyze the insurance protection gap across multiple years to under-
stand its development based on the identified independent variables. To ensure
accuracy in the analysis, it is necessary to isolate the impact of inflation, which
is embedded in both L and I. Additionally, regional comparisons may be
affected by varying levels of exposure to natural catastrophes, which are in-
fluenced by the economic development stage of each region. To address these
considerations, we propose transforming Equation 4.1 as follows:

G :=
∑︂
i=1

∑︂
x=1

∑︂
y=1

∑︂
z=1

Gi,x,y,z, (4.2)

where:

Gi,x,y,z := Li,x,y,z − Ii,x,y,z

Li,x,y,z

, Li,x,y,z > 0, (4.3)

and Gi,x,y,z is the single insurance protection gap from the event i, location
x, year y, and type z. From our definition, we can see that Gi,x,y,z ∈ [0, 1].
Examining the extreme values, we find that Gi,x,y,z = 0 when there is no
insurance protection gap, which occurs only if the total loss is fully insured,
i.e. L = I. Conversely, Gi,x,y,z = 1 when the total loss is not insured at all.

4.2 Panel regression
The panel regression serves as the core framework for this analysis. To define
the panel regression model we can use Chapter 11 from Greene (2012) with the
definition as follows:

yi,t = xT
i,tβ + zT

i α + εi,t, i = 1, . . . , N, t = 1, . . . , T, (4.4)

where xi,t consists of K regressors without an intercept. The individual effect
is captured in zT

i α, where zi contains the intercept and represents individual-
or group-specific variables. It is important to note that the heterogeneity cap-
tured in zi is across the group, not across the time space. In fact, this model
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assumes that zi remains constant over the time horizon.

We distinguish between the types of regressions based on the characteristics
of individual effects zi. If zi is observed, the solution can be delivered using
OLS, and this is referred to as a so-called pooled regression. In cases where zi

is unobserved, the solution cannot be obtained using OLS.

The main objective of our analysis is the consistent and efficient estimation
of the partial effects:

β = ∂E[yi,t|xi,t]/∂xi,t (4.5)

4.3 Types of panel regressions
We can define the main type of panel regressions based on type of zi and its
relationship with xi,t as follows:

• Pooled Regression: If zi contains only a constant parameter which is
observable, then OLS leads to consistent and efficient estimates of het-
erogeneity α and effects β.

• Fixed Effects: If zi is unobservable and correlated with xi,t then OLS
leads to β estimator which is biased and inconsistent. In this case we can
redefine the model 4.4 as:

yi,t = xT
i,tβ + ci + εi,t, (4.6)

where ci = zT
i α captures all the observable effects and specifies an es-

timable conditional mean. This model takes ci as group-specific constant
term. Hence, we speak about the Fixed effects which is delivered from
the fact that there exists fix relationship between zi and xi,t.

• Random Effects: If zi is unobservable and uncorrelated with xi,t then
OLS leads to β estimator which is consistent but inefficient. In this case
we can redefine the model 4.4 as:

yi,t = xT
i,tβ + E[zT

i α] + (zT
i α − E[zT

i α]) + εi,t

= xT
i,tβ + α0 + ui + εi,t, (4.7)
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where ui is a group-specific random element similar to εi,t except that ui

is time consistent i.e. independent of t dimension. To summarize, the
fundamental difference between Fixed effects and Random effects is the
non/existence of correlation between zi and xi,t.

We can vary the panel types not only based on the nature of heterogeneity but
also based on the relationship of N and T . There exist many types of panels,
among which the most important segmentation is between balanced and un-
balanced panels. A panel is considered balanced if all categories are observed
across the entire time span, and T is relatively close to N . Specifically, this
means that neither T ≫ N nor N ≫ T hold true. Otherwise, the panel is
classified as unbalanced.

It is important to note that there are various types of unbalanced panels de-
pending on the structure of the observations. For our analysis, the focus will be
on panels where T ≫ N , as we have a limited spatial dimension (i.e. regions)
and a long time series of observations spanning from the 1980s to 2020. The
same assumptions or variants of tests must be modified to accommodate the
unbalanced panel structure.

4.4 Assumptions, diagnostic tests, model selec-
tion and limitations

In this section, we will summarize the main assumptions and tests that will
be used in our analysis. Additionally, we will aim to highlight the potential
limitations of our approach. Lastly, we provide the model selection method.
It is important to note that the objective of this chapter is not to provide a
comprehensive account of all derivations, but rather to outline the framework
that will be utilized in the Results chapter. The full derivations and detailed
discussions can be found in Greene (2012), Chapter 11.

4.4.1 Assumptions

For the panel regression model which is defined by the 4.4 we need the following
set of core assumptions:

1. Linearity of β coefficients.
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2. Full rank of X matrix.

3. Strict Exogeneity: E[εi,t|xi,1, . . . , xi,T ] = 0, for all i = 1, . . . , N .

4. Mean independence: E[ci|xi,1, . . . , xi,T ] = α0, for all i = 1, . . . , N .

5. Homoscedasticity and non-autocorrelation.

6. Data generating mechanism-independent observations.

7. plimn→∞(1/n)XT X = plimn→∞Q̄n = Q, where Q is positive definite
matrix.
plimn→∞(1/n)XT ε = plimn→∞w̄n = E[w̄n] = 0.

8. Asymptotic normality:
√

nw̄n
d−→ N [0, σ2Q],

where ci = zT
i α.

It is evident that the assumptions required for panel regression are both non-
trivial and extensive. Consequently, there is a possibility that one or more of
these assumptions may not be satisfied due to the nature of the data. One
particularly problematic assumption is the absence of heteroscedasticity across
individuals, as well as the absence of cross-observation correlation and auto-
correlation, which conflicts with the fifth assumption.

If this assumption is violated, the sample variance becomes an inappropri-
ate estimate of variance, putting the validity of our conclusions regarding the
significance of the independent variables at risk. One potential solution is to
employ a robust covariance matrix, which addresses the issues of heteroscedas-
ticity across individuals and cross-observation covariance. There are various
approaches for deriving a robust covariance matrix. For the purposes of our
analysis, we will use variants of the White estimator, specifically the "HC1"
variant. This method corrects for the downward bias in standard errors caused
by suspected heteroscedasticity in small sample sizes and provides robust stan-
dard errors.

Considering the first type of panel regression which is the pooled model, we
can rewrite the 4.4 as follows:

yi,t = α + xT
i,tβ + εi,t, (4.8)
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since zi is observable and a constant term, and using the set of our assumptions
while setting Q equal to the identity matrix, it follows from 4.8 that the con-
ditions of the classical regression model are satisfied. Therefore, the ordinary
least squares approach yields a consistent and efficient estimator.

Focusing on fixed effects model which takes form of 4.6 and inserting, ci we
get:

yi,t = xT
i,tβ + ci + εi,t. (4.9)

The core assumptions of the model is that ci is correlated with xi,t. In the
general form:

E[ci|Xi] = h(Xi) = αi. (4.10)

Since conditional mean is time invariant, we can reformulate 4.9 as follows:

yi,t = xT
i,tβ + αi + εi,t + (ci − h(Xi)). (4.11)

Using the attributes of conditional mean and assumptions formulated above,
we can absorb (ci − h(Xi)) into residuals εi,t and get:

yi,t = xT
i,tβ + αi + εi,t. (4.12)

If we enhance the set of assumption by the assumption that V ar[ci|Xi] is con-
stant, we can see that the condition of the classical regression model are met.
From the 4.10 we can see the key attribute of the model is that the heterogene-
ity across the groups can be capture by constant term i.e. fixed term.

If we focus on the estimation of the regressors, we can rewrite 4.12 for i category
as follows:

yi = XT
i β + i(T )αi + εi, (4.13)

where i(T ) is vector of ones with T rows. Taking into block matrix version, we
can obtain:

Y = [X d1, . . . , dN ][β α]T + ε = XT β + DT α + ε, (4.14)
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where di is dummy vector with NT rows with ones starting from ((i−1)T +1)th
position until iT th and otherwise 0, D = [d1, . . . , dN ]. Model 4.14 is referred
as least squares dummy variable. The solution of such model can be delivered
using the classical regression model approach.

In the chapter Data, we observed several instances where the insurance pro-
tection gap, as well as certain regressors, exhibited time-variant behavior. The
LSDV model assumes that all heterogeneity is captured by differences between
specific groups, while time remains insignificant. Hence, we should explore in
our analysis a modification of the LSDV model with time-specific effects. We
can enhance 4.12 as follows:

yi,t = xT
i,tβ + αi + δt + εi,t. (4.15)

In this modification, we add to 4.12 an additional T − 1 variables. One time
effect must be dropped to avoid perfect collinearity, since both group effects
and time effects must sum to one. Under the assumption that the number
of variables is not excessively large, the solution can again be derived using
ordinary least squares. If the number of variables is too large for the classical
regression model, the solution can be obtained from the so-called partitioned
regression.

Moving to random effects model which assume that individual effects are strictly
uncorrelated with the regressors. In this case it is appropriate to model the in-
dividual specific constant terms as randomly distributed across cross-sectional
units. To remind the random effect model takes form of 4.7:

yi,t = xT
i,tβ + α0 + ui + εi,t,

where α0 = E[zT
i α] which represent the expected value of unobserved hetero-

geneity and ui = (zT
i α − E[zT

i α]). We need to enhance our set of assumptions
with strict exogeneity with respect to ui as well:

• E[εi,t|X] = E[ui|X] = 0,

• E[ε2
i,t|X] = σ2

ε ,

• E[u2
i |X] = σ2

u,

• E[εi,tuj|X] = 0, for all i, t, j,
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• E[εi,tεj,s|X] = 0, if t ̸= s or i ̸= j,

• E[uiuj|X] = 0, if i ̸= j.

If we define ηi,t as:

ηi,t = ui + εi,t, ηi = [ηi,1, . . . , ηi,T ]T ,

then using above stated assumptions it holds:

E[η2
i,t|X] = σ2

ε + σ2
u,

E[ηi,tηi,s|X] = σ2
u, t ̸= s,

E[ηi,tηj,s|X] = 0, for all t and s if i ̸= j. (4.16)

Then

Σ = E[ηiη
T
i |X] = σ2

εI(T ) + σ2
ui(T )i

T
(T ), (4.17)

where i(T ) is vector of ones with T rows and I(T ) identity matrix dimension T .
Since observation i and j are independent as stated in the assumptions above,
then the whole disturbance matrix of NT observations is

Ω = I(N) ⊗ Σ. (4.18)

Random effect model does not lead to OLS approach since the solution will be
inefficient (same as LSDV). The solution for β̂ in this case can be derived from
Generalized least squares method:

β̂ = (XT Ω−1X)−1XT Ω−1Y.

4.4.2 Diagnostic tests

In this section, we will describe the diagnostic test which will be applied in
our analysis for testing either the assumptions or provide framework which will
determine the most suitable regression model.

Breusch-Pagan LM test

The first test which we describe is the Breusch-Pagan Lagrange multiplier test.
This test will help us to decide between pooled regression and random effect
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models. The hypotheses are defined:

H0 : σ2
u = 0,

H1 : σ2
u ̸= 0.

The test statistic is given by:

LM = NT

2(T − 1)

⎡⎢⎣
∑︁N

i=1

(︂∑︁T
t=1 eit

)︂2

∑︁N
i=1

∑︁T
t=1 e2

it

− 1

⎤⎥⎦
2

Under the null hypothesis:

LM
N,T →∞∼ χ2

1.

If the null hypothesis holds then σ2
u = 0 which implies that ηi,t and ηi,s are

not correlated and pooled regression should be used. If we reject the null
hypothesis and prove the alternative hypothesis, then the random effect model
is more suitable for our analysis than pooled regression.

Hausman test

The second test in our scope is the Hausman’s specification test. This test
will help us to decide between fixed effect and random effect models. The
hypotheses are defined:

H0 : RE is consistent and efficient,
H1 : RE is not consistent.

The test statistic is given by:

H = (β̂F E − β̂RE)T
[︂
ˆ︂AV ar(β̂F E) − ˆ︂AV ar(β̂RE)

]︂−1
(β̂F E − β̂RE). (4.19)

Under the null hypothesis:

H
N,T →∞∼ χ2

K−1. (4.20)

If we reject the null hypothesis and approve the alternative, then we should
use FE model since it remains efficient and consistent (unlike the RE model).
Under the null hypothesis, the RE model should be used.
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F-test

The last test which is used for a determination of suitable type of panel regres-
sion is the F-test. This test serves for decision between pooled model and fixed
effect model. The hypotheses are defined:

H0 : αi = c, ∀i,

H1 : αi ̸= c, ∃i

The test statistic is given by:

F = (RSSFE − RSSpooled) /(N − 1)
(1 − RSSF E)/(NT − N − K) ,

where RSSFE resp. RSSpooled equal residual sum of squares from the FE resp.
pooled model. Under the null hypothesis:

F∼FN−1,NT −N−K .

Obviously if the null hypothesis holds then the pooled regression model is more
suitable while under alternative hypothesis the FE model should be used.

Tests described above will be used in our analysis to determine the right model.
We will proceed as follows:

• Perform the Breusch-Pagan LM test to decide between Pooled and Ran-
dom effects model.

• If Random effect is chosen, we will perform the Hausman test to decide
between Random effects and Fixed effects models.

• If pooled model is more suitable, we will perform the F-test to decide
between pooled and Fixed effects models.

Two important remarks need to be made. Since hypothesis testing is asym-
metric, i.e. only the null hypothesis can be rejected to confirm the alternative,
we need to bear in mind that in the above-described process of model de-
termination, we may encounter a so-called Type II error, i.e. interpreting a
non-rejected null hypothesis as a proven null hypothesis. The size of the Type
II error is not controlled.
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Secondly, since we need to perform two tests to determine the correct model,
and the result of the first test determines the choice of the second, we are
facing a multitesting approach. In light of this, we will use the simple Bonfer-
roni method and lower the significance level for both tests to 0.025 in order to
achieve an aggregated significance level of at least 0.05 for both tests.

In the last part, we describe methods used to check the main assumptions.

Variance inflation factor method

The variance inflation factor method is used to analyze the level of multi-
collinearity among independent variables, which is one of the crucial assump-
tions in panel regression. The hypotheses are defined as follows:

H0 : There is no multicollinearity among independent variables.

H1 : There exists multicollinearity among independent variables.

The test statistic for an independent variable xi is given by:

V IF (xi) = 1
1 − R2

i

, (4.21)

where R2
i is the coefficient of determination obtained from regressing xi on all

other independent variables in the model.

Under the H0 the R2
i is close to 0 and the test statistic is approaching 1.

As multicollinearity increases, R2
i approaches 1, causing VIF to increase. We

will use the following procedure to decide about multicollinearity:

1. For each independent variable, regress it against all other independent
variables.

2. Compute R2
i and use it to calculate VIFi.

3. Interpret the results:

• VIFi < 3: Low multicollinearity.

• 3 ≤ VIFi < 5: Moderate multicollinearity, which should be noted in
the discussion.

• VIFi ≥ 5: Problematic multicollinearity, indicating that we should
omit a given independent variable.
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We discussed in the subsection 4.4.1 Assumptions that heteroscedasticity is
expected. Hence, we will use the "HC1" modification of the robust covariance
matrix, which should address the issue of assumption violations. At the same
time, the "HC1" variation corrects potential issues with serial correlation.

We must keep in mind that some assumptions cannot be tested using statisti-
cal tests, but rather through inspection of data via various plots or statistics
(e.g., linearity, no measurement error in variables, and sufficient variation in
the independent variables).

4.4.3 Model selection method

In the model selection process, we are faced with two key questions: which type
of panel regression model is most appropriate for our analysis, and which vari-
ables are most suitable for modeling the insurance protection gap. To address
this two-phase optimization problem, we adopt a widely used approach based
on the Akaike Information Criterion applied to a pooled regression model for
the selection of the most relevant variables. Once the most appropriate vari-
ables are selected, we perform a series of tests to determine the most suitable
model specification: pooled regression, fixed effects or random effects.

The AIC is defined as follows:

AIC = 2k − 2ln(L), (4.22)

where k denotes the number of parameters in the model and L represents the
maximum value of the likelihood function for the estimated model. This cri-
terion captures the trade-off between model fit and complexity: using more
variables generally improves the fit and increases the likelihood function, but
also adds to model complexity. The AIC penalizes this additional complexity
introduced by including more variables. Therefore, minimizing the AIC helps
identify a model that achieves a good fit while using the fewest possible vari-
ables.

We perform stepwise regression in both directions: starting with a single vari-
able and incrementally adding one variable at a time while comparing the AIC
at each step, as well as starting from the full model and gradually removing
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variables, again based on AIC comparison. Our objective is to identify the
model with the lowest AIC, which should offer an optimal balance between
explanatory power and model simplicity.

It is important to note that the AIC method has certain limitations. The
approach does not test the goodness of fit or the statistical significance of a
model but rather it serves as a criterion for selecting among nested or non-
nested models. Moreover, we do not know in advance which type of panel
regression should be optimized at the start of the process, as we are dealing
with a two-step optimization process. However, we consider this method suit-
able for our analysis.

4.5 Hypotheses
The analysis aims to answer the following hypotheses:

Hypothesis #1: Climate change is contributing to a widening of insurance
protection gap.

Hypothesis #2: Mature financial sector is associated with lower insurance
protection gap.

Hypothesis #3: Regional variations exist in the development of the in-
surance protection gap.

In this chapter, we have defined a theoretical framework that will be used in
the Results chapter to assess the aforementioned hypotheses. First, we need to
establish how the hypotheses will be tested.

Hypothesis #1 will be examined based on the statistical (non-)significance of
various independent climate variables in the regression model. We consider the
hypothesis valid if at least one climate variable is significant at the 5% level
with positive sign. At the same time no other climate change variable with
negative sign should be statistically significant.

Hypothesis #2 will be evaluated in a similar manner to the previous one, by
assessing the statistical (non-)significance of the following control variables: As-
sets over GDP, GWP over GDP and GDP per capita including their numerical
estimate i.e. positive/negative, in the regression model. The evaluation will
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again be conducted at the 5% significance level.

Hypothesis #3 will be considered empirically supported if there are signifi-
cant differences in the dynamic of the insurance protection gap across regions.
To test this, we perform a likelihood ratio test between two models: the first
includes regional variation effects, and the second excludes them. Based on the
statistically significant difference in the likelihood between the two models, we
can decide on the validity of the hypothesis. If the difference of the likelihood
functions is statistically significant then we consider the hypothesis as valid at
the 5% level.



Chapter 5

Results

This chapter applies the methodological framework to the data described in the
previous sections. Specifically, it presents the results of the regression model of
the insurance protection gap, incorporating both control variables and climate
change related variables. Following the selection of the optimal model and in-
terpretation of the results, the chapter proceeds with hypothesis testing and
a discussion of the conclusions drawn from the statistical analysis. Finally, it
outlines potential directions for further research and model extensions.

First, we fit the model by starting with a full pooled regression and apply-
ing the AIC minimization method to select the most appropriate variables for
our analysis. Next, we statistically determine the most suitable type of panel
regression based on our data. Once the appropriate model type is identified,
we fit the panel regression and interpret the results, including the interpreta-
tion of coefficient estimates. We then assess the validity of model assumptions.
The analysis continues with hypothesis testing and a discussion of the results.
Finally, we conclude with a description of potential extensions to the current
analysis.

5.1 Fitting the model
The results of the full pooling model can be found in Table 5.1. The full
model consists of all five control variables and four climate change variables.
The model achieved an R2 value of 0.3317, which is higher than the adjusted
R2, suggesting a possible overfitting issue due to an excessive number of vari-
ables, leading to potential multicollinearity. Another supporting argument for
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concerns regarding the estimates is the relatively high R2, considering the sim-
plifications introduced by regional classification and the sparsity of NatCat
events across the years.

Variable Estimate Std. Error t-value p-value
AssetsOverGDP 0.0002 0.0020 0.0820 0.9348
GWPOverGDP 0.0066 0.0081 0.8143 0.4171
log(GDP_per_capita) -0.0886 0.0230 -3.8432 0.0002
Short-yield -0.0020 0.0071 -0.2832 0.7775
Long-yield -0.0263 0.0086 -3.0707 0.0027
log(SeaTemp) 0.2375 0.0583 4.0719 0.0001
AirTemp -0.0719 0.0332 -2.1662 0.0323
OHC -0.0032 0.0067 -0.4739 0.6364
log(Percip) 0.0681 0.0366 1.8599 0.0654

Table 5.1: The regression result of the full pooling model.

Due to the reasons described above, we approach model optimization by min-
imizing of the AIC, as outlined in the Methodology chapter, and obtain the
best model based on information criteria. The results of the selected method
can be found in Table 5.2. The AIC of the best model is −66.2344 which is
notably better than the AIC of the full model, which was −59.5075.

Variable Estimate Std. Error t-value p-value
Long-yield -0.0263 0.0053 -4.9408 0.0000
log(GDP_per_capita) -0.0927 0.0149 -6.2343 0.0000
log(SeaTemp) 0.2301 0.0440 5.2313 0.0000
AirTemp -0.0732 0.0279 -2.6211 0.0098
log(Percip) 0.0837 0.0289 2.8978 0.0044

Table 5.2: The regression result of the model which minimize AIC.

Comparing the results of the full model and the best AIC model, we observe
a reduction of four regressors: three control variables and one climate change
variable, namely GWPOverGDP , AssetsOverGDP , Short-yield and OHC.
All four statistically significant coefficients from the full model remain in the
best AIC model as well.

The reduction of GWPOverGDP and AssetsOverGDP is most likely due
to the characteristics of these variables. Both are related to the saturation and
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penetration of the insurance market within a given economy, but they are not
primarily linked to insurance coverage for NatCat events. Instead, they re-
flect the broader insurance portfolio, such as life insurance, motor third-party
liability, and other lines of business. The elimination of Short-yield may be ex-
plained by the fact that this variable does not significantly influence customer
behavior compared to Long-yield and its effect on the insurance protection gap
may be partially captured by the long-term yield variable.

The deselection of OHC may be driven by the fact that both OHC and
log(SeaTemp) measure water temperature, differing only in depth coverage.
While OHC accounts for the entire heat content up to 700m depth,
log(SeaTemp) measures only the surface temperature. Note that we interpret
the estimated regressors in the later section after selecting the most suitable
regression framework for our analysis.

Before proceeding to the determination of the most suitable type of panel re-
gression framework, we first assess whether multicollinearity is present, as it
could influence the validity of the statistical tests used for model selection. Ap-
plying the VIF method, we find that the majority of variables have VIF values
close to or even above 3. Upon analyzing the interactions among the variables,
we conclude that log(Percip) is the primary source of multicollinearity. Once
we exclude this variable from the model, the VIF values for all remaining vari-
ables safely fall below 2. After refitting the model without log(Percip), we
obtain the results presented in Table 5.3. To determine the most suitable type

Variable Estimate Std. Error t-value p-value
Long-yield -0.0238 0.0054 -4.4197 0.0000
log(GDP_per_capita) -0.0860 0.0151 -5.6990 0.0000
log(SeaTemp) 0.3438 0.0204 16.8338 0.0000
AirTemp -0.0901 0.0281 -3.2114 0.0017

Table 5.3: The regression result of the model which minimize AIC
adjusted by VIF method.

of regression model for our analysis, we perform multiple statistical tests to
select among pooling, fixed effects, or random effects models, as described in
4.4.2 Diagnostic Tests. The first test is the Breusch-Pagan LM test, which
yields a test statistic of 19.0950 and a p-value below 0.0001. Therefore, we
reject the null hypothesis at the 0.025 significance level, supporting the alter-
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native hypothesis, which indicates that the RE model is more suitable than the
pooled regression model in our case. The next test performed is the Hausman
test, which results in a test statistic of 4.1922 and a p-value of 0.3806. Con-
sequently, we cannot reject the null hypothesis at the 0.025 significance level.
This result suggests that the RE model is consistent and efficient, making it
preferable to the FE model. Combining those two results, we determine that
RE model is the most suitable framework at the 5% significance level.

We conclude that the RE model in the form of:

ProtectGapi,t = − 0.0141Long-yieldi,t − 0.0645log(GDP_per_capitai,t)
+ 0.2929log(SeaTempi,t) − 0.0506AirTempi,t + ui + εi,t

(5.1)

is the must suitable model for our analysis. The results of the model can be
found in Table 5.4. The idiosyncratic component is 0.0301, accounting for 70%
of the total variation, while the remaining 30% corresponds to individual vari-
ation, which is 0.0129. Since both components of variance are non-negligible,
we believe that the random effects model is the most suitable framework, as
concluded by the statistical tests above. Thus, we confirm that regional het-
erogeneity plays a role in explaining differences in insurance protection gaps.
We will test the statistical significance of regional variation in the Hypthoteses
section.

Variable Estimate Std. Error t-value p-value
Long-yield -0.0141 0.0067 -2.0882 0.0368
log(GDP_per_capita) -0.0645 0.0212 -3.0404 0.0024
log(SeaTemp) 0.2929 0.0163 17.9168 0.0000
AirTemp -0.0506 0.0354 -1.4299 0.1527

Table 5.4: The regression result of the chosen RE model.

We present the results of θ in Table 5.5. The estimated mean is 0.7279, which is
close to 1, indicating that the region-specific component is present in the model
of the insurance protection gap. Since the Hausman test favored the RE model
over the FE model, θ further confirms that the RE model efficiently captures
regional heterogeneity. Focusing on the model fit and statistical significance,
we obtained an R2 value of 0.0976, which at first glance may seem relatively
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Min. Median Mean Max.
0.5460 0.7464 0.7279 0.7531

Table 5.5: Statistic results for θ.

low. However, given the nature of NatCat events, which are inherently sparse
in frequency, a high R2 should not be expected. Another important factor
limiting a higher R2 is the high level of regional aggregation, which may di-
lute local-specific effects that are crucial for the occurrence of NatCat events.
Further subdividing regions would lead to even sparser time series, potentially
causing issues with convergence and stability in the regression estimates, as
described in the Data chapter. The overall significance of the model, with a
p-value << 0.0001, indicates strong statistical significance. All in all, we con-
clude that the model fit, based on R2 and significance levels, is reliable and
suitable for our analysis.

Interpreting the results presented in Table 5.4, we observe three statistically
significant regressors: Long-yield, log(GDP_per_capita) and log(SeaTemp)
at significance levels of 5%. The last independent variable AirTemp was esti-
mated as statistically non-significant. The first statistically significant regressor
with p-value at 0.0368, Long-yield, can be interpreted as follows: a 1% increase
in the level of long-term yield resulted in a 1.41% decrease in the insurance pro-
tection gap. The negative correlation may seem intuitive, as one could expect
that the higher the yield level, the lower the pricing increases tensions of the
insurance products. The estimated effect of log(GDP_per_capita) yielded a
p-value of 0.0024, indicating high statistical significance. The relationship is
again negative: a 1% increase in GDP per capita corresponds to an approxi-
mate 6.42% reduction in the insurance protection gap. This suggests that as
an economy matures in terms of GDP per capita, the insurance protection gap
tends to decrease.

Analyzing the regressors related to climate change, log(SeaTemp) and AirTemp,
we find that log(SeaTemp) exhibits a high level of significance, with a p-value
<< 0.0001. An increase of 1°C in sea surface temperature leads to a 29.14%
increase in the insurance protection gap, indicating a strong correlation and
substantial impact between sea surface temperature changes and the develop-
ment of the insurance protection gap. In contrast, the second climate change
variable, AirTemp, is statistically non-significant, with a p-value of 0.1527.
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A 1°C increase in surface-level air temperature would suggest a 5.06% decrease
in the insurance protection gap, though this effect lacks statistical significance.

Focusing on the verification of model assumptions, we note that we use the
"HC1" modification of the robust covariance matrix, which addresses potential
issues with heteroscedasticity. Additionally, the "HC1" variant corrects any
potential issues related to time correlation among the regressors. To check for
multicollinearity, we apply the VIF method. A summary of the VIFs values
is provided in Table 5.6. Since all VIFs values are below 2, we conclude that
there are no serious issues with multicollinearity. Regarding the assumption of

Long-yield log(GDP_per_capita) log(SeaTemp) AirTemp
1.2556 1.4877 1.8191 1.9193

Table 5.6: Summary of the VIF method.

linearity, we examine the residuals versus fitted values, as shown in the Figure
5.1. Analyzing the plot, we observe that the residuals appear randomly dis-
tributed around zero, and the red line remains relatively flat, with only minor
fluctuations, particularly at higher fitted estimates. Moreover, the spread of
residuals remains relatively consistent, without any clear increasing or decreas-
ing variance trends. Since the deviation of the curve is minor, we consider the
model to satisfy the linearity assumption.

We conclude this section with a note on the assumption of sufficient varia-
tion in the independent variables, which was already discussed in the summary
of the θ result analysis. Overall, we do not observe any significant violations of
the model fundamental assumptions which would prohibit us to proceed with
hypothesis testing.

5.2 Hypothesis testing
This section performs and summarizes the results of the statistical testing of
our hypotheses defined in the Methodological chapter.

The first hypothesis under examination aims to determine whether climate
change is contributing to the widening of the insurance protection gap. Among
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Figure 5.1: Residuals vs. Fitted Values for the RE model.

the original climate related variables included in the analysis, sea surface tem-
perature, surface air temperature, ocean heat content, and precipitation pat-
terns, we excluded ocean heat content and precipitation during the model se-
lection process based on the AIC method and multicolinerity issues. Therefore,
our focus will be on the two remaining climate change variables.

Focusing on the logarithmic transformation of sea surface temperature, we
observe a positive coefficient estimate of 0.2929 with a p-value « 0.0001. This
indicates that an increase in sea temperature has a strong positive relationship
in the widening of the insurance protection gap. As mentioned above, an in-
crease of 1°C in sea surface temperature corresponds to a 29.14% increase in
the insurance protection gap. Based on a t-test at the 5% significance level, we
confirm that sea temperature is a statistically significant variable in modeling
the insurance protection gap. Turning to surface air temperature, we find a
negative coefficient estimate of −0.0506, which would suggest that an increase
in air temperature may contribute to narrowing the insurance protection gap.
However, at the 5% significance level, this variable is not statistically signifi-
cant, with a p-value of 0.1527, and thus does not provide sufficient evidence for
the relevevance in the model.

To conclude the first hypothesis: Climate change is contributing to a widening
of the insurance protection gap, is statistically proven by the climate variable
sea surface temperature, which has a strong contribution to a widening of the
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insurance protection gap.

The second hypothesis examined in our analysis investigates whether a ma-
ture financial sector is associated with a lower insurance protection gap. We
consider the following variables as proxies for assessing the maturity of the
financial sector: AssetsOverGDP , GWPOverGDP , and GDP_per_capita.
While the latter primarily reflects overall economic maturity, the first two vari-
ables focus specifically on the maturity of the insurance sector, based on the
assumption that mature financial markets are correlated with higher insurance
penetration. In general, increased insurance penetration contributes to finan-
cial stability and helps mitigate the impact of high-volatility events through
risk transfer and pooling mechanisms. Hence, we consider high insurance pen-
etration as a good proxy of the mature financial markets.

In the model selection process based on the AIC method, we omitted the fol-
lowing variables GWPOverGDP and AssetsOverGDP . Therefore, the second
hypothesis is evaluated using the variable GDP_per_capita. This variable was
found to be statistically significant at the 5% significance level with a p-value
of 0.0024. Moreover, the coefficient estimate is negative, indicating that higher
GDP per capita is associated with a lower insurance protection gap. This
supports the interpretation that higher financial maturity is linked to lower in-
surance protection gaps, provided that proxy: higher GDP per capita implies
high maturity of the economy and consequently the higher maturity of the fi-
nancial market, holds.

To conclude the second hypothesis: Mature financial sector is associated with
lower insurance protection gap can be conclude proven based on our estimates
at the 5% significance level. Since, the GDP_per_capita variable exhibits a
statistically significant negative relationship with the insurance protection gap.
Hence, the mature financial sectors exhibit a lower insurance protection gap.

The third hypothesis investigates whether regional variations exist in the devel-
opment of the insurance protection gap. To address this question, we employ a
likelihood ratio test comparing two models. The first model includes a random
intercept, allowing for region-specific unobserved effects. In this specification,
each region is assumed to have a different baseline level of the insurance pro-
tection gap, while the effects of other regressors remain constant. The second
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model assumes no regional variation, i.e. a common intercept for all regions.

Performing the likelihood ratio test allows us to determine whether the in-
clusion of a random intercept for regions statistically significantly improves the
model’s likelihood and, consequently, its fit. The test yields a statistic close
to zero with a p-value of higher than 0.99, which leads us that we can not
reject the null hypothesis at the 5% significance level. Suggesting that there is
no statistical significant improvement of the likelihood if we include a random
intercept for regions in the estimation. Therefore, we conclude that regional
variation do not exhibit a significant role in modeling the insurance protection
gap, based on our data estimates. As a result, the third hypothesis: Regional
variations exist in the development of the insurance protection gap, can not be
statistically confirmed.

5.3 Discussion
Within the scope of our analysis, we were able to statistically confirm, at the
5% significance level, the first and second hypotheses: that climate change con-
tributes to the widening of the insurance protection gap and mature financial
sector is associated with lower insurance protection gap.

Focusing on the results of the first hypothesis, the findings align with expec-
tations, as the relationship between climate change and the insurance market,
particularly in the context of NatCat events has been widely discussed in the
related literature. Studies such as Emanuel (2005), Trenberth (2005), and
Ibarrarán et al. (2009) have provided numerical evidence that climate change
influences the frequency of NatCat events. Assuming that the development of
the insurance market keeps pace with GDP growth, this increased frequency
suggests a corresponding worsening impact on the insurance protection gap.
Similarly, research by Banholzer et al. (2014), Lloyd & Shepherd (2020), and
Cvetkovic et al. (2024) indicates an increase in the severity of NatCat events.
If insurance coverage were to increase only in line with inflation, the growing
severity of such events would contribute to a widening of the insurance pro-
tection gap, further supporting the first hypothesis. The confirmation of the
hypothesis highlights the increasing relevance of climate-related variables in
insurance market dynamics. Sea surface temperature was found to be a statis-
tically significant factor, with a 1°C increase associated with a 29.14% rise in
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the insurance protection gap. This relationship reflects the broader impact of
climate change on the development of natural catastrophe events, which place
growing pressure on insurance systems globally. The result implies that the
insurance protection gap is sensitive to long-term climatic trends and that the
physical effects of climate change represent a structural risk to market stability,
especially in regions exposed to climate extremes.

The second hypothesis was confirmed at the predefined 5% significance level,
with GDP per capita variable with p-value yielded below 0.05. Particularly
given that the coefficient is negative, implying that a more mature financial
sector is associated with a reduced insurance protection gap. The study by
Schanz & Wang (2014) also concludes that both emerging and developed econ-
omies experience insurance protection gaps, though the underlying drivers dif-
fer. Notably, this study does not make any direct claims about the size of the
insurance protection gap relative to the maturity of financial markets. How-
ever, Schanz (2018) examined the development of the insurance protection gap
based on country segmentation by GDP per capita. The results indicate that
the global reduction in the insurance protection gap was driven exclusively by
high-income and upper-middle-income countries (those with GDP per capita
above USD 3,956). Our analysis arrives at a similar conclusion at the 5% signif-
icance level. The confirmation of the hypothesis would suggests that financial
and economic maturity, plays a role in improving insurance penetration, cov-
erage and the insurance protection gap. The confirmation of this hypothesis
aligns with the notion that higher-income countries, with more developed insur-
ance infrastructure and regulatory frameworks, are better equipped to manage
and reduce insurance protection gaps. It should be noted that GDP per capita
does not directly measure the maturity of the financial sector. Rather, its use
as a proxy relies on the assumption that a more mature economic system, re-
flected by higher GDP per capita, is associated with a higher level of financial
sector development.

Based on our analysis, we could not confirm the third hypothesis regarding re-
gional heterogeneity in the development of the insurance protection gap. This
result is not in line with expectations and appears inconsistent with the rele-
vant literature. For example, research by Holzheu & Turner (2018) discusses
disparities in insurance coverage and underinsurance across regions, providing
evidence that these differences are substantial. It is generally expected that
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different types of economies and countries experience varying degrees of expo-
sure to climate change impacts. Since various parts of the world are subject
to distinct patterns of extreme weather events, due to factors such as atmo-
spheric moisture, proximity to oceans, or soil characteristics, regional variation
is theoretically and empirically supported. Such differences may reflect a range
of region-specific factors, including varying levels of exposure to climate risks,
institutional capacity, market structure, public awareness, and socioeconomic
vulnerability. The discrepancy between the results of our analysis and the
existing literature may be attributed to the use of continents as the spatial
dimension in our model. This level of aggregation may obscure important vari-
ation at lower levels of spatial resolution, such as sub-regions or individual
countries. As a result, region-specific effects may be diluted or averaged out,
potentially causing regional variation to disappear within our regression frame-
work.

In summary, the results emphasize two key dimensions affecting the insurance
protection gap: climate change as a physical risk factor, financial maturity as
a structural enabler of coverage. These findings contribute to a more com-
prehensive understanding of the macro-level dynamics shaping the insurance
protection gap and provide a foundation for more spatially and economically
differentiated future analyses.

5.4 Possible extensions
The analysis presented provides numerical evidence and insights into how cli-
mate change impacts the insurance protection gap on a global scale, using
regions as the spatial dimension. Potential extensions can be explored in fu-
ture research. Two possible directions have already been partially described
and discussed in this thesis: first, the expansion of climate change related re-
gressors, and second, the use of sub-regional or country level data as the spatial
dimension.

Future research may consider extending the set of independent climate-related
variables to include additional global indicators, such as deforestation, glacier
mass balance and soil moisture. Deforestation or more broadly, the reduction
of biodiversity, represents an indirect effect of climate change that significantly
impacts the land’s ability to retain moisture and influences local weather pat-
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terns. Glacier mass balance not only contributes to global sea level rise, which
can massively affect the coastal insurance protection gap, but also alters the
ratio of freshwater to saltwater. This shift impacts the circulation of major
ocean currents, such as the Gulf Stream, which in turn has a substantial influ-
ence on regional temperatures and weather systems. Moreover, the thawing of
permafrost in Arctic regions releases greenhouse gases like methane and car-
bon dioxide, further amplifying the effects of climate change. Soil moisture is
another critical factor, as it plays a key role in absorbing cyclical floods, espe-
cially in forested or grassland areas. Conversely, agricultural insurance claims
are heavily affected by low soil moisture at the local level, which may lead to
an increase in the insurance protection gap. Including such variables could pro-
vide a more comprehensive understanding of the complex relationship between
environmental change and insurance coverage dynamics.

Using different spatial clustering approaches may result in a better model fit
due to a lower level of aggregation. Reducing the spatial scale of analysis can
help capture more localized dynamics that may be masked at the regional or
global level. Additionally, expanding the scope beyond solely NatCat events,
which are more easily accessible at the global scale due to their magnitude,
can provide deeper insights into the relationship between climate change and
the insurance protection gap. For instance, focusing on a selected group of
countries that are particularly vulnerable to climate change could enhance the
analysis. Coastal countries, such as those in the Caribbean, face heightened
exposure due to rising sea levels. Similarly, sub-regions affected by persistent
dry and wet cycles, or areas with a high probability of hurricane or typhoon
formation, may reveal distinct climate-related risks that influence the insurance
protection gap in unique ways.



Chapter 6

Conclusion

Studying the insurance protection gap in the context of climate change is es-
sential due to its far-reaching economic and societal implications. As climate-
related disasters become more frequent and severe, the growing discrepancy
between insured and total economic losses threatens financial stability, eco-
nomic resilience, and the effectiveness of risk-transfer mechanisms. A scientific
approach to modeling the insurance protection gap is crucial for identifying the
key drivers of underinsurance, assessing the role of climate variables in shaping
insurance availability and affordability, and informing policymakers on poten-
tial interventions.

The results of the analysis indicate statistically significant evidence that climate
change contributes to the widening of the insurance protection gap. Climate
change variable, sea surface temperature, is found to be significant. Specifically,
a 1°C increase in sea surface temperature corresponds to a 29.14% widening of
the insurance protection gap. This finding reflects the broader impact of cli-
mate change on the development and frequency of natural catastrophe events,
which place increasing pressure on insurance systems globally. The result im-
plies that the insurance protection gap is sensitive to long-term climatic trends
and that the physical effects of climate change represent a structural risk to
the stability of insurance markets.

Furthermore, the relationship between the maturity of the financial sector and
the development of the insurance protection gap is examined. The findings
reveal statistically significant evidence that more mature financial systems are
associated with a lower insurance protection gap. More precisely, a 1% increase
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in GDP per capita is associated with a 6.42% reduction in the insurance pro-
tection gap. This result implies that higher levels of economic maturity and the
corresponding development of financial markets can significantly contribute to
narrowing the insurance protection gap.

Finally, the study investigates whether the development of the insurance pro-
tection gap exhibits regional variation. Based on the data and applied method-
ology, no statistically significant regional variation is detected in the dynamic
of the insurance protection gap. However, it is important to note that analyz-
ing regional differences poses challenges, as natural catastrophes are relatively
infrequent and the regional division of the dataset may obscure potential lower-
level variations at the country or sub-regional level.

Future research directions, discussed in the final chapter, identify two key areas
for extension: first, broadening the scope of climate-related regressors, and sec-
ond, incorporating sub-regional or country-level data as the spatial dimension
to further investigate spatial variations in the insurance protection gap.
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