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ABSTRACT

Konstantinos Stathopoulos

Private Insurance Demand, Macroeconomic Conditions, and Eco-
nomic Sentiment:
An Econometric Analysis of Eight European Countries

September 2025

This research employs multiple and quantile regression techniques to investigate
the determinants of private insurance penetration, distinguishing between life and
non-life insurance. Model specification is optimized through variable selection
based on the AIC. To address serial correlation in the residuals, the models are aug-
mented with ARMA components, while conditional heteroskedasticity is captured
using GARCH specifications. The empirical analysis is based on a novel quar-
terly dataset covering eight European countries: Czechia, Denmark, Greece, Italy,
Latvia, Norway, Slovenia, and Spain. It incorporates both “hard” macroeconomic
indicators, such as income and inflation, and sentiment-based measures derived
from Business Tendency Surveys (BTS), including the Business Confidence Index
(BCI) and the World Uncertainty Index.

The results from the country-specific models reveal substantial heterogeneity in
both the magnitude and direction of the estimated effects. The quantile regres-
sion analysis further demonstrates that the elasticity of the explanatory variables
varies considerably across the distribution of insurance penetration, highlighting
the presence of non-linear and state-dependent relationships. Across countries,
autoregressive terms emerge as key determinants of insurance demand, while eco-
nomic sentiment indicators support the models in several cases. Panel regression
results indicate that life insurance penetration is primarily associated with banking

sector development and long-term interest rates, whereas non-life insurance pen-



etration is linked to income, unemployment, financial sector conditions, external

trade intensity, consumer spending behavior, and uncertainty.

Furthermore, the study examines the direction of causality between private insur-
ance and economic development using both bivariate and multivariate Granger
causality frameworks. To capture the temporal dimension of these relationships,
the analysis is extended to the frequency domain. The empirical findings indicate
a strong and consistent interaction between income and life insurance penetration,
whereas the relationship between income and non-life insurance appears compara-
tively weaker and less systematic. More broadly, the results reveal heterogeneous

and time-varying patterns of causal interaction across countries.
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NNEPIAHYH

Kovotavtivog K. XtafdémovAiog

ZNTNON WLOTIKNS 0 PAALGNG, LOKPOOLKOVOULIKES GVVONKES KL 01KO-
VOULIKO KAipa:
Mio 01KOVORETPLKT] OVAAVGT GE OKTM EVPOTUTKES O PES

YemtéuPproc 2025

H mapovoca épevva aglomotel TeViKéG TOAAATANG TOALVOPOUNGT G KOl TOGOGTIOI0G
TOAVOPOUNGTG Y10 TNV SLEPEVVTGT TOV TPOGOIOPIGTIKOV TAPAYOVTOV TNG 01€1G0V-
oNG TNG WIMTIKNG AcPAALoNG, dtakpivovtag petald acparicewv {ong kot katd (n-
pov. H emioyn tov petaaBintov apaypatonoteitatl péosw tov kprrnpiov AIC. [a
TNV OVTILETATIOT TG AV TOGLOYETIONG 0T KATAAOITA, T vTodeiypata eunAovtilo-
VIOl LE AVTOTAAIVOPOLOVS OpoVG KIvNTOU HEGOV 6pov (ARMA), evd numd cuvOnkn
ETEPOOKENAGTIKOTNTA AMOTVTMOVETOUL LEGH VTOJELYLATOV LTTO GLVONKN OlaKVPOVGeNG
(GARCH). H guneipikn avaivon Baciletor oe éva Tp®TOTLTO TPLUNVINIO GUVOAO
O0eOOUEVOV TTOV KAAVTITEL OKTM eV PpOTATKEC yopes: Toeyla, Aavia, EALGSa, Itaria,
Aetovia, NopPnyia, ZAoBeviakatloravia. To cOvoro Tov emeEnynUOTIKOV LETAPAN-
TOV TEPILAUPAVELTOGO KGKANPOVSH LOKPOOTKOVOULKOVE dEIKTES, OTME TO E1GOON LA
K010 TANOOPLoHOS, 060 Kl dEIKTEC OIKOVOULKOD KALOTOG TOV TPOEPYOVTAL OTTO TIG
‘Epegvveg Owovopikng Xuykvpiag, 0nwg o Asiktng Emyeipnuoatikne Epnistosdvng
kot o Agiktng [Haykdopuiag ARepatdotntoc.

To amoTeAéGLATU TOV EXUEPOVG VTOJELYLATOV VA YO PO KATAIEIKVHOVV G LOVTIKN
ETEPOYEVELN TOGO MG TPOC TO UEYEDOG OGO KAl OC TPOS TNV KATEVOVVGT TOV EXKTIUD-
pevov endpdocwv. H avaivon tococtiaiog maitvopdunong omoKaAOTTEL TEPALTEP®
OTIM EAQCTIKOTNTA TOV EXEENYNUATIKAOV LETAPANTOV HETAPAALETAL OVGLACTIKG KOTA
UNKOG TN G KATAVOUNG TNG ACPAAIGTIKNG O1eicdvoNG, AvadelkvOOVTag TNV VTapEN U
YPOUUIKOV KOl EEAPTOUEVOV AT TNV KATACTAGT) GYECEDV. L€ OLOKPOTIKO eimedo,
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01 deiKTeC 01KOVOULKOD KAMLOTOS KOl 01 QVTOTAAIVOPOLOL OPOL AVAIEIKVVOVTOL MG
Baocikoi mpocdlopiotikoi mapdyovteg g ac@aitotikng{ftnong. Ta anoteAécpata
TV vrodelypdtov panel talivdopodunong deiyvoovv 6TL 1 deicdvon TG aceaiiong
Cong ovvdéetal kupimg pe TNV avaTTLEN TOoL TpaTeliko TOpEN Kol TO LoKpompOOe-
opo emtoKla, EVO 1 01EloOVON TOV YEVIKOV acQaAice®V oyeTileTOl LE TO E1GOON LA,
™V avepyia, TIg GLVONKESC TOL ¥PNUATOTIGTOTIKOV TOREN, TNV £EVIOOT TOV EEMTEPL-

KOV gumopiov, TN GUUTEPLPOPE KOTAVAA®MGNG Kol TNV afefatdotTnTa.

Emaléov, n perétn eetdler tn @opd ¢ attioTnTog LETAED 1O1MTIKNG Ao PAALoNG Kol
O1KOVOULKNG AVATTUENG AP CIULOTOLDOVTOS TOGO OLUEPT OGO KAl TOAVUETAPANTA TA -
oo artdtnrac kotd Granger (Granger causality). ['ta tnv anotoT@on TG XpOVIKNG
d100TACT G TOV GYECEDV AVTMV, 1] AVAALOT EXTEKTEIVETAL GTO TESIO TOV GLYVOTNTOV
(frequency domain). Ta gumelpikd evPHUATO VTOSEIKVOOLV L0 1GYVPT KOl CLVE-
N aAAnAenidpaon peta&d 1600MUaTOG Katl dteicdvong e acpdiiong {ong, v M
avtiotolyn oxéomn Ue Tig YeVIKES acparioels eppaviletatl cvykpitikd acBevéotepn
KOLALYOTEPO CVUGTNUATIKY. L€ YEVIKOTEPO EMIMEDO, TOL ATOTEAEGLOTA ALVOLOELKVYOLY
ETEPOYEVN KALYPOVIKA LETABAAAOUEVA TPOTVTTA ATIOOOVG OAANAETIO paoN G LETAED

TOV YOPOV.
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Chapter 1

Introduction

1.1 Motivation

Life insuranceis a financial arrangement under which an individual pays premiums
to an insurance company in exchange for a monetary benefit payable to designated
beneficiaries upon the death of the insured, or, in certain cases, upon survival to a
specified date. Its primary purpose is to provide financial protection and income
support to dependents or other beneficiaries following the death of the insured.
Throughout this thesis, the term insurance is used with consideration of, among
other perspectives, the discussion provided by Glenn (2003). Life insurance also
performs a dual function as both a savings instrument and a mechanism for inter-
generational wealth transfer, providing protection against mortality and longevity
risks.! Its attractiveness is often reinforced by favorable tax treatment and flexible

benefit structures, which may include lump-sum payments, annuities, or hybrid

'The term risk is employed in accordance with the conceptual framework outlined by Crowe
and Horn (1967).



arrangements. Such products are typically designed to provide either term-limited
or lifelong coverage, with returns that may be guaranteed or linked to investment
performance. These characteristics make life insurance a central component of
household financial planning and an important subject of empirical investigation

in the economics of insurance.

Non-life insurance, also referred to as general insurance, comprises all insurance
products that do not fall within the scope of life insurance. It provides financial
protection against a broad range of risks, including property damage, liability, ac-
cidents, illness, and other unforeseen events. Common forms of non-life insurance
include motor, property, and third-party liability (TPL) insurance, as well as var-
ious assistance services. These policies are typically short-term in nature, often
renewed annually or at shorter intervals, and are designed to indemnify policyhold-
ers for specific losses associated with insured assets (e.g., vehicles or buildings) or
liabilities (e.g., environmental liability or directors’ and officers’ liability). By facil-
itating the transfer of risk and supporting the continuity of both business operations
and household activities, non-life insurance contributes significantly to economic
stability and resilience. In both life and non-life insurance markets, premiums are
determined through actuarial calculations that incorporate expected risk coverage,

administrative costs, and profit margins.

Understanding the insurance market within a macroeconomic framework is crucial,
as it is significantly influenced by it. The forces affecting the insurance market,
including demographic (Burnett and Palmer, 1984), social, macroeconomic, insti-
tutional, e.g., (Bah and Abila, 2024), and cultural factors, significantly determine
insurance demand (Hussels, Ward, and Zurbruegg, 2005). Demographic and social

factors, including age dependency ratios, the share of the population with tertiary



education, and urbanization, play a vital role. The type of law (e.g., Common and
Civil) and the importance of social security (i.e., the ratio of benefits to GDP) are
examples of institutional characteristics. Cultural influences, such as religion and
the organization of the economy, also shape the market. This aspect is examined
in the context of life insurance by Chui and Kwok (2008), Chui and Kwok (2009),
and Hofstede (1995), and in the context of non-life insurance by Park and Lemaire
(2012). Therelevantliterature confirms that specific characteristics of the national
economy have a significantrelationship with the development of private insurance,
though the conclusions are far from uniform. For example, the role of social secu-
rity has been identified as both a positive (Browne and Kim, 1993) and a negative

(Cutler and Gruber, 1996) determinant.?

Extensive empirical research has explored the relationship between these factors
and life insurance demand, often employing linear panel regression models to
assess the sign and magnitude of their influence. Seminal contributions in this
field include studies by Hammond, Houston, and Melander (1967), Fortune (1973),
Beenstock, Dickinson, and Khajuria (1986), Browne and Kim (1993), Beck and
Webb (2003), and Elango and Jones (2011). The field of non-life insurance was
studied and analyzed by: Trinh, Nguyen, and Sgro (2016), Treerattanapun (2011),
Njegomir and Stoji¢ (2012), Petkovski and Jordan (2014), Sherden (1984), and
Browne, Chung, and Frees (2000), among others. While these provided valuable
insights, they rely on annual data aggregated across countries, limiting the capacity

to capture short-term dynamics or country-specific effects.’

In recent years, a distinct research branch, microinsurance, has emerged. While related to the
themes addressed in this thesis, it constitutes a separate area of inquiry. Interested readers are
referred to Eling, Pradhan, and Schmit (2013) and Cole (2015) for further insights.

3An earlier draft of this research, which focused solely on an earlier period of Greece’s life insur-
ance market, was presented in the 11th Hellenic Observatory Centre for Research on Contemporary



The following figures depict three cases of the research’s sample, those of Czechia,
Greece, and Norway, that compare quarterly life and non-life insurance gross writ-
ten premiums with nominal GDP. Also, in the tables below, the correlation coef-
ficients are reported between life and non-life insurance premiums, their lagged
values, and the nominal GDP. The positive correlation and the carryover effects

between the quantities are more than evident.
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Figure 1.1. Life premiums, non-life premiums, and GDP in Czechia

The correlation matrix presented in Table 1.1 illustrates the pairwise linear relation-
ships between life insurance premiums, non-life insurance premiums, and GDP in
Czechia. The results indicate a strong positive correlation between life insurance
premiums and their lagged values (r = 0.84), as well as between non-life insurance

premiums and their respective lagged values (r = 0.94), suggesting a high degree

Greece & Cyprus PhD Symposium, where it benefited by the participants’ comments (Stathopoulos
and Vrontos, 2025).



Life premiums Non-life Non-life

lag 1 premiums premiums lag 1 GDP
Life premiums 0.84 0.62 0.64 0.71
Life premiums lag 1 0.66 0.64 0.68
Non-life premiums 0.94 0.93
Non-life premiums lag 1 0.96

Table 1.1: Correlation between life premiums, non-life premiums, and GDP for
Czechia

of persistence over time in both segments. In terms of economic activity, GDP is
positively and strongly correlated with both life (r = 0.71) and non-life insurance
premiums (r = 0.93), particularly with the latter. The observed correlations reflect
a stable and interlinked relationship between insurance market development and

overall economic performance.
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Figure 1.2. Life premiums, non-life premiums, and GDP in Greece

Table 1.2 presents the figures’ correlations in the case of Greece. Theresultsreveal



Life premiums Non-life Non-life

lag 1 premiums premiums lag 1 GDP
Life premiums 0.53 0.64 0.56  0.65
Life premiums lag 1 0.71 0.62 0.57
Non-life premiums 0.86 0.73
Non-life premiums lag 1 0.78

Table 1.2: Correlation between life premiums, non-life premiums, and GDP for
Greece

moderate to strong positive correlations between each insurance category and its
own lagged value, with the highest being for non-life insurance premiums (r =
0.86), indicating significant persistence over time. The correlations with GDP are
also noteworthy. Life insurance premiums show a moderate positive correlation
with GDP (r = 0.65), while the corresponding coefficient is stronger for non-life
insurance premiums (r = 0.73). These findings imply that economic activity in
Greece is more closely associated with non-life insurance dynamics, though both

sectors exhibit positive alignment with overall economic performance.
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Figure 1.3. Life premiums, non-life premiums, and GDP in Norway

Life premiums Non-life Non-life
. . GDP
lag 1 premiums premiums lag 1
Life premiums 0.30 0.70 0.70  0.62
Life premiums lag 1 0.66 0.66 0.62
Non-life premiums 0.99 0.92
Non-life premiums lag 1 0.91

Table 1.3: Correlation between life premiums, non-life premiums, and GDP for
Norway

Table 1.3 presents the correlations in Norway’s figures. The results reveal a rela-
tively weak correlation between life insurance premiums and their lagged values
(r = 0.30), suggesting low persistence over time in the life segment. In contrast,
non-life insurance premiums display exceptionally strong persistence, with a near-

perfect correlation between current and lagged values (r = 0.99).



Regarding economic activity, GDP shows a strong positive association with non-life
insurance premiums (r = 0.92), while its correlation with life insurance premiums
islower (r = 0.62). These findings suggest that the non-life insurance sector in Nor-
way is more closely aligned with overall economic trends than the life insurance

segment.

1.2 Aim of the analysis - Research question

Therefore, it becomes evident that macroeconomic figures directly impact insur-
ance premium generation, which demands an investigation to comprehend their
influence. Moreover, considering the unique characteristics of each country’s econ-
omy, adistinct study for each case is imperative. While thisresearch commences by
studying the one-way influence ofthe macroeconomic environment on Private Insur-
ance, it is known there are complex relationships between the two that lead to their
long-term mutual influence (see, for example, Arena (2008), Ward and Zurbruegg
(2000), and Lee, Lee, and Chiu (2013)). Also, Outreville (2013) provided areview
of the research area. This should not be alienating, as Private Insurance is not just
a consumption option. On the contrary, a well-functioning insurance market stabi-
lizes the financial system, creates synergies with the banking sector, and allows for
more accommodating terms of lending through the operation of non-life insurance.
Itisalso alarge institutional investor, mainly by leveraging life insurance reserves.
On that account, Private Insurance is a source of financing, alongside the banking
sector and the stock market. Thus, it is a factor that promotes growth (Chang, Lee,
and Chang, 2014) and intensifies competition, with obvious positive results for the
country in which it is operating. As a result, we extend the research in the field of

causality in order to investigate and provide evidence of the bidirectional impact



between the macroeconomic environment and Private Insurance.

1.3 Research overview

This research builds on the existing literature on private insurance demand and
extends it through a more granular and flexible empirical framework. Multiple re-
gression is adopted as the baseline approach, and it is subsequently enriched to
address three recurring challenges in cross-country insurance-demand modeling:
(1) heterogeneity in countries’ economic structures and institutional settings, (ii)
dynamic adjustment and delayed responses to macroeconomic and sentiment condi-
tions, and (iii) the need to extract common patterns while preserving cross-country

differences.

First, the empirical strategy begins with country-level regression models estimated
separately for each country: Czechia, Denmark, Greece, Italy, Latvia, Norway,
Slovenia, and Spain. To ensure that each specification remains relevant to its na-
tional context and to avoid imposing a uniform set of predictors across countries,
both the complete model and the variable selection stage are implemented indepen-
dently for each country. This design enables the identification of country-specific
drivers of insurance demand, consistent with the premise that the determinants
and their relative importance may differ across economies due to differences in,
e.g., financial development, market maturity, regulatory environments, and broader

macroeconomic conditions.

Second, the modeling framework explicitly incorporates dynamics by including
lagged dependent variables. These terms capture persistence in insurance demand

and allow the analysis to reflect gradual adjustment processes. More broadly,



the inclusion of lags supports inference on the timing of effects, recognizing that
changes in macroeconomic fundamentals or economic sentiment may influence

insurance activity with delays rather than contemporaneously.

Finally, the analysis is complemented by panel-regression models that pool infor-
mation across countries. The panel setting is used to borrow strength from the
cross-sectional dimension and to obtain evidence on systematic determinants of
insurance demand across economies while still allowing for country-level hetero-
geneity through the panel structure. In these specifications, the models are further
enriched by lagged dependent variables and selected interaction terms. The inter-
action terms are introduced to examine whether the influence of key determinants
varies with the level of other macroeconomic conditions, thus providing a more
detailed depiction of the mechanisms through which macroeconomic factors and

sentiment jointly shape insurance demand.

Afterward, quantile regression was used to estimate the impact of explanatory vari-
ables across different levels of insurance demand. This approach provides condi-
tional elasticity estimates and reveals how the determinants’ (macroeconomic vari-
ables) effects vary in significance, sign, and magnitude, within the insurance pen-
etration distribution. This approach allows for the identification of heterogeneous
effects, thereby moving beyond the limitations of models focused solely on aver-
age responses. For example, factors influencing demand within the upper 25% of
the distribution may differ substantially from those in the lower deciles. This per-
spective is grounded in Enz (2000), who found that income’s elasticity to insurance
premiums varies across income levels, underscoring the importance of distribution-

sensitive modeling.
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Model adequacy was evaluated using standard diagnostic checks based on the au-
tocorrelation and partial autocorrelation functions of both the residuals and the
squared residuals. The initial multiple-regression estimates exhibited statistically
significant residual dependence, indicating serial correlation and, consequently,
jeopardizing the reliability of conventional inference. To address this issue, the
specification was extended to a time-series framework by incorporating AutoRe-
gressive and Moving Average components (ARMA), together with lagged depen-

dent variables where appropriate.

After accounting for serial dependence, subsequent diagnostics provided evidence
of conditional heteroskedasticity in several cases, motivating additional volatility
modeling. Accordingly, further refinements were considered, including General-
ized Autoregressive Conditional Heteroskedasticity (GARCH) specifications. Fi-
nally, the distributional properties ofthe innovations were examined, with particular
attention to whether a Gaussian assumption was adequate or whether heavier-tailed

alternatives, such as the Student’s t distribution, were more appropriate.

In the panel stage of the empirical analysis, we constructed a balanced dataset by
pooling quarterly observations from 8 European economies and estimated panel re-
gression models to exploit both the time-series and the cross-sectional variation in
insurance demand. The dependent variable y;, (life and non-life insurance penetra-
tion) was modeled as a function of contemporaneous macroeconomic fundamentals
and economic-sentiment indicators. To capture persistence and delayed adjustment,
the specifications were enriched with lagged dependent variables y;;,_¢, ¢ =1,...,4
and lag structures for the macroeconomic covariates, consistent with the idea that
changes in economic conditions may affect insurance activity with non-negligible

delays. Finally, to further probe heterogeneity in the transmission mechanisms, se-
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lected interaction terms were introduced (e.g., between macroeconomic capacity
and financial development, or between financial variables and sentiment), allow-
ing the marginal impact of key determinants to vary with the prevailing economic

environment.

While the initial focus of this research was on the unidirectional influence of macroe-
conomic variables on life insurance demand, it also acknowledges the long-term
interplay between insurance development and economic growth. To further inves-
tigate this dynamic relationship, this research employs Granger causality tests per-
formed in bivariate and multivariate settings in univariate and panel model specifi-
cations. Then, the research expands in the frequency domain; the latter following
the methodology proposed by Geweke (1982). To the best of our knowledge, this
represents the first application of frequency-domain analysis to the study of insur-

ance and macroeconomic interactions.

The data include both traditional macroeconomic variables, such as income and
inflation, and indicators contained in Business Tendency Surveys (BTS), including

the Business Confidence Index (BCI) and the World Uncertainty Index (WUI).

1.4 Contribution of the research - Originality

This research makes several important contributions to the literature on insurance
demand, spanning the domains of literature synthesis, data construction, and empir-

ical methodology.

First, it provides a comprehensive and up-to-date review of the existing body of

work on both life and non-life insurance demand. By systematically organizing
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prior studies according to their methodological approaches and sets of explanatory
variables, the thesis offers a clearer understanding of the evolution of the litera-
ture and identifies key gaps, particularly with respect to data frequency, modeling

choices, and the treatment of heterogeneity.

Second, in terms of data, the study expands the set of explanatory variables by
incorporating indicators derived from Business Tendency Surveys (BTS). These
indicators capture economic sentiment and expectations, thereby introducing a be-
havioral dimension that has beenlargely overlooked in the insurance demand litera-
ture. In addition, the thesis constructs a novel quarterly dataset for eight European
countries: Czechia, Denmark, Greece, Italy, Latvia, Norway, Slovenia, and Spain.
The use of higher-frequency data allows for a more detailed examination of short-
term dynamics and cyclical fluctuations in insurance markets, addressing a notable
limitation of the existing literature, which relies predominantly on annual obser-
vations. To date, the use of quarterly data has been limited to a small number of
studies, such as Fortune (1973), Headen and Lee (1974), and Guo, Fung, and Huang
(2009), while Cavalcante, Sobreiro, and Kimura (2018) employs quarterly data in

a more restricted setting focused on Granger causality.

Third, from a methodological perspective, the thesis departs from the conventional
reliance on pooled panel models by estimating separate regression models for each
country. This approach allows for country-specific dynamics to be captured and
avoids the restrictive assumption of homogeneous slope coefficients across coun-
tries. Variable selection procedures are employed to identify the most relevant

determinants in each case, thereby enhancing model parsimony and interpretabil-

ity.
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Fourth, particular attention is given to econometric rigor. The analysis systemat-
ically diagnoses and addresses issues related to residual behavior, including het-
eroscedasticity and autocorrelation, as well as patterns in squared residuals, en-
suring that the estimated models are well-specified and statistically reliable. This

careful treatment enhances the robustness and credibility of the empirical findings.

Finally, the selected models are further examined using quantile regression tech-
niques, which allow for the investigation of heterogeneous effects across different
points of the distribution of insurance penetration. This represents a significant ex-
tension beyond the mean-based approaches that dominate the literature. The analy-
sis is complemented by the application of Granger causality tests in the frequency
domain, which provide additional insights into the temporal structure of causal

relationships, distinguishing between short-, medium-, and long-run dynamics.

Overall, the thesis contributes to the literature by combining richer data, more flex-
ible modeling strategies, and advanced econometric techniques, thereby offering a

deeper understanding of the determinants of insurance demand.

This thesis is structured as follows. Following the introduction, the literature review
is presented, offering a critical synthesis of previous research. The subsequent chap-
ter details the methodology employed in the empirical analysis. The data and results
of the study are then discussed, highlighting the key findings. The thesis concludes
with a summary of the main conclusions, policy implications, and avenues for fu-
ture research. Extensive appendices are provided at the end of the document to
supplement the main text. These materials are included separately to preserve the

coherence and flow of the core argument while offering additional technical detail
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for interested readers.
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Chapter 2

Literature Review

As already stated, private insurance operations are divided into two distinct busi-
ness branches: life insurance and non-life insurance. Life insurance covers risks
related to mortality and provides savings for a specific period or a lifetime, offering

returns on savings that can be predetermined or linked to investment performance.

Non-life insurance provides coverage against risks associated with tangible assets,
such as buildings and vehicles. It also includes civil liability insurance, which
protects against damages resulting from negligent acts or omissions. Compensa-
tion under non-life insurance policies may be provided either in monetary form or
in kind, as is primarily the case with the Assistance sub-branch. A comprehensive
classification of life and non-life insurance sub-branches is outlined in the European
Solvency Directive (Directive 2009/138/EC, OJ L 335,17.12.2009), particularly in

Annexes [ and I1.

Figures found on the daily and financial press pages systematically influence the
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production of insurance premiums. However, when we observe significant differ-
ences in per capita insurance premiums from country to country, ranging from
€34,361 in Norway to €551 in Latvia in 2020, it sparks curiosity about the un-
derlying causes of this variability. The literature reveals a complex interplay of
various factors that shape the demand for Private Insurance, some of which are
not directly quantifiable, such as education, the banking system, and inflation. Al-
though GDP is often assumed to be the most essential factor in determining the
total volume of premiums, studies, e.g., Beck and Webb (2002), find that income’s
statistical significance as a factor is marginalized when suitable determinants are

considered.

One of the most characteristic indicators measuring the importance of private in-
surance is insurance penetration, defined as the ratio of insurance premiums to the
country’s GDP. Another important indicator is insurance density, defined as the per
capitaproduction ofinsurance premiums, i.e., the average amount of monetary units
each resident of a country spends on insurance. Although the high values of the in-
dices mentioned above suggest a well-developed insurance market, readers should
bear in mind that these values may result from factors such as poor competition or

a costly supervisory framework for insurance enterprises.

While it is reasonable to assume that the indicators are highly correlated, it is in-
teresting to note that insurance density is more elastic concerning income than
insurance penetration. In this context, elasticity refers to the degree of responsive-
ness of one variable to changes in another. For example, life policyholders in rich
countries tend to insure dependents for larger funds, as the indemnities for death

insurance in these countries are greater.
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Undoubtedly, product price constitutes an important determinant of purchase de-
cisions. Consequently, the absence of direct pricing data constrains the ability of
this study to interpret the phenomenon under investigation with complete precision.
Nevertheless, this limitation is not unique to the present research but is shared by
all comparable studies to date. Moreover, Lee (2007) argue that information on in-
surance pricing may, in fact, be of limited relevance. Within the existing literature,
price effects are typically proxied through cost-related indicators, which indirectly
reflect arange of underlying determinants such as the degree of urbanization, mon-
etary stability, the quality of public administration, adherence to the principles of

the Rule of Law, the level of corruption, and the development of the banking sector.

The Private Insurance industry is not solely dependent on the demand side. Its
supply is influenced by important factors, such as the specialized human resources
who staff the sector, the availability of information on risk statistics, and a finan-
cial system that facilitates smooth investments. Moreover, the proper functioning
of the industry also depends on the protection of property rights, the competence of
regulatory authorities, and the observance of contracts. This highlights the indus-
try’s crucial role in promoting societal well-being and underscores the importance

of these factors in maintaining its integrity.

The following two sub-sections outline the determinants of demand for each in-
surance branch, along with the typical direction of their effects. The term usual
direction is deliberately employed instead of a more assertive phrase, such as ex-
pected direction, toreflect the inherent uncertainty surrounding these relationships.
The impact of each determinant on insurance premiums can vary depending on con-
textual factors such as the country, time period, and the specific configuration of

variables within each sample. This heterogeneity in findings across the literature
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highlights the need for further empirical investigation.

2.1 Determinants of demand for life insurance

The study of the determinants of demand for life insurance has attracted research
interest for a long time. A multitude of papers have addressed the research area,
with excellent reviews of their conclusions provided by Zietz (2003). The research
methodology involves relating life premiums to other variables (e.g., macroeco-
nomic and institutional) and concluding on the latter’s significance. The oldest
piece of literature is considered to be Yaari (1965). On the same subject, that of a

theoretical life cycle model, Pissarides (1980) also contributed.

Several studies have examined the factors mentioned above at the individual level.
Such analyses fall within the domain of microeconomics and, as such, lie beyond the
scope of this research. Notable examples include Cummins and Outreville (1984),
Desrochers and Outreville (2013), Ferber and Lee (1980), Fitzgerald (1987), and
Luciano, Outreville, and Rossi (2016).

2.1.1 Income

The production of life insurance premiums increases with rising income, as the
need for mortality coverage and the opportunity to save also rise. Additionally, we
can assume that increased income is positively correlated with overall consumer
spending and property ownership. In this case, the need to secure both the future
income and the consumption of dependent members against the risks of incapacity
for work and the death of those who produce (the income) increases. Finally, it

should not escape attention that the cost of operating larger insurance policies, and
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therefore the increased production of insurance premiums, does not increase the
operating costs of insurance companies; thus, the ratio of the latter to revenues

decreases, rendering the services more accessible to private insurance consumers.

The use of income as an explanatory variable in research is well-established and
has never been questioned. This historical use is evident in literary pieces as
old as Hammond, Houston, and Melander (1967) and Fortune (1973), and in the
following decades, those of Campbell (1980), Outreville (1996), Li (2007), and
Sliwinski, Michalski, and Roszkiewicz (2013).

As a superior good, life insurance is expected to increase premiums as income
increases, as indicated by its elasticity to income. However, this elasticity is not
a fixed quantity (Chang and Lee, 2012) and can vary from country to country.
For instance, Truett and Truett (1990) estimated the elasticity in Mexico to be
three times that of the USA. This variability underscores the complexity of the
relationship and has been further detailed as an “S-curve relation between per-
capita income and insurance penetration” (Enz, 2000), and has been examined in

greater analytical detail by Lee and Chiu (2012).

An exciting finding of Beck and Webb (2002) research paper, commissioned by
the World Bank, is that income (GDP per capita) loses its status as a statistically
significant explanatory variable when it is included in statistical models alongside
a combination of explanatory variables such as the youth dependency ratio on the
working population, duration of schooling, life expectancy, inflation, banking sec-
tor growth, and income inequality (see, for details, Beck and Webb, 2002). Another
study that contains similar findings is that of Elango and Jones (2011), in which

the models employing subsets of the independent variables of the complete model
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suffer little loss in explanatory value (R?), despite the removal of “traditional” ex-

planatory variables such as income and inflation.

Recent studies have yielded additional significant findings regarding income and
insurance premiums. They point out that an increase in foreign direct investment
(FDI)notonly boosts income but also leads to higher premiums in the life insurance
(Carson, Chen, and Outreville (2021)) business. These findings have important

implications for the insurance industry and the broader economy.

2.1.2 Inflation

High inflation is most probably a result of loose monetary policy. During periods
of high inflation, consumers’ confidence in the long-term value of money is eroded,
which hinders their financial planning. So, they avoid fixed-interest-rate financial
products, which is the usual case for life insurance products, and direct their invest-
ment choices towards equity investments, whose values generally rise with prices,
thereby depriving insurance companies of customers. Such is the adverse effect of
high inflation that insurance companies supplied products with protection against
it, an effort that ultimately proved unsuccessful, e.g., see Babbel (1981). Among
the literature pieces that concluded that spells of high inflation rates hurt life insur-
ance, there are some as old as Greene (1954) and Hofflander and Duvall (1967)!,
while in the most recent years, among many others, there are those of Browne and
Kim (1993), Outreville (1996), Celik and Kayali (2009), and Ertl (2017). It should
be noted that there is limited evidence that inflation appeared as a supporting factor

to life insurance consumption (Zerriaa and Noubbigh, 2016).

IThe latter prompted a scholarly exchange between Neumann (1968) and Hofflander and Duvall
(1968), which provided readers with valuable insights into the subject.
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Although the usual way to incorporate the figure into calculations is through the
Consumer Price Index (CPI), some surveys use other versions of it, such as antici-
pated inflation or the average CPl of recent years, as a trend that has been ingrained

In economic actors.

It is worth noting that when inflation is examined in conjunction with other deter-
minants, it may not be considered statistically significant. An example is cited in a
Feyen, Lester, and Rocha (2011), commissioned by the World Bank, where the fact
above occurred when the ratio of credit to GDP was introduced into the statistical
model. So, itis understood that other explanatory variables have already captured

the information provided by inflation.

To date, the relevant literature has primarily focused on the study of inflation. Never-
theless, we should also be aware of deflation, a macroeconomic risk against which
the authorities’ actions are particularly vigorous. When it occurs, it hinders con-
sumers’ ability to pay life insurance installments, an issue beyond the scope of this
paper, as it falls within the literature concerning life insurance lapses/surrenders.
Relevantreadings include Poufinas and Michaelide (2018) and Fier and Liebenberg
(2013), etc.

Finally, it should be emphasized that, according to the findings of Beck and Webb
(2003), inflation volatility is not a statistically significant explanatory variable.
This suggests that it is the persistence of high inflation, rather than its variability,

that erodes economic agents’ confidence in the financial system.
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2.1.3 Unemployment

Although the share of the labor force seeking a job is an important indicator that
summarizes the state of an economy, it is surprising that very few pieces of litera-
ture have considered it. A possible reason is that they did not deal with countries
suffering from high and persistent unemployment. Moreover, the GDP per capita,
already used in this type of study, yields a significant share of the information pro-
vided by the unemployment rate. Additionally, another reason for the absence of
the index is that consumers concerned about the stability of their employment are
less likely to allocate their income to insurance. On the other hand, it should not
escape our attention that in an environment of high inflation and unemployment,
GDP growth is not sufficiently diffused among economic actors and consequently

does not significantly affect the production of insurance premiums.

Notable exceptions to this trend include Sliwinski, Michalski, and Roszkiewicz
(2013), who analyzed the Polish life insurance market, and Ertl (2017), who inves-
tigated life insurance dynamics in Central and Eastern European (CEE) countries.
The latter study provides an instructive temporal analysis: during the pre-crisis pe-
riod (1994 - 2008), lower unemployment rates were associated with higher levels
of life insurance consumption, whereas in the post-crisis period (2010 —2014), the
relationship appeared to reverse, with higher unemployment rates exhibiting a pos-
itive, albeit seemingly counterintuitive, association with insurance demand. How-
ever, it is essential to highlight that in both temporal contexts, the unemployment
variable was statistically insignificant across the majority of model specifications.
This finding suggests a complex, possibly indirect, linkage between labor market

conditions and life insurance uptake.
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An alternative perspective involves using the number of employed individuals, ei-
ther in general or within specific sectors such as the tertiary sector, as a determi-
nant of insurance demand, rather than the unemployment rate. This approach has
been proposed by Mantis and Farmer (1968), Beenstock, Dickinson, and Khajuria
(1986), and Luciano, Outreville, and Rossi (2016). Such amulti-faceted framework
is essential for developing a more comprehensive understanding of the relationship

between labor market dynamics and insurance demand.

Finally, it should be noted that, for evident reasons, rising unemployment is asso-
ciated with an increase in life insurance lapses and surrenders. This relationship is
supported by the literature referenced earlier in the discussion on inflation. When
policyholders experience unemployment, they may become eligible for a grace pe-
riod during which premium payments are temporarily suspended, allowing the pol-

icy to remain in force.

2.1.4 Banking sector

When the banking sector is functioning properly, consumers tend to regard the
financial sector favorably, which includes private insurance. Additionally, there
is significant scope for cooperation between the two types of businesses, namely
banks and insurance enterprises, in several activities, such as cross-selling and in-
vestment management. Of course, in countries where there are no restrictions on
the operation of the financial sector, such as interest rate regulations, administra-
tively determined prices, etc., plenty of room is available for economic growth,
which in turn allows consumers a greater income on the one hand and to find bet-
ter services on the other hand. The same factors that facilitate banking operations

are also relevant for private insurance, including civil liberties, political stability,
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regulatory quality, the rule of law, and a low level of corruption (Chang, Lee, and

Chang, 2014).

There is little doubt that financial intermediation by banks is positively associated
with economic growth. When economic agents have access to investment-related
information, typically ensured through standardized accounting practices and cor-
porate disclosure requirements, and when contractual obligations are reliably en-
forced, the foundational conditions for the effective functioning of both banking in-
stitutions and the broader economy are met. In the absence of these conditions, key
financial activities such as identifying viable investment opportunities, gathering
and processing relevantinformation, exercising corporate oversight, managing risk,
mobilizing liquidity, and facilitating the transfer of funds become either severely

hindered or altogether unfeasible.

In the literature linking private insurance with macroeconomic conditions, the size
of the banking sector is described using various terms, including banks, financial
sector, and financial depth; see for example, Sliwinski, Michalski, and Roszkiewicz
(2013),Li1(2007),and Ertl (2017)). In all cases, they refer to the same phenomenon,
to the level of development, and the ability of the economy to mobilize and mul-
tiply the amount of circulating currency. Therefore, it is assumed that the size of
the banking sector is positively and largely correlated with the provision of qual-
ity financial services. Although the scope of this research is served well by the
assumption, it should not be taken for granted that financial development is always
beneficial to economic growth. Beyond a certain level, it may be detrimental to the

economy, as it siphons resources without making good use (Law and Singh, 2014).

Various approaches have been used to measure the abovementioned figure, depend-
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ing on the researchers’ judgment and the availability of information. For example,
Levine, Loayza, and Beck (2000) used the ratio of loans to GDP, Outreville (1996)
the ratio of M2 to M1, and Chui and Kwok (2008) the ratio of banks’ assets to GDP.
In addition, Feyen, Lester, and Rocha (2011) broadened their probe by examining
the amount of bonds issued, reaching a similar conclusion that they positively affect
life insurance. It is reminded that according to the European Central Bank (ECB),
M1 is the sum of currency in circulation and overnight deposits, while M2 is the
sum of M1 plus deposits with an agreed maturity of up to two years and deposits

redeemable at notice of up to three months.

Additionally, some researchers, such as Chui and Kwok (2008), have extended the
analysis of the relationship between private insurance and the financial sector by
incorporating the ratio of stock market capitalization of listed companies to GDP. A
similar approach was also employed by Cummins (1973). However, their findings
were inconclusive. As Levine and Zervos (1998) noted, this ambiguity may arise
from the fact that stock markets do not function as substitutes for traditional bor-
rowing. Nonetheless, this does not detract from their importantrole in the economy

more broadly, and in enhancing the functioning of the financial sector in particular.

2.1.5 Interest rate

Life insurers manage substantial reserves, which are invested in financial markets
to generate returns. The latter constitutes an essential component of their overall
income structure. The interest rates prevailing in these markets play a critical
role in determining the magnitude of such investment income. When returns are
favorable, insurers may reduce policy prices, thereby enhancing the attractiveness

of their products and potentially stimulating demand.

27



High interest rates are typically indicative of a contractionary monetary policy,
which may dampen overall economic growth prospects. In such contexts, life in-
surance products may be perceived as stable, long-term investment alternatives.
Conversely, elevated interestrates can incentivize consumers to allocate their funds
toward otherinvestment vehicles offering more immediate or higher returns, poten-
tially reducing the appeal of life insurance policies. Given the dual and sometimes
opposing effects of interest rates on premium setting and consumer behavior, it is
perhaps unsurprising thatrelatively limited empirical work has been devoted exclu-
sively to thisrelationship. Notable contributions include Cummins (1973), Dragos,
Codruta, and Dragos (2019), Elango and Jones (2011), and Sliwinski, Michalski,
and Roszkiewicz (2013).

Moreover, several studies have examined the effects of interestrates in conjunction
with inflation, often analyzing the real interest rate to isolate its impact better. These
include Chang and Berdiev (2013), Beck and Webb (2003), Beenstock, Dickinson,
and Khajuria (1986), Ertl (2017), Li (2007), and Sen (2008).

2.1.6 Business Tendency Surveys (BTS)

BTS have been conducted since at least the 1920s. Business Tendency Surveys
- A Handbook (OECD, 2003) informed that some of the earliest initiatives came
from trade associations, including the Confederation of British Industries and Ger-
many’s ifo Institute for Economic Research. Since the 1950s, France’s national
statistical office, the Institut national de la statistique et des études économiques
(INSEE), has also played a significant role in this field. There is evidence that the
sentiment variables hold considerable predictive power for business cycles (Chris-

tiansen, Eriksen, and Moller, 2014) and short-term real GDP growth (Mourougane
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and Roma, 2002).

This research employs BTS indicators to capture public perceptions of countries’
economic conditions and to assess consumer intentions. Depending on the specific
indicator, data may be sourced from consumer surveys, often conducted through
personal interviews to gauge sentiment, or from expert evaluations grounded in
broader macroeconomic analysis. Given that official macroeconomic indicators
may overlook sector-specific dynamics or shifts in consumer confidence, BTS pro-
vide valuable supplementary insights into evolving economic trends. Their rele-
vance is reflected in their integration into economic assessments; for example, the
Economic Sentiment Indicator (ESI) is regularly included in Greece’s economic
monitoring reports (Bank of Greece, 2022), with empirical evidence supporting
its capacity to forecast output fluctuations, e.g., Tkacova and Gavurova (2023).
Furthermore, Ludvigson (2004) concluded that measures of consumer confidence
enhance the forecasting accuracy for various types of consumption, including ser-

vices.

The theoretical basis of BTS lies in the understanding that economic agents, house-
holds and firms, form expectations about future economic conditions that influence
their current decision-making. They aggregate subjective assessments of economic
prospects, providing timely signals that often precede actual shifts in economic
activity. These indicators capture the anticipatory nature of economic behavior,
reflecting how perceptions and confidence can impact spending, saving, and invest-
ment decisions even before objective economic data confirm a trend. This forward-
looking perspective is particularly relevant for sectors such as life insurance, where
consumer choices depend heavily on long-term expectations of economic stability

and financial security.
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The influence of BTS on the Private Insurance sector is not yet well established.
Improvements in BTS indicators often precede periods of macroeconomic expan-
sion, which may support growth in insurance uptake. Conversely, a decline in such
indicators typically signals a rise in public pessimism, prompting more cautious
financial behavior. This shift toward prudence can lead to increased household
savings, including heightened demand for insurance products as a means of finan-

cial security.

Despite their value in macroeconomic analysis, BTS remain underutilized in empir-
icalresearch onlife insurance demand. One ofthe few exceptionsis Fortune (1973).
A key reason for this limited academic engagement may be the lack of comprehen-
sive BTS data across countries and time periods, which constrains cross-national

and longitudinal analyses. Consequently, researchers often turn to alternative prox-

ies to assess consumer expectations and sentiment.

Forexample, Beck and Webb (2003) employed anticipated inflation and permanent
income as indicators of consumer confidence in national economic performance.
Similarly, Browne and Kim (1993) emphasized expected rather than actual infla-
tion, arguing that consumer expectations, shaped by historical patterns, are more
relevant for predicting life insurance behavior. They operationalized this by using
the average inflation rate over the previous eight years. In a comparable approach,
Cargill and Troxel (1979) relied on anticipated inflation from the Livingston sur-
vey, which estimates expected changes in the Consumer Price Index over six- and

twelve-month periods.

The Business Tendency Survey (BTS) indicators employed in this research include

the Business Confidence Index, the Consumer Confidence Index, the World Uncer-
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tainty Index, and the World Pandemic Uncertainty Index. Detailed descriptions of

these indicators are provided in the relevant section of Chapter 4.

2.1.7 Population

The concentration of the population in small geographical areas allows insurance
enterprises and intermediaries to reach out to consumers more efficiently. Thus,
the costs of advertising, contract distribution, premium collection, and claims
management decrease. Additionally, as the population grows, it is implied that
private insurance can appeal to a broader consumer base, which is beneficial for
statistical calculations of the characteristics of insured risks. Finally, the large
number of customers allows the distribution of operating costs over a broader

base, proportionally reducing the cost of accessing private insurance services.

The concept of population has been studied in various forms. One of its versions is
urbanization, which has been explored by researchers such as Luciano, Outreville,
and Rossi (2016), Sen (2008), Beck and Webb (2002), and Beck and Webb (2003).
Another example is population growth, as seen in studies by Elango and Jones
(2011) and Outreville (1996). Finally, Feyen, Lester, and Rocha (2011) used the
version of population density, which is the ratio of a country’s population to its area.
It is worth noting that the last-mentioned paper included both versions: population
and population density. All concluded that population growth and density have a

positive effect on life insurance.
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2.2 Determinants of demand for non-life insurance

Although the two main branches of private insurance share several operational char-
acteristics, itis reasonable to expect that the factors driving their development may
differ. The following paragraphs outline the key determinants of non-life (property-
casualty) insurance. To avoid redundancy, elements previously discussed in rela-
tion to life insurance that are also pertinent to non-life insurance are not repeated
here. It should be reiterated that this research concentrates on the macroeconomic
determinants of insurance demand, rather than on microeconomic factors, as exam-
ined by Falciglia (1980). Also, we do not take into account whether various types

of insurance are mandatory.

2.2.1 Income

At first glance, the nature of non-life insurance classes might suggest that wealth,
rather thanincome, would serve as amore appropriate determinant. However, com-
prehensive and high-frequency wealth data are not consistently available across
countries, particularly at the quarterly level required for time series analysis. Even
prominent studies, such as Browne, Chung, and Frees (2000), have relied on rough
wealth approximations, which are unsuitable in the context of this research. Inlieu
of wealth, the latter employed education as a proxy for a country’s intellectual cap-
ital, capturing collective knowledge, skills, and abilities, as an indirect measure of

the population’s capacity to engage with and benefit from insurance products.

Household Finance and Consumption Surveys conducted by European Central Bank
(2021) provide periodic data on household wealth for relevant countries. While

these datasets offer improvements over earlier approximations, they still fall short
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of the frequency and consistency required for this study. Similar limitations apply
to otherwise valuable resources such as the Global Wealth Report by UBS Global
Wealth Management (2023) and UBS Global Wealth Management (2025).

Given these constraints, income is employed as the preferred variable. It is rea-
sonable to assume that higher income levels are associated with a greater value of
assets, thereby increasing the propensity to purchase insurance. This assumption
is well supported by the literature, including studies by Sherden (1984), Outre-
ville (1990), and Trinh, Nguyen, and Sgro (2016). Although most of the literature
assumes a linear relationship between the two variables, Lee and Chiu (2012) ex-
tended the analysis to explore their potential non-linearity. It was also established
thatanincrease in FDIleads to both higher income and non-life insurance premiums

(Sawadogo, Guerineau, and Ouedraogo, 2018).

2.2.2 Inflation

Although inflation is a key macroeconomic indicator, its use in studies examining
the relationship between macroeconomic variables and private insurance remains
relatively limited. One possible reason is the short duration of non-life insurance
contracts, which typically span a single year. Under conditions of low and stable
inflation, significant price fluctuations within such short periods are not generally
expected. However, this assumption does notalways hold. For instance, unresolved
claims, particularly those subject to lengthy legal proceedings, can experience sub-

stantial increases in value, even when inflation rates remain in the single digits.

Some researchers may downplay the role of inflation by focusing primarily on in-

come, under the assumption that insurance premiums adjust proportionally with
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general price levels. This perspective is evident in studies such as Feyen, Lester,
and Rocha (2011), Ertl (2017), and Elango and Jones (2011). Both Feyen, Lester,
and Rocha (2011) and Elango and Jones (2011) report a positive relationship be-
tween inflation and insurance premium volume, likely reflecting the pass-through
ofhigher claim and operational costs to policyholders. In contrast, Ertl (2017) finds
anegative impact of inflation on the insurance sector, suggesting that rising prices

may deter demand.

These mixed findings underscore the importance of contextualizing the inflation—
insurance nexus within each country’s specific economic environment. A nuanced
understanding of this relationship requires careful consideration of each country’s

characteristics, which impact non-life business.

2.2.3 Unemployment

Although unemployment is a crucial macroeconomic indicator, it is often over-
looked in research literature. One possible reason is that researchers may find
sufficient information inincome figures alone. Additionally, consumers concerned
about their employment stability might be less inclined to invest their income in
insurance. Nevertheless, thisresearch emphasizes the importance ofunemployment
as a significant macroeconomic measure, drawing on findings from Ertl (2017) re-
lated to Central and Eastern European countries, which suffered from high and
persistent unemployment rates. The study concluded, as expected, that unemploy-
ment had a negative impact on the insurance industry, though it was statistically

significant only before 2009 in their sample.
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2.2.4 Banking sector

As discussed in the relevant section on life insurance, which also applies to non-
life insurance, the banking sector is essential in promoting business cross-selling.
Specifically, lenders safeguard the value of collateral through insurance. Moreover,
insurance facilitates trade by covering various non-life classes such as “Goods in
transit,” “Credit,” and “Suretyship.” Several researchers, including Ertl (2017),
Trinh, Nguyen, and Sgro (2016), Petkovski and Jordan (2014), Outreville (1990),

and Feyen, Lester, and Rocha (2011) included the banking sector in their analyses.

It is important to expand beyond these studies, as additional researchers have ex-
plored the issue from various perspectives. For example, Esho (2004) investigated
the impact of legal frameworks, property rights protection, and the efficiency of
the judicial system as elements essential for the effective operation of the credit
business. Likewise, Elango and Jones (2011) identified the observance of property
rights, the degree of business freedom, and financial management as key factors
influencing the insurance sector. Ertl (2017) also indirectly addressed this topic by

considering the number of mortgages as a significant variable.

We have chosen not to include the interest rate as a determining factor for the de-
mand for non-life insurance. This decision stemmed from the sporadic appearance
of interest rate discussions in the literature and their lack of statistical significance
in previous studies. Ourresearch datahave corroborated this conclusion, revealing
that the interest rate was not a meaningful factor in determining non-life insurance

demand.
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2.2.5 Business Tendency Surveys (BTS)

Therole of Business Tendency Surveys is discussed in the corresponding subsection

on life insurance and applies equally to the non-life insurance case.

2.2.6 External trade

The total volume of imports and exports serves as a key indicator of an economy’s
dynamism, reflecting both its competitiveness in international markets and its open-
ness to diverse sources of goods and services. Active participation in foreign trade
requires robust collaboration across sectors of the economy, including the private
insurance industry. Insurers play a critical role in mitigating risks associated with
international transportation, whether by land, sea, or air, as well as those linked to

logistics infrastructure and the goods in transit.

Moreover, private insurance often provides coverage for civil liabilities and credit
risks arising from international trade transactions. It thus serves as an essential
instrument for managing the legal, financial, and operational complexities inher-
ent in cross-border commerce, including the transport and storage of goods across

jurisdictions.

In this context, external trade emerges as a significant driver of demand for private
insurance. This view is supported by the findings of Petkovski and Jordan (2014),
Feyen, Lester, and Rocha (2011), and Esho (2004). Similarly, Elango and Jones
(2011) highlighted the importance of merchandise trade as a contributing factor to
the development of the insurance market. The aforementioned studies primarily ex-
amined trade as adeterminant of the non-life insurance industry. More specifically,

Veer (2015) investigated this relationship and concluded that “the impact of private
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export credit insurance on international trade is larger than the value of exports in-
sured,” a finding from which several hypotheses can be drawn, all suggesting that

export trade benefits the non-life insurance sector.

2.2.7 Population

The urbanization factor, an essential area of study in non-life insurance, has gar-
nered its fair share of scholarly attention. For instance, Treerattanapun (2011),
Browne, Chung, and Frees (2000), and Trinh, Nguyen, and Sgro (2016) have con-
tributed to this field. Similarly, Petkovski and Jordan (2014) and Sherden (1984)
have examined the role of population density. Finally, Elango and Jones (2011)

investigated the implications of population growth.

Building on the role of population as a determining factor for life insurance, the
influence of population growth on non-life insurance is significant due to the in-
creased interaction of individuals and their assets, leading to friction. This is par-
ticularly evident in the case of automobile insurance, where demand for additional
coverage is largely driven by increases in population density, as demonstrated by
Sherden (1984). Furthermore, the rise in population suggests a shift away from
the traditionally strong institution of the family, which reduces funding availability

when its members face problems.

37



2.3 A note on stationarity in the field of Private In-
surance consumption

Statistical theory emphasizes the importance of ensuring variable stationarity prior
to conducting regression analysis. Regressions involving non-stationary variables
risk producing spurious results, wherein statistically significant relationships may
be observed between variables that, inreality, are unrelated, particularly when both
follow independent random walks. This issue is further exacerbated by the inclu-
sion of lagged dependent variables as regressors, which can distort the estimation
results. Forexample, a coefficient thatinitially appears statistically significant may
lose significance once appropriate adjustments are made. Therefore, apparent co-
movements between time series should not be interpreted as evidence of a genuine
relationship without the application of rigorous statistical techniques designed to

assess the validity and robustness of such findings.

The property of stationarity, typically associated with mean reversion, is considered
highly advantageous for a given time series, as it implies that the series tends to
return to its long-term equilibrium following a temporary disturbance. This charac-
teristic enables analysts to make informed assumptions based on historical behavior.
In the context of insurance markets, if insurance premiums exhibit stationarity, it
suggests that the effects of shocks may dissipate over time without the need for
policy intervention. Consequently, in such settings, policymakers should exercise
caution when responding to market disruptions, as the premiums are expected to

revert to their underlying trend naturally.

This insight is particularly relevant for insurance firms operating under conditions

of financial distress, such as during economic crises marked by significant declines
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inassetvalues. Insuch contexts, astable and predictable stream of premium income
can serve as a critical buffer, enabling firms to maintain operations and meet obli-
gations despite unfavorable market conditions. The consistent inflow of liquidity
associated with stationary premium processes enhances the resilience of insurers,
allowing them to absorb shocks and navigate extended periods of volatility with

reduced reliance on external intervention.

In contrast, non-stationary processes are characterized by potentially unbounded
volatility, which poses significant challenges for statistical analysis. The improper
inclusion of a non-stationary series in a regression framework can lead to biased
and misleading inferences. For instance, such misspecification may result in the
erroneous conclusion that shocks to consumption have permanent effects, when in
reality they may be transitory. This misinterpretation can undermine policymakers’
ability to accurately evaluate both the magnitude and persistence of shocks stem-
ming from key macroeconomic variables. In the present context, many macroeco-
nomic time series exhibit non-stationarity, a concern first systematically addressed
by Nelson and Plosser (1982), who demonstrated the non-stationary behavior of

long-term historical data for the United States.

In a comprehensive review of the literature on the relationship between private in-
surance consumption and its determinants, Lee, Hsu, and Lee (2010) observed that
only alimited number of studies examine the stationarity properties of the variables
involved, ashortcoming that may lead to spurious regression bias. Thisremark sug-
gests that much of the existing research may have implicitly assumed the station-
arity of both insurance consumption and its explanatory variables. While this as-
sumption may be valid in specific contexts, particularly within the mature insurance

markets of Europe and North America, it does not universally apply. This pattern
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was further confirmed in Lee, Chang, and Chen (2012) and Lee, Tsong (2013), who
examined both life and non-life insurance consumption. Their findings indicated
that insurance premium series tend to exhibit stationarity in high-income and Eu-
ropean countries, reinforcing the importance of treating data to enforce stationarity
when modeling insurance demand. Also, this gap underscores a potential source of
bias in earlier empirical work and highlights the need for greater attention to the

time-series properties of data in insurance-related research.

The preceding discussion underscores the necessity of transforming data to achieve
stationarity. Thisraises acritical methodological question: how can stationarity be
attained? As noted by Diebold and Kilian (2000), the choice between modeling a
series as difference-stationary or trend-stationary can lead to markedly different
forecasts and interpretations. For example, Pradhan (2017) reported in their empir-
ical analysis that “all the time series variables were non-stationary in their levels...
However, they were all stationary in first differences,” thereby concluding that the
variables were integrated of order one. This distinction is essential, as the appropri-
ate transformation depends on the underlying data-generating process and has direct

implications for the validity and reliability of subsequent econometric modeling.

While this study adopts a univariate approach, i.e., by analyzing each country in-
dividually, a substantial portion of the literature employs a cross-country or re-
gional perspective, frequently focusing on groups with shared characteristics, such
as OECD membership, and utilizing panel data methodologies. This choice carries
critical methodological implications, particularly concerning the selection of sta-
tionarity tests. Panel data techniques are generally associated with greater statisti-
cal power, allowing for more robust inferences regarding the presence or absence

of unit roots across multiple time series (Pan, Chen, and Chang, 2016).
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In concluding this discussion, it is important to highlight the contribution of Lee,
Chang, and Chen (2012), who advanced the examination of stationarity in non-life
insurance premiums using a panel data framework. Their findings indicate that
the panel dataset exhibits stationarity once structural breaks are incorporated into
the model and cross-sectional dependence across countries is properly accounted
for. This result suggests that failing to model such features may lead to mislead-
ing conclusions regarding the time-series properties of insurance premiums. These
structural breaks were associated with significant, atypical events, broadly classi-
fied under themes such as domestic and international financial marketliberalization,
integration, regulatory reforms, and globalization. Notably, their study identified at
least one structural break for each individual country in the sample, underscoring
the importance of accounting for such discontinuities in future research on insur-

ance market dynamics.

2.4 Methodological approaches in the literature

2.4.1 Life insurance

The empirical literature on life insurance demand can be classified into four main

methodological strands, reflecting a clear evolution in econometric approaches

over time.

Early contributions, such as Mantis and Farmer (1968), Cummins (1973), For-
tune (1973), and Cargill and Troxel (1979), rely primarily on simple regression
frameworks, often applied to time-series or cross-sectional data. These studies
focus on basic economic relationships, occasionally incorporating corrections for

autocorrelation or dynamic effects through lagged variables. Similarly, Truett and
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Truett (1990) employs standard regression techniques augmented with diagnostic
testing. While methodologically straightforward, these approaches establish the

foundational determinants of life insurance demand.

A second strand of the literature extends the analysis to cross-country settings
using pooled or cross-sectional regressions. Studies such as Beenstock, Dickinson,
and Khajuria (1986), Browne and Kim (1993), and Outreville (1996) introduce
international heterogeneity and expand the set of explanatory variables to include
demographic and institutional factors. These contributions mark an important
step toward comparative analysis, although they remain limited in their ability to

control for unobserved heterogeneity.

From the early 2000s onwards, panel data models become the dominant method-
ological framework. Seminal contributions by Beck and Webb (2002) and Beck
and Webb (2003) are followed by a wide range of studies, including Sen (2008),
Elango and Jones (2011), Dragos (2014), and Grabova and Sharku (2021), which
employ fixed-effects and random-effects estimators, typically combined with Haus-
man specification tests. These approaches allow for the control of time-invariant
heterogeneity across countries and represent a significant methodological improve-

ment over earlier models.

More recent research adopts dynamic panel techniques, particularly Generalized
Method of Moments (GMM) estimators, to address endogeneity and persistence
in insurance consumption. Studies such as Li (2007), Feyen, Lester, and Rocha
(2011), Chang and Berdiev (2013), Alhassan and Biekpe (2016), Ertl (2017), and
Trinh (2023) employ system or difference GMM frameworks, incorporating lagged

dependent variables and instrumental variable strategies. This strand reflects a
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growing emphasis on econometric rigor and the treatment of dynamic relationships.

Inparallel, several studies introduce alternative methodologies. Forinstance, Millo
and Carmeci (2015) incorporates spatial econometric techniques, while Sliwinski,
Michalski, and Roszkiewicz (2013) and Chui and Kwok (2008) and Chui and Kwok
(2009) employ factor analysis and principal component analysis to address dimen-
sionality and multicollinearity issues. These approaches, although less widespread,

indicate a diversification of empirical strategies in the literature.

Overall, the methodological evolution follows a clear trajectory from simple regres-
sionmodels to increasingly sophisticated panel and dynamic frameworks. This pro-
gression is accompanied by a growing awareness of econometric issues, including

heteroscedasticity, autocorrelation, endogeneity, and non-stationarity.

Withrespectto the determinants of life insurance demand, a core set of variables ap-
pears consistently across studies. These include income (typically proxied by GDP
per capita or disposable income), demographic characteristics (such as dependency
ratios, population structure, and life expectancy), and macroeconomic conditions
(notably inflation and interest rates). These variables constitute the baseline speci-

fication in most empirical models.

Over time, the literature expands to incorporate additional factors reflecting finan-
cial, institutional, and social dimensions. Financial development, education, and
social security systems are progressively included, followed by governance indica-
tors such as the rule of law, corruption, and political stability. More recent studies
further extend the analysis to include inequality measures, health expenditure, mar-

ket structure variables, and cultural factors.
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This expansion is also reflected in the increasing dimensionality of empirical mod-
els. While early studies typically include a limited number of explanatory variables,
more recent contributions often incorporate a large set of covariates, sometimes ex-
ceeding fifteen variables. Inresponse to potential multicollinearity and dimension-
ality concerns, techniques such as principal component analysis are occasionally

employed.

Despite these advances, the majority of studies rely on mean-based econometric
approaches, including OLS, fixed-effects, random-effects, and GMM estimators.
As a result, the literature primarily captures average effects and provides limited

insightinto potential heterogeneity across the distribution of life insurance demand.

This observation highlights an important gap in the literature. While significant
progress has been made in addressing econometric challenges and expanding the
set of explanatory variables, relatively little attention has been given to distribu-
tional aspects of insurance demand. This thesis contributes to the literature by ad-
dressing this limitation through the use of quantile regression techniques, allowing
for the investigation of heterogeneous effects across different levels of insurance

penetration.

A further important characteristic of the literature relates to the nature of the data and
the underlying modeling assumptions. First, the vast majority of studies rely on an-
nual data, largely due to data availability constraints. While suitable for capturing
long-runrelationships, this choice limits the ability to identify short-term dynamics
and cyclical effects in life insurance demand, which may be better captured using
higher-frequency data. Second, although panel data models have become the dom-

inant empirical framework, they typically impose homogeneous slope coefficients
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across countries. As a result, they may fail to fully capture cross-country hetero-
geneity in the effects of key determinants, particularly in the presence of structural,
institutional, and cultural differences. This limitation further motivates the need

for approaches that allow for heterogeneous effects across observations.

2.4.2 Non-life insurance

The empirical literature on non-life insurance demand exhibits a similar, albeit
slightly more heterogeneous, methodological evolution compared to the life insur-

ance literature. It can be broadly classified into four main strands.

Early contributions, such as Sherden (1984), Beenstock, Dickinson, and Khajuria
(1988), and Outreville (1990), rely on simple regression frameworks applied to
cross-sectional or pooled data. These studies focus on a relatively limited set of
economic determinants, including income, price, and demographic characteristics.
They are methodologically straightforward and establish the core relationships

underlying non-life insurance demand.

Subsequently, the literature expands to incorporate cross-country and panel data
approaches. Studies such as Browne, Chung, and Frees (2000) and Elango and
Jones (2011) employ pooled OLS as well as fixed-effects and random-effects mod-
els, allowing for the control of unobserved heterogeneity across countries. These
contributions significantly improve empirical specification and introduce a broader

setofexplanatory variables, including institutional and market structure indicators.

A third strand is characterized by the adoption of dynamic panel methodologies,
particularly Generalized Method of Moments (GMM) estimators. Contributions
such as Esho (2004), Chang and Berdiev (2013), Feyen, Lester, and Rocha (2011),
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and Ertl (2017) explicitly address endogeneity and persistence in insurance demand
by incorporating lagged dependent variables and instrumental variable techniques.
This reflects a clear shift toward greater econometric rigor and more robust infer-

€nce.

In parallel, several studies employ alternative or complementary methodologies.
For instance, Lee, Hsu, and Lee (2010) focuses on time-series techniques and sta-
tionarity analysis, while Petkovskiand Jordan (2014) adopts cointegration methods
to explore long-run relationships. Additionally, Treerattanapun (2011) employs
principal component analysis and non-parametric bootstrapping to address mul-
ticollinearity and distributional issues. These approaches indicate an increasing

diversification of empirical strategies in the literature.

With respect to the determinants of non-life insurance demand, a core set of vari-
ables is consistently identified across studies. These include income-related mea-
sures (GDP or GNI per capita), price variables, and demographic indicators such

as population density. Over time, the literature expands to incorporate financial de-
velopment, education, and institutional variables, including legal systems, political
risk, and property rights. More recent contributions also consider market structure

variables, such as concentration and foreign participation, as well as sector-specific

indicators, including vehicle ownership and exposure to natural disasters.

The number of explanatory variables increases substantially over time, reflecting
both improved data availability and a broader conceptualization of insurance de-
mand. While early studies typically rely on a small number of covariates, more
recent analyses incorporate a large set of economic, institutional, and cultural fac-

tors. In some cases, dimensionality issues are addressed through techniques such
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as principal component analysis.

In terms of data and modeling choices, the non-life insurance literature exhibits
some distinct features. While annual data remain the dominant frequency, this is
particularly consequential in the non-life context, where insurance demand is more
closely linked to short-term economic activity, business cycles, and sector-specific
shocks (e.g., vehicle purchases or natural disasters). As a result, the reliance on
low-frequency data may obscure important cyclical and high-frequency dynamics

that are more relevant for non-life insurance markets.

Furthermore, although panel data models are widely employed, their limitations
are more pronounced in the non-life setting due to the greater heterogeneity of
insurance lines and market structures across countries. The assumption of homo-
geneous slope coefficients may therefore be especially restrictive, as the impact
of key determinants—such as income, risk exposure, or institutional quality—can
vary substantially depending on the composition and maturity of non-life insurance

markets.

Overall, while the methodological evolution in the non-life insurance literature
parallels that of life insurance, it is also characterized by a greater diversity of
empirical approaches, including time-series analysis, cointegration techniques, and
sector-specific modeling. Nevertheless, the predominant reliance on mean-based
estimators persists, limiting the ability of existing studies to capture heterogeneous
responses across different segments of the non-life insurance market. This rein-

forces the need for empirical frameworks capable of uncovering such heterogeneity.
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Table 2.1: Life insurance literature —detailed overview of determinants and method-
ologies

Study Examined Factors Methodology

Mantis and Relative CPI (CPI-life insurance); Regression
Farmer (1968) Marriages; Births; Income; Popula-

tion; Civilian employment

Cummins Dividend—price ratios; Mortgages; Regression; Use of
(1973) GNP; Investments; Interest rates; lagged variables

Insurance companies investments

Fortune (1973) Time; Seasonal dummies; Real per Regression
capita wealth; Real per capita in-

come; Real interest rate; Consumer

sentiment
Cargill and life insurance reserves; Policy OLS with Almon con-
Troxel (1979) loans; Pension reserves; Life straints; Cochrane—
insurance reserves; Household Orcutt correction

net worth; Disposable income; for autocorrelated

Anticipated CPI; Interest rates disturbances
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Study

Examined Factors Methodology

Beenstock,
Dickinson, and

Khajuria (1986)

Disposable income; Country; Life Pooled cross-section
expectancy; Price level; Depen- and time-series
dency; Interestrate; Social security; regression
Inequality; Lagged variables; Work-

ing population in services

Truett and
Truett (1990)

Age; Education; Real per capita in- Regression; Durbin—

come Watson test

Browne and Income; Dependency ratio; Reli- OLS (log-linear); Di-
Kim (1993) gion; Social security; Expected in- agnostic tests

flation; Education; Life expectancy;

Price; Islamic
Outreville GDP; Interest rate; Anticipated in- Regression; Park test
(1996) flation; Life expectancy; Financial

development; Monopoly; Foreign
companies; Education; Demograph-
ics; Health; Religion; Social secu-

rity; HDI
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Study

Examined Factors

Methodology

Ward and Zur-
bruegg (2002)

GDP percapita; Inflation; Financial

development; Social welfare; De-

Pooled OLS; Panel
GMM (dynamic spec-

pendency ratio; Risk aversion; In- ification)

surance price; Political and institu-

tional indicators; Political cohesion;

Civil rights; Rule of law; Muslim

country
Beck and Webb Urbanization; Inflation; Institu- Panel regression
(2002) and tional quality; Financial develop- (FE/RE); Hausman
Beck and Webb ment; Dependency ratios; Educa- test

(2003)

tion; Religion; Life expectancy;
GDP; Social security; Income distri-
bution; Region; Time; Interest rate;
Expected inflation rate; Permanent

income; Human development index

Hwang and Gao

(2003)

GDP; Inflation; Education; Urbani-

sation

Multiple regression;
Durbin—Watson
test; Glejser test for

heteroscedasticity
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Study

Examined Factors

Methodology

Hwang and GDP; Social structure; Education; Multiple regression;
Greenford Social security; Price; Children; Fixed effects; Pooled
(2005) Economic development cross-sectional
model; F-test for
equality of constants
Li (2007) GDP per capita; Life expectancy; OLS; GMM; Box-
Dependency ratio; Education; So- Cox transformation;
cial security; Financial develop- Heteroskedasticity
ment; Foreign market share; Infla- tests
tion (anticipated); Interest rate
Sen (2008) GDP per capita; Savings; Financial Panel data (FE/RE);

depth; Urbanisation; Dependency
ratios; Literacy; Life expectancy;

Inflation; Interest rate; Price

Hausman test; ADF
and KPSS stationarity

tests

Chui and Kwok
(2008)
Chui and Kwok
(2009)

and

Cultural and psychological dimen-
sions; GDP; Expected inflation; Fi-
nancial development; Social secu-
rity; Legal environment; Depen-

dency ratio; Religion

Regression; PCA;
Fama—MacBeth;

Random effects

Celik and Kay-
ali (2009)

GDP per capita; Education; Popula-

tion; Inflation

OLS regression;

White test
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Study

Examined Factors

Methodology

Elango and

Jones (2011)

GDP; Inflation; Interestrate; Trade;
Working force in services; Popula-
tion; Dependencies; Education; In-

stitutional quality

Pooled OLS; FE/RE;

Hausman test

Feyen, Lester, Real GDP percapita; Inflation; Gini Multivariate re-

and Rocha coefficient; Population; Population gression (pooled

(2011) density; Old age dependency ra- country-year data);
tio; Young age dependency ratio; OLS with year-fixed
Life expectancy; Years of school- effects; Huber—White
ing; Muslim; Private ownership of heteroskedasticity-
insurance enterprises; Social secu- consistent stan-
rity contribution rate; Market con- dard errors; Dy-
centration; Private credit; Bond namic panel GMM
market capitalisation; Creditor pro- (Arellano—Bover)
tection rights

Chang and GDP; Inflation; Interestrate; Health System GMM;

Berdiev (2013) expenditure; Dependency; Political Hansen test;

risk; Natural disasters

Arellano—Bond

autocorrelation tests
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Study Examined Factors Methodology

Millo and GDP; Bank deposits; Dependency Panel data with spa-
Carmeci (2015) ratios; Female participationin work- tial  specifications;
force; Social security; Bank coun- Space and time
ters; Insurance agencies; Education; dummies; Two-step

Trust maximum likelihood

Sliwinski, GDP; Term deposit interest rate; Factor analysis;
Michalski, and Inflation; Financial development; Bartlett test; KMO
Roszkiewicz Life expectancy (male/female); test; Varimaxrotation;
(2013) Market concentration; Foreign Anderson—Rubin

capital share; Population; Educa- method

tion; Health expenditures; Social

benefits; Dependency ratio; Birth

rate; Unemployment

Brokesova, GDP; Inflation; Exports; Vehicles; Panel data (fixed ef-
Pastorakova, Population; Age dependency; Life fects); Hausman test;
and Ondruska expectancy; Education; Urbanisa- Stationarity checks;
(2014) tion; Social security; Crime; Regula- Multicollinearity
tory quality; Market concentration treatment (four par-

tial models)
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Study

Examined Factors

Methodology

Dragos (2014)

Income; Education; Urbanisation;

Inequality

Panel data (FE/RE);
Heteroscedasticity

and serial correlation

tests
Alhassan and GDP;Inflation; Financial depth; Ur- System GMM;
Biekpe (2016) banisation; Education; Health; De- Lagged variables
pendency; Life Expectancy; Institu-
tional quality
Ertl (2017) GDP growth; GDP per capita; Infla- Panel GMM; Wald

tion; Unemployment; Interest rate;

Credit; Investment; Institutional in-

dicators; Dependencies

test; Hansen test

Dragos, Co-

druta, and

Dragos (2019)

Institutional indicators; Inequality;

Dependency; Inflation; Interest rate;

Education; Urbanisation; GDP

Dynamic panel mod-
els; Hansen test; Wald

test

Grabova and

Sharku (2021)

GDP; Inflation;
dency; Urbanisation;

Governance indicators

Credit;

Depen-

Education;

FE/RE; FGLS; Sta-

tionarity tests
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Study Examined Factors Methodology

Trinh (2023) GDP; Economic freedom; Health Panel GMM; Endo-
spending; Culture; Financial devel- geneity and depen-
opment; Education; Urbanisation; dence tests
Dependency; Social security; Legal

origin; Religion

Table 2.2: Non-life insurance literature — detailed overview of determinants and
methodologies

Study Examined Factors Methodology

Sherden (1984) Price; Income; Population density = Regression analysis

Beenstock, Income per capita; Country; Inter- Cross-section and
Dickinson, and estrate; Lagged dependentvariable; pooled  regression;

Khajuria (1988) Lagged detrended unemployment  Propensity to insure

Outreville GDP; Financial development; Price; Multiple regression

(1990) Monopoly; Education; Agriculture

Browne, Chung, GDP; Foreign market participation; Panel data (fixed ef-
and Frees Education; Urbanisation; Wealth; fects); Pooled cross-

(2000) Legal system section
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Study Examined Factors Methodology
Esho (2004) GDP; Risk aversion; Education; Dynamic system
Price; Urbanisation; Property theft; GMM

Property rights; Law type; External

trade
Lee, Hsu, and Time series ADF test; Seemingly
Lee (2010) Unrelated Regres-
sions; Monte Carlo
simulations; Half-life
estimation
Elango and GDP growth; GNI per capita; Infla- Pooled OLS; Fixed

Jones (2011)

tion; Interest rate; Working popula-
tion in the services sector; Trade;
Population; Dependency; Educa-
tion; Life expectancy; Institutional

variables

and random effects;
Hausman test; Het-

eroscedasticity test

Feyen,
and

(2011)

Lester,

Rocha

GDP per capita; Inflation; Popula-
tion; Population density; Muslim;
Private credit; Creditor protection

rights; Cars; External trade

Pooled OLS; Fixed
effects; Huber—

White errors; Dy-

namic panel GMM

(Arellano—Bover)
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Study

Examined Factors

Methodology

Treerattanapun

(2011)

GDP per capita (PPP); Urbanisa-
tion; Market concentration; Educa-
tion; Legal system; Political risk;
Religion; Cultural variables (power
distance, individualism, masculin-

ity, uncertainty avoidance)

Linear  regression;
Non-parametric

bootstrapping; PCA;
Treatment of data to
achieve homoscedas-

ticity

Njegomir and

Stoji¢ (2012)

Market concentration; Barriers to
entry; Human capital; Insurance de-
mand; Foreign direct investment;

Market profitability; Return on in-

Panel data (cross-
section and time-
series); F-test; Welch

test; Fixed effects;

vestment Hausman test
Park and GDP; Urbanisation; Education; Mar- Panel data (year fixed
Lemaire (2012) ketconcentration; Legal system; Po- effects)

litical risk; Religion; Cultural di-

mensions
Chang and GDP per capita; CPI; Interest rate; System GMM

Berdiev (2013)

Health expenditure; Dependency ra-

tio; Political risk; Natural disasters

(Arellano—Bond);
Hansen test; Autocor-

relation tests
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Study

Examined Factors

Methodology

Dragos (2014)

Income; Education; Urbanisation;

Gini

Panel data; Fixed
and random effects;
Heteroscedasticity

and serial correlation

tests

Petkovski and

Jordan (2014)

GDP per capita; Passenger vehicles;
External trade; Financial develop-
ment; Inflation; Population density;

Education; Rule of law

Panel data; Log-
linear model; Cointe-
gration tests; DOLS
(Stock—Watson);

Bartlett kernel

Trinh, Nguyen,
and Sgro (2016)

Index of economic freedom; GDP
per capita; Bank development; Edu-
cation; Urbanisation; Cultural vari-

ables; Legal system

Pooled OLS; Pooled

GLS; Random ef-
fects; FGLS; 2SLS
(IV);  Durbin—Wu-—
Hausman test; Het-

eroscedasticity tests

Ertl (2017)

GDP growth; GDP per capita; Infla-
tion; Unemployment; Interest rate;
Credit growth; Mortgages; Vehicle
registrations; Investment; EBRD
transition indicator; Business costs

to start up

Panel GMM; Wald

test; Hansen test;

Serial correlation

tests
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Chapter 3

Research Methodology

Guided by the existing literature, this research empirically examines the influence
of macroeconomic indicators as determinants of private insurance demand. The
analysis is based on eight datasets corresponding to European countries and con-
siders both life and non-life insurance markets. The empirical investigation is con-
ducted attwo levels. First, each country is examined individually in order to capture
country-specific macroeconomic structures and the potentially heterogeneous rela-
tionships between macroeconomic conditions and insurance demand. Second, the
countries are also analyzed collectively within a panel data framework, allowing

for the identification of broader patterns and common dynamics across the sample.

Figure 3.1 presents the overall research methodology followed in this study. The
process is organized into six sequential stages. First, the foundation stage consists
ofan extensive literature review and the collection of the necessary datasets through
the examination of online sources and relevant correspondence. Second, during the

preliminary data processing stage, the time series properties of the variables are
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examined, with particular emphasis on testing for stationarity and applying the nec-

essary transformations.

The third stage involves the multiple regression framework, where several diag-
nostic procedures are implemented, including tests for multicollinearity using the
Variance Inflation Factor (VIF), examination of residual autocorrelation and het-
eroskedasticity, and the treatment of residual correlations through the inclusion of
lagged dependent variables as regression instruments. In addition, panel regression
techniques are employed to capture common patterns across countries. The fourth
stage focuses on variable selection, where factors with low statistical significance
are removed using stepwise backward selection and Elastic Net methods, while

ensuring that the regression diagnostics remain satisfactory.

The fifth stage examines the impact of the identified factors through quantile re-
gression, allowing the analysis of how determinants influence different levels of
life insurance performance. Finally, the sixth stage explores the predictive rela-
tionships among variables by applying Granger causality tests in both bivariate
and multivariate settings, including an analysis in the frequency domain. Together,
these steps provide a comprehensive empirical framework for investigating the de-

terminants and dynamics of private insurance demand.
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Figure 3.1. Research methodology
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3.1 Stationarity

Prior to the empirical analysis, the data series, whose summary statistics are pro-
vided in Appendix A, were tested for stationarity, a property often absent in in-
surance premium data (Lee, Lee, and Chiu, 2013; Lenten and Rulli, 2006). It
was conducted using the Augmented Dickey-Fuller (ADF) test (Dickey and Fuller,
1979; MacKinnon, 2010), whose p-values appear in Appendix B.

Upon confirming the need for transformation, the following adjustments were im-
plemented. The natural logarithm was applied to the variables Penetration Life,
Penetration Nonlife, Population, and GDP per capita. Then, for all series found to
be non-stationary, successive differencing was applied as needed to achieve station-
arity. As aresult, each dataset was reduced by one observation for every differenc-
ing operation performed. The transformed series were subsequently re-evaluated,

with the ADF test results reported also in Appendix B.

In cases where the examined time series exhibited, or were suspected to exhibit,
structural breaks, the Bai—Perron multiple structural break test was employed to
detect the presence of m breakpoints and to estimate their number (Bai and Perron,
1998; Bai and Perron, 2003). The identified breakpoints divided the series into m+
1 regimes, allowing the data to be adjusted for these structural changes. The break-
adjusted series were then subjected to the ADF test to confirm whether stationarity

had been achieved.
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3.2 Regression and Variable Selection

For each studied country, all explanatory variables were incorporated into the

following multiple regression model:

Equation 3.2: The multiple regression model

Yi=a+> butes+6 (3.1)

where, the dependent variable Y represents life insurance penetration. Time is de-
noted by t, measured in quarterly intervals. The intercept of the model is represented
by a, while b, denote the parameters associated with the explanatory variables. The
variables x, represent the contemporaneous explanatory variables included in the

model. Finally, € is the error term.

In simpler terms, the regression model assesses how changes in the independent
variables (the regressors) affect the average change in the dependent variable. It
should be noted that outcomes that are desirable at the level of the aggregate econ-
omy donotnecessarily coincide with those that are optimal for individual economic
agents. This distinction between macroeconomic and microeconomic perspectives,
illustrated by phenomena such as the paradox of thrift, implies that policies or
conditions that support overall economic stability may not always align with the
immediate interests of individual consumers. At the microeconomic level, con-
sumer welfare is maximized when individuals evaluate interest rates and the prices
of insurance-related products and make decisions according to their own prefer-

ences regarding the trade-off between saving through insurance and other forms of
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consumption. The errors in this model are assumed to be uncorrelated, identically

distributed (i.i.d.), with a mean of zero and a constant variance (¢?).

Inline with insights from the existing literature and findings from a preliminary data
analysis, the long-term interest rate was found to be an insignificant determinant
of non-life insurance, while the external trade variable did not exhibit a significant
influence on life insurance. Consequently, each variable was excluded from the

respective multiple regression model.

Multicollinearity, where explanatory variables are highly correlated, was addressed
using the Variance Inflation Factor (VIF). Variables exhibiting VIF values above 10
were deemed problematic and excluded from the analysis. By mitigating the risks
posed by multicollinearity, which can severely distort the estimated relationships

among variables, the model yielded more reliable and valid conclusions.

Subsequently, the residuals, defined as the differences between the fitted and ob-
served values, were examined using the Ljung and Box (1978) test, along with
an analysis of autocorrelation and partial autocorrelation plots. Depending on the
case, the results indicated the necessity of incorporating lagged dependent variables
(autoregressive terms) and moving average terms as regressors in the model. The
methodological approach of employing autoregressive terms was used in previous
studies, e.g., Chang and Berdiev (2013) and Trinh (2023). The Akaike (1973)’s
Information Criterion (AIC) was used to determine the optimal number of lags to
include. This criterion guided the selection process by balancing the trade-off be-
tween model complexity and goodness of fit, ensuring that the final model provided
the most accurate and parsimonious representation of the data. The AIC score is

computed as equal to 2k — 21n(L), where k is the number of estimated parameters

64



and L is the likelihood of the model.

The diagnostic analysis of the regression residuals also tested the second moment
of the error process. Specifically, the ACF/PACF of the squared residuals indi-
cated statistically meaningful dependence, consistent with volatility clustering and
conditional heteroskedasticity. In such settings, treating the disturbance variance
as constant may lead to inefficient inference and understated uncertainty. There-
fore, the error variance was modeled explicitly using a Generalized Autoregressive
Conditional Heteroskedasticity model, GARCH(q, p), which generalizes the ARCH
framework of Engle (1982) by allowing the conditional variance to depend on both
past shocks and its own past values (Bollerslev, 1986; Bollerslev, Chou, and Kro-

ner, 1992; Francq and Zakoian, 2010).

Let the regression disturbance be written as

€& =V hy 24,

where h, = Var(e, | F;_1) is the conditional variance given the information set 7;_1,
and z; is an i.i.d. innovation with E(z;) = 0 and Var(z;) = 1. In empirical macro—
financial applications, z; is often assumed to be conditionally Gaussian, although
heavy-tailed alternatives (e.g., Student-t) are frequently employed to better capture

excess kurtosis in standardized residuals.

In the GARCH(q, p) specification, the conditional variance is modeled as

q p
ht =w + Z OéiE?fi + Z ﬁjhtij
i=1 j=1
where w > 0 is a constant, a; > 0 (¢ = 1,...,q) measure the short-run impact of
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past squared shocks (the “news” effect), and 3, > 0(j = 1,...,p) capture volatility
persistence through lagged conditional variances. Positivity constraints (w > 0,
o, 8; > 0) ensure h; > 0 that the variance h; is well defined at every time period ¢,

i.e. hy > 0. A common sufficient condition for covariance stationarity is

q P
Dot i<l
i=1 j=1

in which case the unconditional variance exists and equals
B =/ (1= o= 306)

In practice, high values of ) «a; + > 3; imply strong persistence, meaning that

volatility shocks decay slowly over time.

The GARCH models were estimated using (quasi-)maximum likelihood, i.e., by
maximizing the conditional log-likelihood of the jointly specified mean and vari-
ance equations. Depending on the specification, the standardized innovations were
assumed to follow either a Gaussian distribution (Gaussian QMLE) or a standard-
ized Student-t distribution. Inference was based on heteroskedasticity-robust (sand-

wich) standard errors in the sense of White (1982).

Residuals were evaluated for conformity to the normal distribution using both the
Jarque and Bera (1980) test and visual inspection of distribution histograms and Q-
Q plots. Assessing this assumption is essential, as violations may compromise the
validity of subsequent hypothesis testing. If the residuals were found to deviate
from normality, the models were re-specified under the assumption that the errors

follow a Student (1908)’s t-distribution.
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The full models were refined using backward stepwise selection based on the AIC,
a method designed to identify a parsimonious specification that balances explana-
tory power with model complexity; see for example, Heinze, Wallisch, and Dunkler
(2018). The procedure begins with the saturated model, which includes all candi-
date explanatory variables. At each iteration, the variable whose exclusion yields
the greatestimprovement inthe AIC scoreisremoved. Thisiterative process contin-
ues until no further reduction in the AIC score is possible. By penalizing excessive
model complexity, the approach reduces the risk of overfitting and retains only

variables that contribute meaningfully to model performance.

If the refined model satisfied all necessary statistical diagnostics, namely, the ab-
sence of autocorrelation and partial autocorrelation in the residuals and squared
residuals, as well as the fitting of the residuals in the normal or Student’s distri-
bution, the iterative variable elimination process was continued. If, however, the
resulting model failed to meet these criteria, it was discarded, and an alternative
way for variable elimination was pursued. This iterative refinement continued until
no additional variables could be removed without compromising model adequacy.
The final specification is considered optimal to the AIC, although results may vary

depending on the specific model selection criterion employed by the researchers.

The complete regression models are presented in Chapter 4 under the subsection
“Ordinary Least Squares — Complete models.” The models obtained through the
variable-selection procedure are presented in the same chapter under “Ordinary
Least Squares — Variable selection models.” For the final models, the results of
the Ljung—Box test, which evaluates the presence of autocorrelation in both the
residuals and their squares, are reported in Appendix E. Additionally, the Jarque—

Bera test statistics, used to assess the normality of the residuals, are presented in
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the same appendix. In the cases where the error terms were assumed to follow a

Student’s t-distribution, the estimated degrees of freedom are reported instead.

3.3 Univariate regression: Elastic Net screening

Beyond the baseline approach (removing high-VIF covariates followed by stepwise
AIC), we adopt one more approach. For each macroeconomic factor, we consider

four lagged values, whereas sentiment variables enter contemporaneously only. In

addition, we include four autoregressive lags of the dependent variable, consistent

with diagnostic evidence of substantial residual autocorrelation inrelated specifica-
tions. With many and highly correlated predictors, OLS estimates can be unstable

and stepwise selection can be sample-dependent. The elastic net (EN) addresses

this by combining the sparsity-inducing ¢; penalty of the lasso (Tibshirani, 1996)

with the shrinkage and grouping properties of the ridge ¢, penalty (Hoerl and Ken-

nard, 1970). In environments with strong multicollinearity and a non-negligible

parameter-to-sample-size ratio, EN typically yields more stable selections and co-

efficient estimates than either penalty alone (Zou and Hastie, 2005; Hastie, Tibshi-

rani, and Friedman, 2009). Formally, with y € R” and X € R”*?, EN solves

~

o1 9 1—-a 9
_ _ i >
B(A @) =arg min [y — XB]; +A( 5 18Il +a|lﬁl|1) , o A0, ae01].

A two-stage pipeline is designed. At stage 1, elastic-net regularization is applied
to screen covariates and obtain a sparse yet stable predictor set (Zou and Hastie,
2005). Stage 2 then refits the selected specification without penalization, while ex-
plicitly modeling serial dependence through ARMA disturbances (Box, 2016) and,
where indicated by diagnostics, conditional heteroskedasticity via ARCH/GARCH
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(Engle, 1982; Bollerslev, 1986). To further guard inference against outliers and
fat-tailed residuals, we allow for standardized Student-¢ innovations (Tsay, 2010).
Compared with purely stepwise procedures, this strategy is preferable when regres-
sors are strongly correlated or when the number of parameters to be estimated is
large relative to the available sample size, as it promotes greater model parsimony

and improves out-of-sample stability.

3.3.1 Ridge, lasso, and elastic net

Ridge regression augments OLS with an /5, penalty that shrinks coefficients toward

zero without setting them exactly to zero. Withy € R? and X € RT*?, ridge solves

1 A
in — |ly—Xg8|2 + =183 A >
min 5 lly = XBl; + 5 16l >0,

yielding a unique and numerically stable estimator that is well behaved under
multicollinearity and when p is not small relative to 7" (Hoerl and Kennard, 1970).
Because shrinkage induces bias, ridge embodies a bias—variance trade-off; X is
typically chosen by (blocked) cross-validation. Predictors are standardized prior

to fitting so that the penalty treats regressors on comparable scales.

The lasso adds an /; penalty,

. 1
min — ||y — X8B3 + A8,

BeRr 27T

which promotes sparsity by driving some coefficients exactly to zero (Tibshirani,
1996). Lassois attractive when only a subset of predictors is expected to matter, but

under strong collinearity it may select arbitrarily among correlated regressors, lead-
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ing to selection instability. Because lasso estimates are shrunk, a common practice

is a post-lasso OLS refit on the selected set for interpretation and inference.

The elastic net blends both penalties. Setting a = 1 recovers lasso, a = 0 recovers
ridge, and 0 < a < 1 yields EN. The ¢; component stabilizes coefficient paths
under collinearity, while the /; component delivers sparsity (Zou and Hastie, 2005).
Efficient solutions are obtained by cyclic coordinate descent (Friedman, Hastie,
and Tibshirani, 2010). In our lag-rich, collinear designs, EN typically provides
more stable selection and improved predictive bias—variance trade-offs than either

penalty alone.

Tuning employs blocked (contiguous) K-fold cross-validation to respect time or-
dering (Bergmeir, Hyndman, and Koo, 2018). To favor parsimony, we apply a 6+SE
rule: we choose the largest A whose cross-validated error lies within CV i, +6 SE i,
where CV , is the minimum CV error across the grid and SE,;;, is its associated stan-
dard error (we use 6 € [1,1.5]). Lags of the dependent variable treated as structural
terms are leftunpenalized via penalty factors (i.e., setting the corresponding entries
of the penalty vector to zero) and are always retained to mitigate serial correlation
observed in preliminary residual diagnostics. Let S denote the resulting selected
set (the union of predictors with nonzero EN coefficients and any forced terms); S

is then passed to Stage 2 for unpenalized refitting and disturbance modeling.!

IThis specification rests on two observations: (i) under the baseline selection in § 3.2, lagged
dependent variables were consistently statistically significant and reduced residual autocorrelation;
and (ii) in separate (unreported) runs, these lags also survived LASSO selection even without being
protected.
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3.3.2 Post-selection estimation and error modeling.

Given the predictor set S from Stage 1, we refit the mean equation as

Ye = Po + Xzsﬁ + U,

and then diagnose the disturbance process u,. If Ljung—Box tests on u; indicate
residual serial correlation, we re-estimate the model with ARMA(p, q) disturbances,
N(0,0%), (Gaussian)

ii.d.

¢<B)Ut :e(B)Et, Et ~
t,(0,0%), (Student-t),

where ¢(B) = 1 —¢B—---—¢,B? and §(B) = 1+ 6,B + --- + 0,B%. We se-
lect (p,q) € {0,...,4}? by AIC. When volatility clustering persists (e.g., significant
Ljung-Box tests on u?), we model the conditional variance using a GARCH specifi-
cation (e.g., sGARCH(1, 1)) under Gaussian or Student-¢ innovations. Residual ade-
quacy is required at different lags for both residuals and squared residuals. Further
backward elimination of mean covariates is permitted only when (i) AIC strictly im-
proves and (ii) residual diagnostics remain satisfactory, as assessed by Ljung—Box
tests on u; and u? at different lags. We report mean-equation coefficients, AR/MA

parameters, and, where applicable, the Student-t degrees of freedom v.

The models resulting from the proposed method are presented in Chapter 4 under

the subsection titled “Elastic net algorithm.”
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3.3.3 Algorithm summary

1. Feature construction: Build the design with macroeconomic lags z; , for / =
1,...,4, contemporaneous sentiment indicators, and autoregressive terms 1;_, for
(=1,...,4.

2. Elastic-net screening: Select a sparse set S via EN with contiguous (blocked)
K-fold cross-validation to respect time order. Choose A\ by the 6+SE rule for
parsimony; y-lags are treated as structural and left unpenalized via penalty factors.
The selected set .S is carried forward.

3. Post-selection mean fit and error checks: Refit by OLS:

v = Bo+ X, g8 + ur.

If serial correlation remains (Ljung—Box on u; and u? at different lags), re-estimate
with ARMA(p, ¢q) disturbances under Gaussian or Student-t innovations. If condi-
tional heteroskedasticity is detected (e.g., ARCH LM or Ljung-Box on u?), augment
with a GARCH component (e.g., sGARCH(1, 1)).

4. Diagnostics-constrained pruning: Iteratively prune mean terms only when AIC
improves and residual diagnostics continue to pass; re-check ARMA/GARCH or-
ders after any change.

5. Reporting: Present coefficient estimates, standard errors (robust where appropri-
ate), p-values, information criteria, residual diagnostics, and robustness notes (e.g.,

alternative EN a, ARMA(p, q) orders, and innovation distributions).
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3.4 Panel-data study

3.4.1 Motivation for a panel-data approach

This thesis examines the macroeconomic determinants of private insurance demand
across a set of European economies over time. A central methodological choice is
whether to study demand using (1) purely time-series models estimated separately
for each country, (ii) a single cross-sectional snapshot comparing countries at one
point in time, or (iii) a panel that combines the cross-country and time dimensions.
For the present research question, a panel-data framework is the natural choice
because it exploits both the temporal evolution of insurance markets and the struc-
tural heterogeneity across countries within a coherent econometric setting (Baltagi,

2005; Wooldridge, 2010).

A country-by-country time-series approach is informative for describing national
dynamics in isolation. However, estimating separate models for each country com-
plicates cross-country inference: it is difficult to distinguish mechanisms that are
broadly common across economies from patterns that are idiosyncratic to particular
institutional settings or sample periods. Moreover, separate estimationreduces sta-
tistical power and makes results more sensitive to country-specific shocks, model
specification choices, and limited time-series length. By contrast, panel methods
pool information across countries while allowing for unobserved heterogeneity,
enabling more efficient estimation and more credible identification of systematic

macroeconomic relationships.

A purely cross-sectional design (e.g., comparing countries in a single year) has the
opposite drawback: it can highlight differences across economies, but it discards

the rich information contained in within-country changes over time. Because in-
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surance demand is shaped by slow-moving processes—such as income growth, de-
mographic change, institutional evolution, financial deepening, and shifts in risk
perceptions—cross-sectional snapshots risk confounding persistent structural dif-
ferences with transitory macroeconomic conditions. They also cannot describe
adjustment dynamics, persistence, or the timing through which shocks propagate to

insurance demand.

Panel data, by construction, addresses both limitations: it preserves the time-series
dimension within each country while also exploiting cross-country variation. This
allows the analysis to identify relationships from within-country movements (con-
trolling for time-invariant national characteristics) and to improve statistical effi-
ciency by pooling information across economies, while still permitting heterogene-

ity in levels and, where appropriate, in responses.

European economies are exposed to shared macroeconomic and financial condi-
tions, including monetary-policy regimes, global commodity-price cycles, interna-
tional risk sentiment, and EU-wide policy initiatives. Such common forces can
induce co-movements in insurance demand that are not attributable to domestic
fundamentals alone. Panel data provide a structured way to account for these co-
movements, for example through multi-factor specifications that separate common

shocks from idiosyncratic country dynamics.

This matters for two reasons. First, controlling for common shocks reduces the
risk of incorrectly attributing EU-wide events to domestic regressors. Second,
it enables an economically meaningful decomposition of variation in insurance
demand into components driven by (1) shared conditions and (i1) country-specific

developments, which is particularly relevant when comparing markets that are
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institutionally distinct yet economically interconnected.

Finally, the panel approach aligns with the substantive goals of this thesis: to de-
velop a comparative macroeconomic account of private insurance demand across
European economies. It allows the empirical analysis to address questions that are
difficult to answer with isolated country-by-country time-series models, such as:

* Which determinants are robust across countries, and which are context-dependent?
* Do sentiment indicators contribute explanatory power beyond standard “hard”

fundamentals in a multi-country setting?
* How does the persistence of insurance demand compare across markets with

different levels of financial development?

For these reasons, panel data are a methodological necessity in this thesis. They
provide an econometric structure in which insurance demand is modeled as a pro-
cess that is simultaneously dynamic (within countries) and heterogeneous (across

countries), while also being exposed to common external forces.

3.4.2 Panel construction and estimation strategy

The empirical strategy adopted in this thesis rests on five building blocks: (i) con-
struction of a quarterly country panel, (ii) a baseline dynamic specification with
distributed lags, (ii1) allowance for serially correlated disturbances, (iv) penalized
variable selection via the elastic net, and (v) post-selection refitting by OLS for

interpretability.

Let countries be indexed by ¢ € {1,..., N} and time (quarters) by ¢t € {1,...,T}.
The dataset is a balanced panel: each country is observed over the same set of

T quarters. Accordingly, the panel is aligned on a common quarterly calendar
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and contains exactly N x T observations prior to the introduction of lags. After
constructing lagged regressors, the regression-ready sample comprises admissible
country—quarter observations {v; ¢, Yit—1, - - -, Yit—a,Xit, - - - » Xit—4, Sit }, Where x; ; de-
notes the vector of macroeconomic fundamentals and s, ; the vector of contempora-

neous sentiment indicators.

Insurance penetration is modeled as a dynamic process featuring persistence, de-
layed responses to macroeconomic fundamentals, and contemporaneous effects of

sentiment. The baseline specification is

4 4
Yip = QG + Z Ok Yip—k + Z X1 Br + 8Ly + g (3.2)
k=1 k=0

Here, a; captures time-invariant country heterogeneity (e.g., institutional and struc-
tural features). The coefficients ¢; ,,k = 1, ...,4 measure the persistence of the de-
pendent variable by capturing the effect ofits own lags on current insurance penetra-
tion. The lagged dependent variables y,; ;—, k = 1, ..., 4 therefore allow for gradual

adjustment dynamics and help absorb residual serial correlation that would other-

wise remain in g, ;.

The x,; collects macroeconomic and financial determinants, included contempo-
raneously and with up to four lags to accommodate delayed transmission. The
associated coefficient vectors 3, measure the marginal effect of the correspond-
ing macroeconomic variables at lag k£ on the dependent variable. The s;; collects
contemporaneous sentiment indicators, while the parameter vector « captures the
effect of these indicators on insurance penetration. The specification reflects the

premise that expectations and confidence measures adjust rapidly, whereas “hard”
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fundamentals may operate with longer lags.

The disturbance term ¢;, represents the idiosyncratic error component and is ana-
lyzed below, including potential serial dependence and conditional heteroskedas-

ticity.

Country-specific unobserved heterogeneity is captured by «;, for which two stan-
dard modeling approaches are available. Under arandom effects (RE) specification,
a; istreated as arandom component and consistency requires the orthogonality con-
dition

Cov(a, Z; ;) = 0, (3.3)
where Z, ; denotes the full vector ofregressors (including lagged terms and controls).
Under a fixed effects (FE) specification, «; is allowed to be arbitrarily correlated

with Z, ;; identification is then based on within-country (time-series) variation, typ-

ically via the within transformation.

In this thesis, both FE and RE versions ofthe baseline model were estimated. Model
choice was guided by the Hausman (1978) specification test, which evaluates the
consistency of the RE estimator by comparing it with FE estimates. Let ,@FE and ,@RE

denote the corresponding slope estimates. The Hausman test statistic is
A ~ N/ ~ ~ 1 /. A
H = (Bre — Bre) [Var(Bie) = Var(Bre )| (Bre—Bre),  (4)

which is asymptotically distributed as x?(K) under the null hypothesis that the
difference in estimates is not systematic (i.e., RE is consistent), where K is the

number of tested slope coefficients.

The Hausman test rejects the random effects (RE) specification for the life insur-
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ance model, implying that the maintained orthogonality condition discussed above
is not supported by the data. Accordingly, the empirical analysis adopts the fixed
effects (FE) model as the baseline specification, allowing time-invariant country

characteristics that may be correlated with the regressors to be absorbed by «;.

Diagnostic analysis of the residuals revealed the presence of autocorrelation in the
cases of Czechia and Italy, as well as heteroskedasticity for Italy. Before select-
ing an appropriate correction, an additional diagnostic was performed to examine
whether cross-sectional dependence was present in the panel. The Pesaran test (Pe-
saran, 2004; Pesaran, 2021) provides strong evidence against the presence of such

dependence.

Consequently, the estimation was adjusted to employ cluster-robust standard errors.
These were originally proposed by White (1984) and later formalized for panel data
applications by Colin Cameron and Miller (2015). In addition, the MacKinnon and

White (1985) variant was implemented to provide a finite-sample correction.

For the non-life insurance model, when both FE and RE specifications are estimated
under an AR(1) within-country error process, a Hausman-type comparison fails to
reject random-effects consistency, supporting the use of a random-intercept panel

model for nonlife insurance demand.

Macroeconomic panel regressions at quarterly frequency often exhibit residual per-
sistence. To capture this parsimoniously, the idiosyncratic disturbance is assumed

to follow a country-specific AR(1) process,

Eit = Py Eit—1 T Uiy, lp| <1, (3.5)
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where u;; 1s amean-zero innovation with no serial correlation (within each country)
and finite variance. Under this structure, ignoring serial correlation generally
yields inefficient estimates and can distort inference through understated standard

CITOIS.

As arobustness check, we also estimated richer AR(p) disturbance structures with
p = 2,4. For each specification, model choice was guided by information criteria
(AIC/BIC) and residual diagnostics based on Ljung—Box tests on ¢;; and <7, at
different lags. These diagnostics indicated occasional remaining autocorrelation
and mild heteroskedasticity in some countries, but no pervasive pattern across
the panel. In addition, normality is rejected at the panel level, driven primarily
by one country (Norway), whose residuals exhibit heavier tails. Overall, AR(1)
delivers the best compromise between parsimony, fit, and residual adequacy, and

1s therefore retained as the baseline error structure.

3.4.3 Elastic Net for variable selection under multicollinearity

The candidate regressor set is large because it includes multiple lags of several
macroeconomic variables as well as lagged dependent terms. Such lag-rich designs
naturally induce multicollinearity (e.g., strong correlation among adjacent lags
and across related macroeconomic indicators), which can destabilize estimation

and render purely stepwise selection procedures sample-dependent.

To address this issue, we employ an Elastic Net (EN) procedure for variable selec-
tion. Let y denote the stacked dependent variable and let Z denote the stacked

design matrix collecting all candidate regressors (including lags and fixed effects
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as implemented). EN estimates coefficients @ by solving

~ ) 1 l-«
0 —argmin{ 5oy~ 202+ 2 (alol + “3 00 b G

where n is the number of stacked observations, A > 0 controls the overall degree
of shrinkage, and « € [0, 1] governs the mix between the LASSO penalty (via ¢;)
and the ridge penalty (via /5).

The EN penalty combines two desirable properties:

» Variable selection: the /; component can set some coefficients exactly to zero,
yielding a sparse specification.

 Stability under collinearity: the ¢ component stabilizes estimation when regres-

sors are highly correlated.

Penalized estimators shrink coefficients by construction. While this is advanta-
geous for selection and prediction, it complicates economic interpretation because
coefficient magnitudes are biased toward zero. For this reason, the thesis adopts a
two-step procedure:

1. Selection step: apply EN to select a subset of regressors, denoted by S, i.e., the
set of covariates with gj # 0.

2. Refitting step: re-estimate the mean equation by unpenalized OLS using only
regressors in S, obtaining post-selection coefficient estimates that are directly in-

terpretable in the original scale of the model.

In implementing EN, lags of the dependent variable are treated as structural terms
and are therefore protected from elimination. Concretely, these lags are left un-
penalized via penalty factors (i.e., setting the corresponding entries of the penalty

vector to zero), so they are always retained in Stage 1. This choice is motivated
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by preliminary residual diagnostics, which indicate non-negligible autocorrelation

that is parsimoniously absorbed by including y-lags in the mean equation.

After EN screening, the model is refit by unpenalized OLS on the selected set (to-
gether with the protected y-lags). Following this refit, we perform an additional
backward stepwise pruning of mean covariates based on the AIC, permitting dele-
tions only when the information criterion improves and residuals comply, so as to

further simplify the specification while maintaining fit and interpretability.

Conceptually, the post-selection OLS model is:

Yip = o + Zgi)é + €its (3.7)

where Zgi) collects only the selected regressors (including selected lags). The vec-

tor d contains the coefficients associated with the regressors retained after the se-
lection procedure, capturing their marginal contribution to the dependent variable
conditional on the selected specification. Inference is then conducted acknowl-
edging the maintained AR(1) structure in €;, by adopting an estimation/inference

procedure consistent with within-country serial correlation.

As a robustness check on the EN-based screening stage, we also estimated the
full baseline model and applied backward stepwise elimination directly to that
specification, using the AIC as the pruning criterion. Comparing the resulting
stepwise-selected models with the EN-screened (and post-refit pruned) models
provides a diagnostic on whether the main inferences are sensitive to the choice of
selection mechanism, and helps verify that the EN procedure is not driving results

mechanically through its regularization structure.
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The panel models derived from the elastic net algorithm are presented in Chapter
4 under the subsection “Panel models.” The panel models obtained as part of the
robustness check are reported in the same subsection, in the paragraph bearing the

same title.

3.4.4 Interaction terms

In addition to additive effects, we allow for interaction terms to capture state de-
pendence, for example, the idea that the marginal impact of a macro-financial de-
terminant can vary with the institutional environment or the prevailing level of
uncertainty. In the finance literature, Baltagi, Demetriades, and Law (2007) op-
erationalize this logic by interacting openness measures (e.g., trade and financial
openness) to test whether their effects are complementary rather than separable,
while De Pooter (2020) show that the pass-through of monetary policy surprises to
longer-term yields depends on the level of monetary policy uncertainty, i.e., shocks

transmit differently across uncertainty states.

A further motivation for interaction terms comes from recent evidence that uncer-
tainty effects are conditional on financial depth and credit conditions, rather than
purely additive. In particular, Marozva and Magwedere (2025) explicitly study
the interplay between economic policy uncertainty and financial market develop-
ment in shaping FDI inflows, emphasizing that the marginal effect of uncertainty
varies with the level of financial development. Similarly, Koirala (2024) docu-
ment that the relationship between economic uncertainty and real household out-
comes depends on households’ credit situations, highlighting abroader mechanism
in which uncertainty operates through (and is amplified or dampened by) financial

constraints. Taken together, these findings support specifying interaction terms
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such as ‘uncertainty x financial development” (or ‘uncertainty x credit/financial
conditions”) in order to capture state-dependent transmission and to avoid misspec-

ification when the effect of uncertainty is mediated by the financial environment.

The insurance-demand literature likewise supports modeling non-additive and state-
dependent effects, providing a direct rationale for including interaction terms in
multi-country regressions. For example, Chang and Berdiev (2013) show that the
effect of natural disasters on insurance market development depends on the political-
risk environment, emphasizing that disasters, political risk, and their interaction
effects jointly shape insurance consumption. Similarly, Dong (2014) studies life
insurance demand in Europe and finds that transparency does not only enter as a
direct determinant; rather, transparency moderates how life insurance demand re-
sponds to adverse market outcomes (e.g., low solvency or profitability), consistent

with an interaction such as Transparency x Market stress.

More broadly, Lee, Chiu, and Chang (2013) argue that linear specifications can
be restrictive because the relationship between insurance demand and its determi-
nants can change across risk regimes. Using a nonlinear panel framework (a panel
smooth transition regression), they document regime-switching effects whereby
country risk conditions alter the income elasticity of insurance demand. In effect,
the conceptis akinto allowing the marginal effect of income (or other fundamentals)

to vary with a conditioning variable through terms such as Income x Country risk.

Taken together, these insurance-specific contributions motivate enriching the base-
line model with interaction terms when theory suggests conditional transmission
channels, and they reinforce treating interactions as first-class candidates in the

selection-and-refit pipeline rather than as ad hoc add-ons. Motivated by these find-
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ings, interaction terms in the present setting provide a disciplined way to model
conditional responses, and to avoid misspecification when the true relationship is

inherently non-additive.

Empirically, interaction effects are operationalized by augmenting the candidate
regressor set with a targeted set of product terms. These interaction terms enter the
same Elastic Net screening stage as all other potential determinants and are there-
foreretained only ifthey contribute incremental explanatory power under the cross-
validated penalty. Any interaction that survives this selection-and-refit pipeline is
interpreted as evidence that the marginal impact of one determinant on insurance
demand varies systematically with the level of a second conditioning factor. To
preserve hierarchical consistency, whenever an interaction term is retained, its as-
sociated main effects are included in the post-selection fixed-effects refit even if
they were notselected by Elastic Net, ensuring that estimated interaction effects are
interpreted relative to a well-defined baseline and are not confounded by omission

of lower-order components.

The interaction terms that are investigated are the following, along with the basis

for including them.

In life insurance, guided by economic theory and parsimony, the interaction set is
restricted to four terms: (1) Income x LT Interest Rate, (i1) Unemployment x Income,
(i11) Banking sector X Consumer Confidence Index, and (iv) Banking sector x Busi-
ness Confidence Index. The firstinteraction captures heterogeneity in the response
of life-insurance demand to the interest-rate environment across income levels,

consistent with the idea that higher-income households face fewer liquidity con-
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straints and may react more to the relative attractiveness of long-horizon savings.
The second term allows labour-market conditions to condition the role of income:
unemployment may dampen effective purchasing power and hence weaken the in-
come channel, while also reflecting precautionary motives whose strength can vary
with income. The third and fourth interactions model the financial-development
channel as state-dependent: the effect of banking-sector depth on life-insurance
demand is allowed to vary with household and business sentiment (CCI and BCI),
reflecting that distribution capacity, credit availability, and willingness to commit

to long-term contracts are typically stronger in more optimistic environments.

For the non-life insurance, the interaction set is restricted to: (i) Income x Exter-
nal trade, (i1) Unemployment X Income, (ii1) External trade x Banking sector, (iv)
External trade x World Uncertainty Index, and (v) Banking sector x Business Confi-
dence Index. The first interaction captures that the income—nonlife relationship is
likely to be stronger in more open economies, where higher income is more readily
translated into commercial activity, logistics, and the accumulation of insurable as-
sets. The second term allows labor-market stress to condition the income channel,
reflecting that unemployment can depress effective purchasing power and reduce
exposure (e.g., fewer insured vehicles and lower business activity), with potentially
heterogeneous effects across income levels. The External trade x Banking sector
interaction operationalizes a financial-transmission mechanism: deeper intermedia-
tion can amplify the extent to which trade openness translates into investment, firm
activity, and hence demand for commercial non-life coverage. The External trade
x World Uncertainty Index term introduces global risk as a moderator, recogniz-

ing that heightened world uncertainty may weaken (or alter) the trade—insurance
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link through disruption of cross-border flows and a “wait-and-see” stance in in-
vestment and contracting. Finally, Banking sector x Business Confidence Index
allows the role of the banking sector to be state-dependent on the business cycle, as
distribution capacity, credit availability, and firms’ willingness to insure typically

strengthen in periods of higher business confidence.

All interaction terms are constructed from the stationary transformations of the
underlying series. To ensure interpretability within the fixed-effects framework
and to reduce collinearity, each component entering an interaction is mean-centred
at the country level prior to multiplication. Thus, interaction coefficients capture
whether within-country deviations of one determinant condition the marginal effect

of another around each country’s typical level.

The panel models incorporating interaction terms are presented in Chapter 4 under

the subsection “Panel models,” in the paragraph titled “Interaction terms.”

3.5 Quantile Regression

For the 7th quantile, the model is expressed as shown in the following equation.

Equation 3.3: The quantile regression model

Vi=aD+) B0z, +6 (3.8)

Aside from 7, which represents the quantile being analyzed, all other variables
are defined as specified in the multiple regression equation provided earlier. For

simplicity, lagged dependent variables are incorporated as part of the x,s. This
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model differs from the previously mentioned one in that the errors (¢;) are assumed

to follow a distribution g¢;(¢), with the 7-quantile set to 0.

Koenkerand Bassett (1978) introduced quantile regression as a natural extension of
linear regression. They highlighted that linear regression’s reliance on the assump-
tion of a Gaussian distribution for both variables and residuals limits its applicabil-
ity. Moreover, the presence of outliers can significantly distort parameter estimates,
diminishing the reliability of linear regression as a statistical method. Quantile re-
gression, on the other hand, provides a more robust alternative by estimating the
conditional median or other quantiles, offering greater flexibility in handling data

with non-normal error distributions and outliers.

This approach enables researchers to evaluate parameters for specific segments of
a dataset, by assessing how each regressor affects different parts of the distribu-
tion, making it particularly useful in areas such as finance, where the relationships
may vary across the distribution of outcomes. In the context of private insurance,
this analytical tool has proven valuable. For example, Li (2007) employed a one-
predictor-at-a-time approach to identify the factors influencing life insurance de-
mand, highlighting income, financial development, and inflation as significant de-
terminants. Similarly, Sriram, Shi, and Ghosh (2016) utilized quantile regression

to analyze the cost efficiency of U.S. insurers in the non-life insurance sector.

Furtheruses of quantile regression in the field of private insurance include Kudryavt-
sev (2009), who compared the performance of Ordinary Least Squares (OLS), Gen-
eralized Least Squares (GLS), and quantile regression methods in determining in-
surance rates, finding that quantile regression demonstrated superior efficiency ac-

cording to a simulation study. Schipper (2022) further illustrated the advantages of
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quantile regression by assessing insurance claims at a consultancy firm. By com-
paring OLS, a linear regression model with non-constant variances, and quantile
regression, he found that quantile regression provided the most consistent and reli-
able results. This body of work underscores the value of quantile regression in the
insurance industry, particularly when dealing with skewed data, outliers, or varying

effects across different segments of the distribution.

This research employs quantile regression to assess the impact of determining fac-
tors on life insurance penetration, focusing on various levels of the latter’s perfor-
mance. Specifically, the analysis targets quantiles 0.1, 0.25, 0.5, 0.75, and 0.9,
which have been chosen to capture a symmetrical representation of the distribu-
tion. This selection enables a comprehensive understanding of how various factors

impact life insurance demand across the entire spectrum of performance.

3.6 Granger causality

3.6.1 Bivariate Granger causality

Granger causality is a statistical concept used to determine whether one time series
canpredictanother. Itdoesnotimply adirect cause-and-effect relationship. Still, it
tests whether one variable’s past values can improve the prediction of another vari-
able beyond what its past values can already explain. This method, developed by
Granger (1969), relies onnon-singular vector autoregressive (VAR) models, which
include lagged values of dependent and independent variables in the regression

equation.

Suppose the inclusion of past values of the independent variable significantly en-
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hances the predictive accuracy of the dependent variable. In that case, it is con-
cluded thatthe independent variable "Granger-causes” the dependent variable. This
approach is valuable for understanding dynamic relationships between variables in

time-series data.

The null hypothesis posits that the lagged values of the independent variable do
not predict the dependent variable. If the test results in a statistically significant
rejection of the null hypothesis, then causality is considered present. However,
several limitations are in place: it is sensitive to selecting appropriate lags, does
not account for hidden confounders, and cannot determine causal mechanisms
between the variables. Despite these constraints, it is widely used in time-series
analysis to explore relationships between time-dependent variables, such as the

interaction between macroeconomic indicators and private insurance.

Several studies have examined the dynamic relationships between economic growth
and the insurance market. For example, Chang, Lee, and Chang (2014), Kugler and
Ofoghi (2005), and Hu, Su, and Lee (2013) conducted an analysis in a bi-variate
setting to explore the causal links between GDP, as a proxy for economic growth,

and private insurance, as measured by insurance premiums.

Lee, Lee, and Chiu (2013) further advanced this field by introducing the concept
of the half-life of deviations, which measures the number of periods required for a
shock to dissipate by half. This measure provides insight into the speed at which
time series datareturns to long-run equilibrium after a perturbation, thereby enhanc-
ing our understanding of the dynamic interplay between macroeconomic factors and

the insurance industry.
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3.6.2 Multivariate Granger causality

Multivariate Granger causality extends the traditional bivariate approach by incor-
porating multiple variables into the analysis, allowing for a more comprehensive
examination of causal relationships within complex systems. In this framework,
a variable’s causality is tested while simultaneously accounting for the influence
of other related variables, thereby reducing the risk of spurious results that may
arise due to omitted variable bias. This is particularly valuable in financial models,
where numerous interdependent factors often influence outcomes. A prime example
of this is the examination of macroeconomic factors affecting the demand for life
insurance. Researchers in the field of the interrelation between macroeconomics

and private insurance include Alhassan and Fiador (2014) and Pradhan (2017).

The findings from Granger causality studies have been mixed; depending on the
sample and time period analyzed, evidence of unidirectional causality from the in-
surance marketto economic growth has been attested, while other studies suggested
the opposite direction of causality or feedback loops between the two variables.
Additionally, some studies reported no causality at all. Pradhan (2017) provided a

summary of this literature, highlighting the complex and context-dependent nature.

3.6.3 Panel Granger causality

Panel extensions of the Granger causality framework have also been developed
to exploit the additional information contained in the cross-sectional dimension
of panel datasets. In particular, the panel Granger causality test proposed by Du-
mitrescu and Hurlin (2012) allows researchers to examine predictive relationships

while accounting for heterogeneity across the cross-sectional units. Even when
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individual Granger causality tests are performed for each unit separately, the panel
approach remains useful because it increases statistical power by combining infor-
mation across the panel and provides formal inference regarding the existence of
causality at the panel level. In contrast to individual tests, which rely only on the
time dimension of each series, the panel procedure utilizes both the time and cross-
sectional variation of the data and tests whether a causal relationship exists for at

least a subset of the units in the panel.

Formally, the Dumitrescu—Hurlin test estimates the following model for each cross-

sectional unit ¢:

p p
Yii=o; + Z VikYit—k + Z BikXit—k + €t
k=1 k=1

where? = 1,...,nindexes the cross-sectional units, ¢ denotes time, and p is the cho-
sen lag length. The coefficients 3; ; capture the potential causal effect from X to Y.
The term «; captures unit-specific effects and reflects unobserved, time-invariant
heterogeneity across the cross-sectional units. The coefficients 7, , represent the au-
toregressive dynamics of the dependent variable, measuring the influence of'its past
values on its current level and thus controlling for persistence over time. Finally,
the error term ¢, ; captures idiosyncratic shocks and all omitted factors affecting the
dependent variable that are not explicitly included in the model. Together, these
components ensure that the estimated causal effect is not driven by unobserved
heterogeneity or internal dynamics, allowing for a proper assessment of Granger
causality.The null hypothesis of the test states that no Granger causality exists for

any unit in the panel,
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while the alternative hypothesis allows causality to exist for at least some units.
The test statistic is constructed by averaging the individual Wald statistics obtained

from each unit:

W:

S|

>
i=1

This average statistic is then standardized to obtain a statistic that converges to
the standard normal distribution under the null hypothesis. A rejection of the null
hypothesis indicates that past values of X contain predictive information for Y for

at least a subset of the cross-sectional units in the panel.

Before running the panel Granger tests, panel unit root tests were conducted us-
ing the Levin—Lin—Chu (Levin, Lin, and James Chu, 2002), Im—Pesaran—Shin (Im,
Pesaran, and Shin, 2003), and Maddala—Wu (Maddala and Wu, 1999) methodolo-
gies. The results consistently reject the null hypothesis of a unit root across all
variables and model specifications, indicating that the transformed series are sta-
tionary. This confirms the appropriateness of using first-differenced variables in

subsequent panel regressions.

Two standardized statistics are reported for the Dumitrescu—Hurlin test. The first
(Z) relies on asymptotic properties and assumes a large time dimension, while
the second (Z) incorporates a finite-sample correction that adjusts for the time

dimension of the panel. Given the moderate time span of the data, the corrected
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statistic (Z) is considered more reliable and is therefore used as the primary basis

for inference.

3.6.4 Granger causality in the frequency domain

Geweke (1982) significantly contributed to the literature by proposing that the bi-
variate (orunconditional) Granger causality relationship could be examined through
spectral analysis. He identified long-term relationships consistent with existing
macroeconomic literature by analyzing deflated income, money supply, and infla-
tion. In Geweke (1984), he furthered the scope by including a control variable (or
conditional Granger causality relationship). Since then, this research stream has
expanded considerably. Recent contributions include Ghysels, Hill, and Motegi
(2016), who examined macroeconomic indicators and oil prices; Perez-Montiel and
Manera (2022), who investigated the relationship between demand and GDP; and
Fromentin (2022), who explored the connection between stock prices and macroe-
conomic fundamentals. No prior research has applied this approach to the nexus

between insurance demand and macroeconomic data.

The bivariate Granger causality analysis typically follows these steps: First, bivari-
ate Vector AutoRegression (VAR) models are formed, which incorporate lagged
terms. Subsequently, model selection takes place using the Bayesian Information
Criterion (BIC), as suggested by Schwarz (1978), to ensure that the irrelevant lags
are eliminated, which also waste observations, while they reduce the estimations’
robustness. Finally, the Granger test is performed to determine the presence of

causality in both directions (or reverse causality).

where y is the response variable, x is the variable of interest, o and [ are the
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Equation 3.4: The Bivariate Granger causality model

regression coefficients. Time is indexed by ¢, k£ denotes the lag order, and the
regression error terms affect the variables contemporaneously. When one (e.g.,

z) or more control variables are included, we get the multi-variate model of the

method.
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Equation 3.5: Conditional (multivariate) Granger causality model

Building on the foundation described above, Farn¢ and Montanari (2022) sought
to determine whether causality at a given frequency systematically deviates from
zero. Rather than defining a null hypothesis of zero causality, they employed the
stationary bootstrap method (Politis and Romano, 1994) to resample the estimated
causalities at each frequency and infer based on the distribution’s median. This
approach provided a more time-specific assessment of causal relationships while

accounting for potential data dependencies.

Considering the bivariate stochastic process Z; = [X;,Y;), we note that:

Zy=AZy 1+ +AZ, + e,

where Ay, ..., A, are 2 x 2 coefficient matrices. Applying a frequency-domain trans-

94



formation, for each frequency w, the transfer function P(w) of Z; is:
» -1
P(w) = <Ig - ZAje_ijw> , —rm<w<m,
j=1
Setting:

PX)((W) ny(w)
Plw) = :
Pyx(w) Pyy(CU)

the model-based spectrum h(w) is defined as:

where * denotes the complex conjugate transpose. Setting :

09 Uy
22 = )
V2 72
and using the transform matrix:
1 0
S = ,

2
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95



it is derived that the transformed transfer function matrix

P(w) = P(w) x S7*.

The process Z; = [X;,Y;]" is normalized accordingly as
Zt = ﬁ(L)[Xt’Y;}T’

and becomes

Zi = (X3

The unconditional Granger-causality spectrum of X, (effect-variable) with respect

to Y; (cause-variable) is then defined as (Geweke, 1982):

hy-x(w) =1In (M)

02| Pxx (w)|?

In the empirical analysis, the theoretical values for the coefficient and covariance

matrices will be substituted with the respective SURE estimates (Zellner (1962)).

Regarding the issue of inference on Granger-causality spectra in the frequency do-
main, we continue on the path of Farné and Montanari (2022), who assume that
under the null the bivariate stochastic process [X, Y;] is an independent process.
Rather than defining a null hypothesis of zero causality, they employed the sta-
tionary bootstrap method (Politis and Romano, 1994) to resample the estimated
causalities at each frequency and infer based on the distribution’s median. This

approach provided a more time-specific assessment of causal relationships while
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accounting for potential data dependencies.

In the frequency domain, regarding the functional hy_, x(w), we shall conduct the
study using a bootstrap procedure, following an algorithm. First, we shall simulate
N=10 independent stationary bootstrap series (X, Y,") given the observed series
(Xy,Y;) and for each simulated series (X/, Y,"), a VAR model (SURE) shall be esti-
mated on (X, Y;*), while the model selection will be based on the BIC. At Fourier
frequencies f; = 4, i = 1,...,| L], the hy«_x-(2nf;) will be computed and then
the med {EYHX*(QﬂfZ-), i=1,...,]%] } Finally, for a given significance level a,

we compute Guncond.1—a» the 100 X (1 — a)-th percentile of the bootstrap distribution

across the NV bootstrap series, to make the inference on the results’ significance.

This research employs both bivariate and multivariate Granger causality analyses
to investigate the relationship between life and non-life insurance penetration with
GDP per capita. In the multivariate framework, inflation is included as a control
variable. The analysisis based on a quarterly dataset that has been pre-processed to
ensure stationarity. Additionally, the study examines the bivariate relationship in

the frequency domain to capture potential dynamics across different time horizons.

3.7 Software and Computational Resources

All statistical analyses, including preliminary investigations not reported herein,
were conducted in R (version 4.2.0; R Core Team, 2022), with particular acknowl-
edgment of the optim function from the stats package, which served as the com-

putational workhorse. A custom-built version of this function was developed to
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accommodate models incorporating both ARMA terms and Student-z errors.> The

primary R packages employed in this thesis were as follows:

car — Functions for regression diagnostics, effect displays, and hypothesis testing

(Fox and Weisberg, 2019).

dplyr — Tools for selecting, filtering, transforming, summarizing, and grouping

data (Wickham, Frangois, 2023).

e1071 — Miscellaneous functions for statistical analysis and probability distribu-

tions (Meyer, 2023).

ggplot2 — Implementation of the grammar of graphics for creating publication-

quality plots (Wickham, 2016).

glmnet — Efficient procedures for fitting lasso and elastic-net regularized general-

ized linear models (Friedman, 2024).

grangers — Inference on Granger-causality in the frequency domain (Farne’ and

Montanari, 2019).

Imtest — Diagnostic tests for linear models, including heteroskedasticity and auto-

correlation tests (Zeileis and Hothorn, 2002).

MASS — Functions and datasets supporting modern applied statistical methods,
including robust regression, discriminant analysis, and generalized linear models

(Venables and Ripley, 2002).

nlme — Procedures for fitting linear and nonlinear mixed-effects models using

>The widely respected rugarch package, which is specialized for this type of study, permits
the use of Student-¢ errors only within a (G)ARCH framework. The same limitation applies to the
commercial EViews software.
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maximum likelihood and restricted maximum likelihood estimation (Pinheiro and

Bates, 2000).

plm — Estimation and testing of linear panel data models, including fixed and

random effects (Croissant and Millo, 2023).

quantreg — Provides functions for quantile regression modeling and related infer-

ence in R (Koenker, 2024).

readx] — Import Excel files into R without requiring external dependencies (Wick-

ham and Bryan, 2023).

rugarch — Provides tools for specifying, fitting, forecasting, and diagnosing uni-

variate ARCH/GARCH-family volatility models in R (Galanos, 2025).

sandwich — Robust covariance matrix estimators for model objects, including
heteroskedasticity and cluster robust standard errors (Zeileis, K611, and Graham,

2024).

stats — Base R statistical functions for modeling, hypothesis testing, and optimiza-

tion (R Core Team, 2022).

strucchange — Tools for testing, monitoring, and dating structural changes in

linear regression models (Zeileis, Leisch, 2002).

tidyr — Functions for reshaping, pivoting, and cleaning datasets to maintain tidy

data structures (Wickham, Vaughan, and Girlich, 2024).

tseries — Tools for time series analysis, including unit root tests and GARCH

models (Trapletti and Hornik, 2025).
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urca — Functions for unit root, cointegration, and related econometric tests (Pfaff,

2008a).

vars — Tools for vector autoregression (VAR), including Granger causality analysis

(Pfaff, 2008b).

writex] — Excel writer for exporting data frames to .xlsx format (Ooms, 2024).
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Chapter 4

Data and Results

This chapter presents the extensive primary research conducted to develop a com-
prehensive database, which forms the basis for a rigorous evaluation of the claims
put forward in the literature review. It also reports the empirical findings derived

from the data analysis.

4.1 Data

4.1.1 Studied countries

A preliminary survey encompassing 39 European countries was conducted to assess
their capacity to provide quarterly data on insurance premiums production. How-
ever, a consolidated report from Insurance Europe, the federation representing the

insurance associations across Europe, was not available.

In many countries, such data are published by the supervisory authorities respon-
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sible for overseeing the insurance market, which is typically a department within
the central bank charged with ensuring the solvency of regulated entities. These
authorities primarily focus on maintaining the financial soundness of insurance un-
dertakings in accordance with the prevailing regulatory framework, notably the
Solvency II Directive for EU member states. As aresult, the publication of market

data is often not a priority.

For example, the Bank of Greece, which is responsible for supervising the domes-
tic insurance market, does not publish detailed data beyond brief mentions in the
Governor’s Annual Reports. These reports typically present the total insurance pre-
mium production for the first nine months of each year but lack further analytical
granularity. Atthe European level, the European Insurance and Occupational Pen-
sions Authority (EIOPA) provides quarterly data on the overall volume of insurance
premiums, which suffers the limitation it is relatively short, as it begins only in the
third quarter of 2016 for most countries, or even later for some cases (see the ”’Solo
Quarterly” of European Insurance and Occupational Pensions Authority (EIOPA)
(2025)). Notably, even within this restricted framework, insurance undertakings
that belong to corporate groups are reported separately without indicating their
country of registration, further diminishing the dataset’s analytical value. The time
series for corporate groups begins in the second quarter of 2018 (see the "Group
Quarterly” of European Insurance and Occupational Pensions Authority (EIOPA)
(2025)). As aresult, the two EIOPA datasets cannot be meaningfully combined to

derive country-specific totals for insurance premiums.

Moreover, the jurisdiction of supervisory authorities, and thus their data collection
efforts, is typically confined to insurance undertakings operating within the domes-

tic market. This category includes entities structured as sociétés anonymes and
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mutual cooperatives, as well as branches of non-EU foreign insurance companies.
However, it excludes branches of foreign insurers operating under the Freedom
of Establishment and those providing services under the Freedom to Provide Ser-
vices (FOS)regime. Incorporating data from these two additional legal frameworks
would enable a more comprehensive representation of the total market. However,

such data are currently unavailable.

In response to the aforementioned limitations in data availability, this study con-
ducted asurvey of each country’s insurance associations and regulatory authorities.
This involved a systematic review of their official websites, supplemented, where
necessary, by direct email inquiries. The objective was to evaluate the availability
of quarterly data on insurance premium production. We are particularly indebted
to the Association of British Insurers (ABI), which responded positively to our in-
quiry and demonstrated genuine willingness to collaborate. Unfortunately, due to
significant differences in the classification of insurance premiums compared to the
rest of Europe, their data could not be incorporated into the research database. The
survey revealed that only 20 countries currently maintain this capability. Encourag-
ingly, certain insurance markets also publish data on a monthly basis. Although this
higher frequency was not utilized in the present study, given that macroeconomic
indicators are predominantly reported on a quarterly basis, such monthly datasets

represent a valuable resource for more detailed analyses in future research.

Unfortunately, data exploitation was not feasible for three of the twenty countries
identified, as quarterly macroeconomic data for the relevant period were unavail-
able. Consequently, countries with the longest and most consistent time series
were selected to form the research sample. Particular effort was made to include

countries from Central and Eastern Europe, former Socialist states, recognized in
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the literature as a distinct case (Born and Bujakowski, 2022; Havrylyshyn, Meng,
and Tupy, 2016; Kjosevski, 2012; Ertl, 2017; Njegomir and Stoji¢, 2011; Njegomir
and Stoji¢, 2012; BrokeSova, Pastorakova, and Ondruska, 2014; Dragos, 2014;
Petkovski and Jordan, 2014).

As the practice of monitoring insurance markets using quarterly data is relatively
recent, most countries exhibit only short time series. Consequently, several coun-
tries were excluded from the study due to an insufficient number of observations.
Despite the brevity of the available series, it is reassuring to observe that autocor-
relation and seasonality patterns remain relatively stable overall. Nonetheless, the

presence of outliers occasionally disrupts these otherwise stable processes.

This research focuses on eight European countries: the Czech Republic (hereafter
Czechia), Denmark, Greece, Italy, Latvia, Norway, Slovenia, and Spain. Notably,
the dataset for Denmark does not include life insurance operations. The selected
countries share several similarities. Except for Norway, all of them are members
of the European Union (EU), while Norway participates in the European Economic
Area (EEA) and is integrated into the Common Market. It is important to note that
Norway’s insurance (sub)class structure differs from that of the other countries
examined. Five countries, Greece, Italy, Latvia, Slovenia, and Spain, are members
of the eurozone, and the Danish krone is pegged to the euro. Additionally, Czechia
1s a candidate for eurozone accession. Czechia, Latvia, and Slovenia are also
situated in Central and Eastern Europe and share a historical trajectory marked by

emergence following political dissolution.
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4.1.2 Insurance premiums

Asoutlined in the introduction, insurance premiums are collected to cover the costs
associated with the risks specified in insurance contracts, the administrative ex-
penses of insurance companies, and to allow for profit generation. Because pre-
miums are set and collected in advance of any claims (i.e., insured loss events),
there is inherent uncertainty regarding the eventual cost of these obligations. This
uncertainty may persist for a considerable period, often exceeding one year, until
the outstanding claims for a given underwriting year can be accurately quantified,
typically following protracted negotiations or legal proceedings. Claims constitute
the most significant expense for insurance companies; for instance, in 2018, insur-
ers in Greece paid €2.1 billion in claims, accounting for 57% of the €3.7 billion in

earned premiums (Hellenic Association of Insurance Companies, 2019).

Operating costs and profit margins tend to be stable and predictable, such that their
variations do not materially threaten the financial stability of insurance enterprises.
For example, the operating costs of insurance companies in Greece were €594 mil-
lionin2016,€616 millionin 2017, and €568 millionin 2018 (Hellenic Association
of Insurance Companies, 2017; Hellenic Association of Insurance Companies, 2018;

Hellenic Association of Insurance Companies, 2019).

Undoubtedly, unforeseen events beyond the aforementioned cost categories may
occur, resulting in unexpected adverse effects. For instance, significantly poor in-
vestment performance can undermine the valuations of underlying assets, primarily
when such assets serve as collateral for insurance provisions. Additionally, insta-
bility may arise from unexpected regulatory changes that alter the business models

of insurance companies. A notable example is the European Solvency II directive
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(Hodula, 2023), which rendered “traditional” life insurance products prohibitively

expensive, thereby prompting a market shift toward investment-linked products.

This research acknowledges the significant disruptions faced by the private insur-
ance sector; however, a detailed examination of these factors lies beyond the scope
of the present study. Nevertheless, we underscore these topics as promising av-
enues for future research, offering valuable opportunities for scholars to advance

the field of insurance economics.

Therefore, within the scope of this research, insurance premiums are considered
reasonable proxies for the costs and risks borne by insurance companies in each
country. It is assumed that the private insurance markets in all studied countries
have attained a state of equilibrium, implying that any observed variations in insur-

ance premiums are attributable exclusively to macroeconomic factors.

Direct written premiums, excluding reinsurance, serve as the primary quantitative
metric utilized in this research. The data sources for these measures are detailed
in Appendix C. It should be noted that the data series vary in length both across
countries and within countries themselves, as observations for life and non-life

insurance premiums often commence at different points in time.

Asoutlined in the introduction, comparisons between jurisdictions of varying sizes
can be facilitated by employing two key ratios: the ratio of insurance premiums
to GDP, referred to as insurance penetration, and the ratio of insurance premiums
to population, known as insurance density. Insurance penetration measures the
extent of insurance utilization within a country’s economy, while insurance density
indicates the average insurance premiums paid per capita. Although the latter

is less commonly applied, we note that Zheng, Liu, and Deng (2009) proposed
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augmenting these indicators by incorporating the ratio of insurance density to

GDP per capita to capture additional relevant information.

4.1.3 Explanatory variables

The variables presented below represent the determining factors influencing private
insurance, as introduced in the literature review. Ideally, these variables should be
allowed to vary freely, without imposed constraints, in order to capture the under-

lying market conditions most accurately.

a) Income is represented by GDP per capita. GDP is measured at chained volume
prices, excluding the effects of inflation, providing a measure of economic output.
Additionally, data on GDP at market prices were collected to calculate the insurance

penetration ratio.

b) Inflation: For the countries thatitis available, inflation is measured through the
Harmonized Index of Consumer Prices (HICP), which tracks changes in the prices
of products and services over time. The HICP offers an advantage over a country’s
CPI by enabling uniform comparisons across countries due to its consistent defini-
tion throughout the EU. Moreover, the HICP is employed by EU institutions and
the ECB to monitor policy developments and guide decision-making. For instance,
the ECB assesses whether its price stability objective is met by observing HICP
values, which are expected to be low, stable, and predictable. Pursuantto a Govern-
ing Council decision, the medium-term target for the HICP is set at 2%, reflecting
the objective established initially in 1998 and reaffirmed with minimal modifica-
tionin 2003 and 2021 (European Central Bank, 2021; Hoflmayr, 2021). According

to unreported analyses, anticipated inflation data are fully correlated with actual
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inflation figures; consequently, the former variable was excluded from this study.

c) Unemployment: This variable refers to the share of the labor force aged 20—
64 actively seeking employment, using non-seasonally adjusted data. It provides
insight into the health of the labor market and its potential impact on economic

behavior.

d) Banking sector: The importance of financial intermediation is proxied through
the ratio of total credit to the private non-financial sector to GDP. The former is
analytically described in Dembiermont, Drehmann, and Muksakunratana (2013),
while the creditreceivers include non-financial corporations, households, and non-
profitinstitutions serving households. Lenders include non-financial corporations,
banks, central banks, general government, households, non-profitinstitutions serv-
ing households, internationally active banks, and other sectors. Creditinstruments
include loans, bonds, and short-term paper, while the following are excluded: equi-
ties and investment fund shares, insurance reserves, and trade credit. The valuation
of credit instruments is at market prices. Data are sourced from the Bank for Inter-

national Settlements (BIS) and the ECB.

e) Interest rate: This variable represents the interest rate on newly issued govern-
ment bonds with a maturity of 10 years and government-guaranteed debt maturing
in 10 years. It is calculated as a 3-month average of daily market prices, which

differs from the interest rate at the time of issuance.

f) External trade: Data concerning the external trade of goods and services were
selected, valued at current prices, and presented without seasonal adjustment. For
comparability across countries, the ratio of foreign trade to GDP at current prices

1s used.
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g) Population: This variable represents the total number of individuals residing in
a country, serving as a proxy for market size and demographic dynamics. Further
disaggregation was not undertaken, as the existing literature offers limited prece-
dent, Chen, Wong, and Lee (2001), who focused on the U.S. market, being anotable
exception, and because contemporary pricing practices have moved beyond gender-

based differentiation (Aseervatham, Lex, and Spindler, 2016).

Furthermore, this research utilizes the following Business Trend Surveys (BTS)

indicators:

h) Business Confidence Index (BCI): The BClI is a standardized economic indica-
tor designed to gauge expectations about future business activity. It is based on
opinion surveys conducted within the manufacturing sector, focusing on key vari-
ables such as production trends, order volumes, and finished goods inventories.
The index has a long-term average of 100, which serves as a benchmark for inter-
preting sentiment: values above 100 indicate greater-than-average confidence in
future business conditions, while values below 100 reflect increased pessimism. It
is employed as a leading indicator for forecasting economic output, demonstrating
varying levels of predictive accuracy (Santero and Westerlund, 1996; Suhanyiova,
Suhanyi, and KociSova, 2024). Consequently, it functions as a proxy for public

sentiment concerning the overall state of the economy.

1) Consumer Confidence Index (CCI): The CCI is a key economic indicator that
reflects future household consumption and saving behaviors. It is based on survey
responses regarding individuals’ expectations about their financial situation, per-
ceptions of the overall economy, unemployment rates, and their ability to save. A

value above 100 indicates higher consumer confidence, suggesting that consumers
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are more likely to make significant purchases and less inclined to save, reflect-
ing a generally positive outlook. Conversely, a value below 100 indicates a more
pessimistic view, leading to higher saving tendencies and reduced spending in an-
ticipation of potential economic challenges. Considerable evidence, e.g., Dées and
Brinca (2011), suggests that the index serves its cause by providing a gauge for
households’ consumption. Still, revisions to the methodology of calculating the
CCI have been proposed, which may prove beneficial, e.g., Gausden and Hasan

(2020).

j) World Uncertainty Index (WUI): Some studies have explored the connection
between uncertainty and private insurance (Gupta, 2019; Balcilar, 2020; Canh,
Wongchoti, and Thanh, 2021), highlighting its significance. This research utilizes
the WUI, a metric designed to quantify uncertainty by analyzing reports from each
country’s Economist Intelligence Unit (EIU). The Index tracks the frequency of
references to uncertainty and related terms. According to Ahir, Bloom, and Furceri
(2022), rising uncertainty primarily affects developing countries, reducing GDP
and increasing stock market volatility. This suggests that growing uncertainty may
have a profound impact on economic stability and, by extension, the life insurance

market.

k) World Pandemic Uncertainty Index (WPUI): The COVID-19 pandemic brought
about widespread social distancing and quarantine measures, significantly disrupt-
ing social and economic activities (Hale, 2023) and degrading economic sentiment
(Zervoyianni, Dimelis, and Livada, 2023). We expect that private insurance was
impacted, as its product distribution heavily relied on face-to-face interactions be-
tween insurance intermediaries and potential customers. Additionally, providing ad-

ministrative services became more difficult due to restrictions on physical presence
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in offices. However, the growing use of insurance aggregator websites, teleconfer-
ences, and digital services have reduced the dependency on in-person interactions,

facilitating remote work and virtual transactions.

In response to the economic impact of the pandemic, EU member states imple-
mented fiscal and monetary measures aimed at stabilizing economies and support-
ing recovery. Governments introduced discretionary fiscal stimulus packages to
mitigate the immediate economic disruptions and protect households, businesses,
and employment. Recognizing the extraordinary nature of the crisis, the EU ac-
tivated the general escape clause within its fiscal framework, allowing member
states temporary flexibility to deviate from standard fiscal rules and accommodate
emergency spending needs. At the EU level, several coordinated initiatives were
launched to complement national efforts. These included the reallocation of fund-
ing under the EU’s cohesion policy to support crisis-related expenditures and the
creation of the SURE program, a temporary loan-based instrument designed to as-
sist member states in financing short-time work schemes and preventing mass un-
employment. Additionally, a major recovery plan, known as Next Generation EU
(NGEU), was established, with a total envelope of €750 billion. The central compo-
nent of this plan was the Recovery and Resilience Facility (RRF), which provided
grants and loans to support reforms and investments that foster economic resilience
and promote the green and digital transitions across the EU (Anastasatou and Any-

fantaki, 2023; Angelini, 2025).

Monetary policy also played a critical role. The European Central Bank (ECB)
took decisive action to ensure liquidity in the financial system, preserve favorable
financing conditions, and support credit flows. Among its key measures was the

launch ofthe Pandemic Emergency Purchase Programme (PEPP), an asset purchase
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programtargeting both private and public sector securities. The ECB also expanded
the range of eligible collateral in its refinancing operations and adjusted its policy
tools to reduce borrowing costs for households, firms, and governments (Grynberg

and Habib, 2021).

Inlight of the above, this research proposes expanding the study on the relationship
between uncertainty and insurance by introducing the WPUI. This measures the
frequency ofreferences to “uncertainty” and its derivatives in proximity to the term
“pandemic” in EIU reports, with each mention weighted by 1,000. This specialized
factoris designed to capture the unique uncertainties and accompanying incentives

introduced by the pandemic, as well as their effects on the insurance industry.

The data for the explanatory variables were obtained from Eurostat, the ECB, the
Federal Reserve Bank of St. Louis, the OECD, Finance Norway, and the World
Uncertainty Index website, as detailed in Appendix C. Summary statistics of these
variables are presented in Appendix A. The data underwent processing to achieve
stationarity, and visualizations of the transformed data are provided in Appendix

D.

4.2 Results

This section presents and thoroughly analyzes the results derived from the applied
data processing methods. The findings are discussed in detail, with emphasis on

their implications and significance within the context of the research.
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4.2.1 Ordinary Least Squares — Complete models

This statistical technique inserts all available explanatory variables into the model.
For more details, please refer to the relevant paragraph of the Methodology chapter.

Detailed results appear in Appendix E and G.

4.2.1.1 Life insurance

Czechia The results indicate that several macroeconomic and sentiment-related

variables are significantly associated with insurance demand.

Among the structural (“hard”) factors, population exhibits a strong negative asso-
ciation with life insurance penetration, suggesting that demographic dynamics may
contribute to diluting penetration. GDP per capita is also negatively associated,
possibly reflecting a saturation effect or substitutability with other financial instru-
ments in higher-income contexts. Unemployment is positively and significantly
associated, a somewhat counterintuitive finding that may be linked to precaution-
ary motives. The long-term interestrate also shows a positive and significant effect,

possiblyindicating arelationship between investment returns and insurance uptake.

Regarding sentiment factors, uncertainty exerts a significant negative influence on
insurance penetration, consistent with the notion that increased unpredictability
discourages long-term financial planning. However, business and consumer con-
fidence indicators, as well as pandemic-related uncertainty, do not exhibit statisti-

cally significant associations.

Finally, the autoregressive terms capture persistence and temporal dynamics in in-
surance behavior. The first lag of insurance penetration is strongly negative and

statistically significant, suggesting short-term mean reversion, while the third and
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fourth lags are statistically insignificant, with the fourth lag approaching signifi-

cance.

Greece Among the core economic variables, the long-term interest rate is posi-
tively and significantly associated with life insurance penetration, suggesting that
higherreturns on long-term instruments may encourage life insurance uptake. Other
macroeconomic factors, including population size, GDP per capita, inflation, and
unemployment, exhibit statistically insignificant effects, though their signs align

with conventional expectations in some cases.

Regarding sentiment indicators, coefficients on business and consumer confidence,
uncertainty, and pandemic-related uncertainty are all statistically insignificant. This
suggests that, within Greece’s context, these qualitative measures have limited ex-
planatory power over variations in life insurance penetration when controlling for

other factors.

All three autoregressive coefficients, from lag 1 to 3, are highly statistically sig-
nificant and exhibit large negative values. This strong pattern of significance and
consistent sign indicates substantial inertia in the series, with past values exerting a
considerable influence on current levels of life insurance penetration. The negative
signs suggesta cyclical adjustment process, where unusually high (or low) penetra-
tion rates in one period are followed by corrections in subsequent periods. This is
consistent with the idea that the life insurance market adjusts gradually over time,
possibly due to contractual rigidities, consumer inertia, or delayed policy responses

to macroeconomic conditions.

Overall, the model emphasizes the importance of autoregressive dynamics and

highlights the long-term interest rate as a key economic driver of life insurance
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penetration in Greece, while other variables play a more limited or indirect role.

Italy Among the structural macroeconomic factors, population exhibits a marginally
significant negative effect, suggesting that demographic size may exert downward
pressure on life insurance uptake. Similarly, GDP percapitais positively associated
with life insurance demand, though the coefficient is not statistically significant at
conventional levels. The effect of unemployment is also negative and statistically
significant, indicating that a stronger labor market increases the capacity or willing-

ness to engage in long-term financial planning.

Other structural factors, including inflation, banking sector size, and long-term
interest rates, do not exhibit statistically meaningful relationships in the Italian

context.

Turning to sentiment-related variables, business confidence emerges as a signifi-
cant and positive predictor of life insurance penetration, underscoring the role of
macroeconomic expectations in shaping consumer behavior. In contrast, consumer
confidence, uncertainty, and pandemic-related uncertainty do not appear to influ-

ence insurance demand significantly.

The dynamic structure of the model includes three autoregressive terms and two
moving average components. All three AR terms are highly significant, with alter-
nating signs that point to a complex autoregressive pattern. The second-order AR
term is particularly large in magnitude and highly significant, suggesting a strong
correction mechanism in the series. Among the MA terms, only the second lag is
significant, indicating that some moving average effects contribute to short-term

adjustments.
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Overall, the model suggests that life insurance demand in Italy is shaped by busi-
ness sentiment and persistent temporal dynamics, while traditional structural and

uncertainty-related variables play a more limited role.

Latvia Among the structural (“hard”) factors, banking sector size is the only vari-
able with a statistically significant coefficient, showing a negative relationship with
life insurance penetration. This may indicate a crowding-out effect where greater
access to banking services reduces household reliance on insurance instruments.
Additionally, long-term interest rates are statistically significant and negatively
signed, suggesting a possible disincentive effect on long-term insurance savings.
Other economic fundamentals, such as GDP per capita, population, inflation, and

unemployment, do not exhibit significant associations.

Inthe sentiment block, business confidence has a substantial and statistically signif-
icant adverse effect on life insurance penetration. This result suggests that during
periods of economic optimism, households may perceive a reduced need for finan-
cial protection through life insurance products. Conversely, consumer confidence,
uncertainty, and pandemic-related uncertainty do not significantly influence insur-

ance behavior in this setting.

The temporal structure of the model is notably complex. Four of the five autore-
gressive terms are statistically significant, indicating strong serial dependence and
cyclical adjustment in insurance demand over time. The fourth-order moving av-
erage term is also significant, reinforcing the presence of short-term correction
patterns. These dynamics highlight the importance of modeling persistence and

memory in insurance behavior.

Finally, the errors are modeled after a Student-t distribution with about 7 degrees
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of freedom, accommodating heavier tails than the Gaussian alternative.

In summary, Latvia’s model emphasizes the dominance of autoregressive and busi-
ness sentiment effects, while structural macroeconomic variables play a compara-

tively minor role in explaining variation in life insurance penetration.

Norway Among the “hard” economic factors, GDP per capita shows a positive as-
sociation with insurance penetration and is statistically significant. Unemployment
and the size of the banking sector also have positive and statistically significant
effects. In contrast, the long-term interest rate exerts a negative and statistically
significant influence, suggesting that higher borrowing costs reduce demand for

life insurance products.

Turning to sentiment-related variables, consumer confidence, uncertainty, and pandemic-
related uncertainty do not exhibit statistically significant effects on life insurance
penetration. This indicates that, in Norway, short-term shifts in consumer sentiment

and perceptions of uncertainty may not substantially alter the underlying demand

for life insurance.

Regarding the ARMA terms, the first lag of life insurance penetration is positive
and statistically significant, while the fourth lag demonstrates a strong and statis-
tically significant positive effect, highlighting substantial persistence in life insur-
ance demand. The moving average term at lag 4 is negative but not statistically
significant, implying limited relevance in capturing short-term error dynamics in

this specification.

Slovenia The full specification model estimation for Slovenia includes two autore-

gressive terms to capture temporal dependence in life insurance penetration. Among
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the AR components, the second lag is substantial, negative, and highly significant,

suggesting a strong correction mechanism over time.

Turning to macroeconomic indicators, population has a negative and statistically
significant effect. GDP per capita also enters with a significant negative coeffi-
cient, which may reflect saturation effects or suggest that increases in income are
not directly translated into greater life insurance demand in the Slovenian context.
Unemployment displays a negative coefficient that is marginally significant at the
10% level, again highlighting the potential sensitivity of insurance demand to labor

market conditions.

Among the remaining economic fundamentals, long-term interest rates have a pos-
itive and significant coefficient, implying that life insurance demand may increase
when interest rates are higher, possibly due to more attractive returns embedded in
insurance contracts. Other hard factors, such as inflation and banking sector size,

do not attain statistical significance.

Regarding sentiment variables, none of the estimated coefficients for business con-
fidence, consumer confidence, uncertainty, or pandemic effects reach significance.
This suggests that in Slovenia, such perceptions and shocks do not systematically
influence the dynamics of life insurance penetration, at least not through the chan-

nels captured by this model.

In summary, Slovenia’s model identifies a modest role for macroeconomic funda-
mentals, especially income, population, and interest rates, while the time series
component captures meaningful autocorrelation, driven in large part by the second

lag of the dependent variable.
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Spain Among the structural determinants, none of the traditional macroeconomic
variables, such as population size, GDP per capita, inflation, unemployment, and
long-term interestrates, display statistically significant coefficients at conventional
levels, except for unemployment. Notably, the BCI is negatively associated with
life insurance penetration and statistically significant, suggesting a countercyclical

pattern.

Regarding the dynamic structure, the third and eighth lags of life insurance pen-
etration are retained, with the eighth lag exhibiting a large and highly significant
positive coefficient, indicating strong path dependence in the series. The first mov-
ing average termis also significant, reinforcing the role of short-term autocorrelated
shocks. Other sentiment or uncertainty-related variables do not yield significant
results. Overall, the model highlights the importance of lagged dynamics and se-
lect sentiment indicators over traditional economic fundamentals in explaining life

insurance penetration in Spain.

4.2.1.2 Non-life insurance

Czechia Among the structural factors, GDP per capita shows a significant adverse
effect. Other structural indicators, such as population, inflation, unemployment,
banking sector development, and external trade, do not exert a statistically signifi-

cant influence on non-life insurance penetration.

Regarding sentiment indicators, consumer confidence emerges as a significant de-
terminant, with a negative coefficient indicating that a higher tendency to save
increases the proportion of non-life insurance to GDP. The uncertainty index also
exerts a significantnegative impact, indicating that heightened uncertainty reduces

the engagement with non-life insurance. Pandemic-related uncertainty, while pos-
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itive, remains statistically insignificant.

The model reveals strong autoregressive behavior, with all four lag terms being sta-
tistically significant at the 1% level. Notably, the first three lags exhibit significant
negative coefficients, suggesting a high degree of persistence and potential inertia

in insurance purchasing behavior.

Overall, the findings suggest a model where past values of non-life insurance pene-
tration significantly influence short-term dynamics, while certain sentiment-driven
variables, especially consumer confidence and uncertainty, play a more pronounced

role than traditional macroeconomic fundamentals.

Denmark Among the structural factors, GDP per capita shows a large and sta-
tistically significant negative effect. The banking sector variable is positively as-
sociated with insurance penetration, suggesting that financial sector development
facilitates insurance uptake. In contrast, external trade has a significant negative
effect, suggesting that increased trade openness may be associated with structural
shifts that reduce domestic insurance demand. Inflation and unemployment do not

have a substantial impact.

Turning to sentiment indicators, consumer confidence has a significant adverse ef-
fect, consistent with the notion that an increased tendency to spend reduces the
perceived need for insurance. The uncertainty index is significant, with a negative
sign, suggesting a potential dampening effect of macroeconomic uncertainty on non-
life insurance demand. Business confidence and pandemic-specific uncertainty do

not exhibit considerable influence.

The autoregressive structure is complex, with multiple lags being significant. The
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first lag of insurance penetration is strongly positive, indicating momentum in
insurance uptake. However, subsequent lags alternate in sign and significance,
reflecting cyclical adjustments and inertia in insurance behavior. Notably, the
sixth lagis significantly negative, while the seventh is strongly positive, indicating

oscillatory dynamics.

Overall, the model highlights the joint influence of income levels, financial de-
velopment, consumer sentiment, and past insurance behavior in shaping non-life
insurance penetration. The findings emphasize the need to account for both struc-
tural and psychological dimensions, as well as persistence and cyclicality, when

analyzing insurance demand.

Greece Among the macroeconomic fundamentals, population exhibits a strong and
statistically significant negative relationship with non-life insurance penetration.
External trade is also negatively associated and statistically significant at the 5%
level, indicating that increased openness may reduce the tendency to insure with a
domestic insurer. Other macro variables, such as GDP per capita, inflation, unem-
ployment, and the banking sector, do not attain statistical significance, suggesting

limited direct impact on insurance demand in this specification.

Regarding sentiment indicators, neither business nor consumer confidence emerges
as asignificant predictor; however, consumer confidence and uncertainty approach
marginally statistically significant levels, hinting at a potential role in influencing
insurance behavior during uncertain periods. Pandemic-related uncertainty is not

statistically significant.

The autoregressive structure of the model is pronounced, with all three lags of non-

life insurance penetration being negative and highly significant. The magnitude
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of these coefficients confirms the presence of strong temporal dependence and
persistence in insurance behavior, implying that past values continue to exert a

substantial influence on current outcomes.

Italy Among the "hard” factors, population has a positive and statistically signifi-
cant effect on non-life insurance penetration, while GDP per capita exhibits a strong
and highly significant negative relationship. Unemployment, banking sector devel-
opment, and external trade all display positive and statistically significant coeffi-
cients, indicating that worsening labor market conditions, financial intermediation,
and openness to trade support greater non-life insurance penetration. Inflation, by

contrast, has no significant effect in this specification.

Among the sentiment-related factors, pandemic uncertainty is the only statistically
significant variable, exerting a negative influence on non-life insurance activity.
Other indicators, such as business confidence, consumer confidence, and uncer-
tainty, are not statistically significant, suggesting that sentiment effects, while po-

tentially important during crises, play a limited role in this setting.

The dynamic terms reveal extremely strong autoregressive persistence, with all
three lags of non-life insurance penetration being negative and highly significant.
Their coefficients are near unity in magnitude, indicating pronounced dependence
on past values. The moving average component at lag 1 is also negative and signif-

icant, suggesting that short-term innovations also influence current values.

Latvia Among the macroeconomic fundamentals, GDP per capita emerges as a key
driver, with a significant and negative coefficient. In contrast, inflation, unemploy-

ment, and external trade are statistically insignificant.

122



Among the sentiment variables, business confidence plays a prominent role. Its
coefficient is positive and highly significant, suggesting that improvements in
business sentiment are closely linked to higher levels of non-life insurance activity.
Other sentiment indicators, as consumer confidence, uncertainty, and pandemic-

related uncertainty, are statistically insignificant in this model.

The dynamic structure reveals arich autoregressive component, with multiple lags
of non-life insurance penetration included. The first five lags show a clear pattern
of persistence, with lags 1 through 4 being statistically significant and negative,
consistent with a gradual decay in the influence of past values. Lag 5 approaches
marginal significance, while lags 6 and 8 show mixed results: lag 6 is not signifi-

cant, but lag 8 is significant, hinting at potential cyclical or delayed effects.

Norway Several macroeconomic variables exhibit strong and statistically signif-
icant relationships with non-life insurance penetration. Population is positively
associated with penetration, suggesting that larger markets support greater insur-
ance activity. GDP percapitadisplaysanegative and highly significant coefficient,
indicating that higher income levels are associated with diluted non-life insurance
penetration. Unemployment has a positive and significant impact, implying that
insurance contracts may be retained even during adverse labor market conditions.
The banking sector variable is also positive and significant, underlining the comple-
mentarity between financial sector development and insurance demand. External
trade shows a positive and statistically significant coefficient, suggesting a link
between trade openness and non-life insurance activity, albeit weaker than other

macroeconomic drivers. Inflation does not exhibit a statistically significant effect.

Among the sentiment variables, consumer confidence is positive and statistically
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significant, indicating that a higher tendency to spend supports greater non-life in-
surance penetration. Business confidence, uncertainty, and pandemic uncertainty
are not statistically significant, suggesting that short-term shifts in these indicators

do not have a measurable impact within the examined sample period.

The dynamic component of the model reveals a strong persistence effect. The first
lag of non-life insurance penetration is positive and highly significant, indicating
substantial path dependency in insurance demand. The second lag is positive but
statistically insignificant, suggesting that past values beyond one period do not mate-
rially contribute to explaining current penetration once other factors are accounted

for.

Slovenia Among the macroeconomic factors, population has a positive and sta-
tistically significant effect, indicating that higher population levels are associated
with increased non-life insurance penetration. In contrast, GDP per capita is neg-
atively and significantly related to insurance demand. Inflation is also negatively
associated and highly significant, implying that price instability may reduce the
attractiveness or affordability of non-life insurance. External trade displays anega-
tive and statistically significant effect, which may reflect the exposure of Slovenia’s

economy to competition.

The remaining macroeconomic variables, unemployment and banking sector de-
velopment, do not attain statistical significance. Similarly, none of the sentiment
indicators (business confidence, consumer confidence, uncertainty, and pandemic-
related uncertainty) appear to have a meaningful influence on non-life insurance

penetration in this specification.

The dynamic structure of the model is particularly prominent. All three autoregres-
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sive lags of non-life insurance penetration are negative and highly significant, in-
dicating extremely strong persistence and mean-reverting tendencies in the series.
Moreover, the moving average term at lag 1 is also highly significant, capturing

residual autocorrelation effects not explained by the autoregressive terms alone.

Spain Among the macroeconomic variables, population is positively associated
with insurance penetration and statistically significant, indicating that larger popu-
lation levels contribute to greater overall insurance activity. Conversely, GDP per
capitahasastrongand highly significant negative effect. Inflation, unemployment,
and external trade are statistically insignificant, while the banking sector variable is
significant, with anegative coefficient, potentially reflecting structural distortions.
In the domain of sentiment indicators, business confidence shows a significant and
positive association with insurance penetration, suggesting that improvements in the
economic outlook are conducive to insurance activity. In contrast, consumer confi-
dence hasanegative and highly significant effect, which indicates that the tendency
to save rather than to spend favors this industry. Pandemic-related uncertainty is

not statistically significant.

The dynamic component of the model is particularly pronounced. Lags 1 through 3
of insurance penetration are all negative and highly significant, capturing persistent
autoregressive effects. Notably, the fourth lagis positive and significant, implying
potential cyclical or delayed correction mechanisms. Additionally, the movingaver-
age term at lag 3 is also positive and highly significant, suggesting that past shocks

continue to influence current values through residual memory.
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4.2.2 Ordinary Least Squares — Variable selection models
4.2.2.1 Life insurance

Appendix F presents the best model for life insurance penetration in each country,
as identified through the variable selection process. The relevant test statistics are

found in Appendix G.

Czechia The determinants of life insurance penetration exhibit a clear structure
with significant macroeconomic and lagged autoregressive effects. The model in-
cludes statistically significant coefficients for GDP per capita, population, unem-
ployment, the banking sector, long-term interest rates, and uncertainty. Notably,
the negative coefficient of GDP per capita suggests thatinthe Czech context, higher
income per capita is not associated with greater insurance penetration. Similarly,
the negative impact of the banking sector and uncertainty on insurance penetra-
tion suggests a substitutional relationship between financial intermediation and life
insurance, where heightened perceived risk leads to a reduction in long-term finan-
cial commitments. Conversely, unemployment and interest rates show a positive
association, reflecting precautionary demand and more attractive guaranteed returns

during periods characterized by distress.

Autoregressive effects also play a substantial role in Czechia’s insurance dynamics.
The first lag of life insurance penetration is negative and highly significant, indi-
cating a strong mean-reverting behavior or correction mechanism. Meanwhile, the

fourth lagis positively associated, highlighting the existence of cyclical persistence

in the data.

Greece The variable selection model identifies three statistically relevant explana-

tory variables for life insurance penetration: the unemploymentrate, the long-term
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interestrate, and the consumer confidence index. Among these, the unemployment
rate is positively associated with penetration, although the effect does not reach
conventional levels of statistical significance. The long-term interest rate shows
a positive and statistically significant effect, suggesting that higher returns may
be linked to increased demand for life insurance, potentially due to the attractive-
ness of guaranteed-return products. The consumer confidence index also enters the
model with a positive and significant coefficient, indicating that sentiment plays a

measurable role in shaping insurance demand.

In addition to these explanatory variables, the model includes three autoregressive
terms, at lags one to three, all of which are negative and highly statistically signifi-
cant. Theirinclusionreflects the presence of substantial persistence and short-term
reversal dynamics in the data. These autoregressive terms dominate the model in
magnitude, underscoring the importance of accounting for temporal dependence

when modeling life insurance penetration in Greece’s context.

Italy The model for life insurance penetration is notably rich, incorporating a
wide range of macroeconomic and dynamic components. Among the structural
drivers, GDP per capita is positively associated with insurance uptake, suggesting
that higher income levels lead to greater demand for long-term financial products.
Unemployment, by contrast, exhibits anegative association, indicating that macroe-
conomic labor market distress tends to suppress insurance penetration. The Busi-
ness Confidence Index emerges as a positive contributor, implying that improved
expectations regarding economic prospects supportengagement with life insurance

products, possibly by enhancing perceptions of financial security and future stabil-

ity.
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Dynamic effects are particularly pronounced in Italy’s model, with a layered au-
toregressive structure. The first lag of insurance penetration is strongly positive.
In contrast, the second lagis negative and the third lag is again positive, reflecting a
pattern of cyclical adjustment and inertia. This configuration highlights a complex
interplay between short- and medium-term memory in insurance behavior. Further-
more, moving average terms are also present, with anegative firstlag and a strongly
positive second lag, indicating the presence of residual correction mechanisms and

delayed responses to past shocks.

Latvia The model for life insurance penetration is relatively concise, yet it reveals
distinct relationships with macroeconomic and behavioral variables. Among the
structural determinants, the banking sector and business confidence variables show
anegative association with insurance penetration, suggesting that deeper financial
intermediation may substitute for the role of life insurance in household financial
planning. Similarly, long-term interest rates exert an adverse effect, implying that
higher rates may deter long-term commitments such as life insurance, potentially
dueto increased opportunity costs or reduced affordability. Inflation appears inthe
model as a positive factor, though modest in effect, possibly reflecting insurance’s
appeal as a hedge against the erosion of real wealth during inflationary periods.

Finally, during the pandemic period, the insurance penetration receded slightly.

A rich autoregressive component characterizes the dynamic structure. The first
three lags of life insurance penetration are all negative, indicating a prolonged cor-
rective process and potential overreaction to past levels. In contrast, the fourth and
fifth lags turn positive, highlighting a cyclical element in the adjustment dynamics.
This back-and-forth pattern suggests oscillatory behavior, where deviations are fol-

lowed by delayed corrections thatreflect both inertia and behavioral reinforcement.
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The model also includes a fourth-order moving average term with a negative sign,
indicating that past shocks continue to influence current values through a smooth-
ing mechanism. Overall, the model portrays insurance penetration as shaped by
substitution effects within the financial system, characterized by complex, memory-

driven decision-making.

Norway Among the “hard” economic factors, unemployment and the size of the
banking sector have positive and statistically significant effects, indicating that
weak labour market conditions and financial sector development support life in-
surance demand. The long-term interest rate shows a negative and statistically
significant relationship, suggesting that higher borrowing costs reduce the attrac-
tiveness of life insurance products. GDP per capita is positive but not statistically

significant in this specification.

Turning to sentiment-related variables, consumer confidence, uncertainty, and pandemic-
related uncertainty do not display statistically significant effects. This suggests that
shifts in sentiment and perceived uncertainty do not have a measurable short-term
impact on life insurance penetration when controlling for macroeconomic funda-

mentals.

Regarding the dynamic terms, the fourth lag of life insurance penetration is posi-
tive and statistically significant, indicating strong persistence in demand over this
horizon. The moving average term at lag 4 is negative but not statistically signifi-
cant, implying limited relevance in capturing short-term error dynamics within this

model specification.

Slovenia Among the structural variables, GDP per capita exhibits a negative as-

sociation with life insurance penetration, suggesting that higher income levels do
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notnecessarily translate into increased participation in life insurance markets. This
counterintuitive finding may reflect shifting financial preferences at higher income
levels, where alternative investment opportunities become more appealing. Popula-
tion enters the model with a pronounced adverse effect, underscoring the sector’s
limited capacity to scale with demographic size. Unemployment is also negatively
associated, aligning with the view that labor market insecurity diminishes individ-
uals’ ability or willingness to commit to long-term financial products. In contrast,
long-term interest rates exhibit a positive relationship, suggesting that higher re-
turns increase the attractiveness of insurance-linked savings instruments. Lastly,
the Business Confidence Index is positively correlated with life insurance penetra-
tion, indicating that favorable economic sentiment fosters demand for such prod-

ucts.

The dynamic component of Slovenia’s model is dominated by a single autoregres-
sive term, with the second lag of insurance penetration exhibiting a statistically
significant positive effect. This suggests inertia and persistence in behavior, where
pastlevels of insurance uptake significantly influence current levels of insurance up-
take. The model excludes moving average components, suggesting that short-term

deviations or past shocks do not substantially impact the current dynamics.

Spain The model for Spain retains two key macroeconomic variables: the unem-
ployment rate and the business confidence index. The unemployment rate enters
with anegative and statistically significant coefficient, consistent with the expected
inverse relationship between employment conditions and capacity to purchase life
insurance. The business confidence index, also negative and significant, suggests
that pessimistic outlooks from firms may influence consumer financial behavior,

possibly through broader perceptions of economic uncertainty or expected income
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trajectories.

On the time series side, the model includes a combination of autoregressive and
moving average components. Four autoregressive terms are retained, at lags 1,
2, 3, and 8, all of which are negative and statistically significant. Their inclusion
points to strong mean-reverting behavior and delayed feedback effects in insurance
purchasing patterns. Additionally, the model identifies two significant moving
average terms at lags 1 and 8. Together, the ARMA structure suggests a high
degree of temporal complexity in Spain’s life insurance market, reinforcing the

need for dynamic specifications to achieve accurate modeling.

Aggregate report An aggregate report on the signs of the statistically significant
variables is available in Appendix H, which summarizes the frequency with which
each explanatory variable was found to be statistically significant in the variable se-
lection models for life insurance across the seven countries examined. The counts
distinguish between positive and negative estimated effects and reflect significance

at the 10% level.

Among the demographic and macroeconomic variables, unemployment appears
most frequently as a significant determinant, with five significant instances in total,
three of which indicate a negative association and two a positive one. This mixed
pattern suggests that the relationship between unemployment and life insurance de-
mand may vary across countries, potentially reflecting differences in labor market
conditions and social protection systems. GDP per capita also shows a notable
presence, appearing three times with two negative and one positive sign, while
population is significant twice and exclusively with a negative sign. The banking

sector variable is significant in three instances, predominantly with anegative sign,
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suggesting that financial sector development may act as a substitute for certain

insurance-related savings mechanisms in some national contexts.

Long-term interestrates exhibit the highest frequency of positive associations among
the macroeconomic variables, appearing five times in total, with three positive and
two negative signs. This distribution may reflect the dual role of interest rates in
influencing both the attractiveness of savings-type insurance products and broader

financial market conditions.

Turning to sentiment indicators, Business Confidence is significant four times and
isevenly splitbetween positive and negative signs, indicating heterogeneous effects
across countries. Consumer Confidence appears only once and with a positive sign,
suggesting a limited but potentially supportive role for household sentiment in life
insurance demand. Uncertainty, proxied by the World Uncertainty Index, is signif-
icant in only one instance and with a negative sign, while Pandemic Uncertainty

does not appear as a significant factor in any of the examined cases.

Overall, the results suggest that labor market conditions and interest rates emerge
as the most recurrent determinants of life insurance demand within the examined
models, while sentiment-based indicators display amore limited and heterogeneous
influence. The variation in signs across countries further underscores the impor-
tance of country-specific economic and institutional contexts when interpreting

the determinants of life insurance consumption.

4.2.2.2 Non-life insurance

Czechia The specification retains a subset of macroeconomic, sentiment, and au-

toregressive variables based on statistical relevance, aiming to strike a balance
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between model fit and parsimony.

Among the macroeconomic fundamentals, GDP per capita is the only significant
predictor, indicating that rising income levels are associated with lower levels of
non-life insurance penetration. Population and banking sector development are
included in the model but do not reach statistical significance, and external trade

shows no explanatory power.

The model includes two sentiment variables. Consumer confidence exhibits a
negative but insignificant effect, while uncertainty is negatively associated with
insurance penetration and is statistically significant. This suggests thatheightened
uncertainty may reduce demand for non-life insurance, potentially due to income

or liquidity concerns during volatile periods.

The autoregressive structure of the model is particularly strong. Lags 1 through 3
of non-life insurance penetration are negative, highly significant, and have nearly
identical coefficients (approximately —1.48), indicating strong persistence. Lag
4 also contributes significantly, though with a smaller magnitude, suggesting a

decaying but still relevant memory effect in the dynamic path of insurance demand.

Denmark Among the economic fundamentals, GDP per capita is strongly and
negatively associated with insurance penetration. The banking sector variable
enters positively and significantly, suggesting that financial development supports
greater insurance activity. Conversely, external trade is negatively related to non-

life insurance demand, and this relationship is statistically significant.

With regard to sentiment indicators, consumer confidence is negatively associated

with insurance penetration and statistically significant, suggesting that the tendency
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to save, rather than to spend, favors the non-life insurance industry. Uncertainty is
significant and negatively signed, indicating that periods of heightened uncertainty
may dampen demand for non-life insurance. Business confidence, however, is not

statistically significant in this specification.

The model’s dynamic structure is notably rich. The first lag of insurance penetra-
tionis positive and highly significant, indicating strong momentum in the evolution
of insurance demand. Subsequent lags show a complex pattern of alternating signs,
with significant negative effects at lags 2, 6, and 8, and significant positive effects
atlags 3,4, and 7. This irregular structure may reflect a combination of short-term
adjustments and medium-term corrections in insurance behavior. The fifth lag is

positive but not statistically significant.

Greece Among the macroeconomic variables, population has a statistically signif-
icant and negative effect on non-life insurance penetration. Inflation is also found
to be negatively associated with insurance demand, with the coefficient being sig-

nificant at the 5% level. Also, external trade shows a negative coefficient.

Turning to the sentiment factor, uncertainty exhibits a positive and significant
effect, implying that periods of higher uncertainty may be associated with slightly

increased demand for non-life insurance.

Finally, the autoregressive structure of the model reveals strong and statistically
significant negative coefficients for all three lags of insurance penetration. This in-
dicates a persistent dynamic pattern, where past values exert a substantial negative
influence on current penetration rates, with the first lag having the most consider-
able effect. These dynamics underscore the inertia and potential mean-reverting

behavior in the evolution of non-life insurance penetration over time.
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Italy Among the macroeconomic fundamentals, population exerts a strong and
positive effect on non-life insurance penetration, indicating that market size is
a significant determinant of aggregate insurance activity. In contrast, GDP per

capita is negatively associated with insurance demand and is highly significant.

Other economic factors retained in the model include unemployment, which is posi-
tively signed but not statistically significant, and the banking sector variable, which
is positively associated and significant, suggesting that financial development sup-
ports the growth of the insurance market. External trade also contributes positively
and significantly, reinforcing the role of economic openness in expanding non-life

insurance activity.

The dynamic structure is particularly prominent. All three autoregressive terms are
extremely strong and highly significant, indicating a high degree of persistence and
potential mean-reverting behavior in insurance penetration over time. The pres-
ence of a moving average term at lag 1, which is also negative and statistically
significant, suggests that short-run shocks have lingering effects on insurance be-
havior, reinforcing the need to account for both observed and unobserved temporal

dependencies.

Latvia Among the economic fundamentals, GDP per capitaisnegatively and highly
significantly associated with non-life insurance penetration. Unemployment also
enters the model with anegative and statistically significant coefficient, indicating
that weaker labor market conditions suppress insurance demand. External trade is
positively associated with insurance penetration and statistically significant, high-
lighting the role of economic openness in fostering insurance growth. Inflation is

included but does not reach conventional significance levels.
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Sentiment is captured by the uncertainty index, which exerts anegative and statisti-
cally significant effect, suggesting that heightened macroeconomic uncertainty may

lead toreductions in insurance activity, possibly reflecting more cautious spending.

The dynamic component of the model is extensive and central to its explanatory
power. Allincluded lags of insurance penetration are statistically significant, with
consistently negative coefficients. The first three lags exhibit large magnitudes,
reinforcing the strong degree of persistence in the series. Later lags (lags 4 through
6 and lag 8) remain significant, though smaller in magnitude, reflecting a decaying
memory effect that captures both short-term inertia and medium-run cyclical cor-
rections. The cumulative significance and direction of these lag terms confirm the

presence of a pronounced autoregressive structure in Latvia’s insurance market.

Norway Population has a positive and statistically significant coefficient, confirm-
ing that larger markets tend to sustain greater insurance penetration. GDP per
capitais negative and highly significant, suggesting that as income levels increase,
non-life insurance penetration is diluted. Unemployment exerts a positive and sig-
nificant effect, implying that non-life insurance policies may be retained during
periods of higher joblessness. The banking sector variable is also positive and
significant, reflecting the close link between financial development and insurance
demand. External trade shows a positive coefficient and is statistically significant,
indicating a potential, though weaker, relationship between trade openness and non-

life insurance penetration.

The sole sentiment variable in the model, consumer confidence, is positive and
highly significant, indicating that an increased tendency to spend fosters greater

demand for non-life insurance.
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The first lag of non-life insurance penetration is positive and highly significant,
underscoring a strong persistence effect in the series. The second lag is positive
but statistically insignificant, suggesting that longer-term autoregressive effects

play a limited role once other explanatory factors are accounted for.

Slovenia Among the macroeconomic fundamentals, population has a positive and
statistically significant association with insurance penetration, highlighting the scale
effect in expanding insurance coverage. In contrast, GDP per capita is negatively
associated with penetration and is highly significant. Inflation is also statistically
significantand negatively signed, suggesting that price instability adversely affects
the affordability of non-life insurance. External trade displays a negative and sta-
tistically significant effect, possibly reflecting external vulnerabilities or structural
trade dependencies that displace domestic insurance demand. Unemployment and

banking sector variables are statistically insignificant in this model.

Sentiment factors, including business confidence, consumer confidence, uncertainty,
and pandemic-related uncertainty, do not exhibit significant effects. Their inclu-
sion reflects potential behavioral influences, but the lack of statistical significance
suggests these factors may not play a central role in driving non-life insurance

activity.

The dynamic structure of the model is particularly robust. The first three lags of in-
surance penetration are all negative and highly significant, indicating exceptionally
strong persistence and possible mean-reverting tendencies. Additionally, amoving
average term at lag 1 is retained and is strongly negative, capturing short-run in-
novations not explained by the autoregressive terms alone. Notably, the variable

selection model is identical to the complete model, as it was not possible to exclude
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any variables without violating the assumptions underlying multiple regression anal-

ysis.

Spain Among the structural determinants, population has a positive and statistically
significant effect, consistent with a volume-based increase in insurance penetration
as the market size expands. GDP per capita shows a strong and highly significant
negative effect. The banking sector variable is retained in the model but remains

statistically insignificant.

Sentiment indicators play a notable role. Business confidence is positively and
significantly associated with non-life insurance penetration, suggesting that favor-
able macroeconomic expectations stimulate insurance activity, possibly by boost-
ing firm-level investment and household financial planning. At the same time,
consumer confidence is negatively associated with penetration. It is also highly
significant, indicating that a greater tendency to save increases the perceived need

for precautionary financial instruments such as insurance.

The dynamic structure of the model is characterized by strong autoregressive and
moving average components. Lags I through 3 of non-life insurance penetration are
all negative and highly significant, underscoring the persistence of past behaviorin
shaping current outcomes. Notably, the fourth lag is positive and statistically signif-
icant, suggesting cyclical rebound effects or delayed adjustments in demand. The
model also includes a moving average term at lag 3, which is positive and highly
significant, capturing lingering effects from prior shocks that the autoregressive

structure has not fully absorbed.

Aggregate report An aggregate report on the signs of the statistically significant

variables (see Appendix H) summarizes the frequency with which each explanatory
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variable was found to be statistically significant in the variable selection models for
non-life insurance across the seven countries examined. As in the life insurance
analysis, the counts distinguish between positive and negative estimated effects and

reflect significance at the 10% level.

Amongthe demographic and macroeconomic determinants, GDP per capita emerges
as the most consistent factor, appearing seven times and exclusively with anegative
sign. This uniformity suggests a systematic inverse relationship between income
levels and non-life insurance penetration within the examined specifications. Pop-
ulation is also frequently significant, appearing five times, predominantly with a
positive sign. This pattern indicates that demographic scale may contribute posi-
tively to the development of non-life insurance markets, likely reflecting broader
exposure to insurable risks and increased demand for property and liability cover-

age.

The banking sector variable appears three times and consistently with a positive
sign, suggesting that financial sector development may complement non-life in-
surance activity. External trade is also significant in six instances but displays
an equal number of positive and negative signs, indicating heterogeneous effects
across countries and potentially reflecting differences in economic structure and

openncss.

In contrast, inflation appears only twice and exclusively with a negative sign, sug-
gesting that macroeconomic instability may weaken non-life insurance activity in
certain cases. Unemployment is significant only twice and displays a balanced
distribution between positive and negative signs, pointing to a limited and context-

dependent role for labor market conditions.
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Regarding sentiment indicators, Consumer Confidence and Uncertainty appear more
frequently than Business Confidence. Consumer Confidence is significant three
times, predominantly with negative signs, while the World Uncertainty Index ap-
pears four times, mainly with negative effects, indicating that heightened uncer-
tainty may dampen non-life insurance demand in several countries. Business Con-
fidence, by contrast, appears only once and with a positive sign. As in the life
insurance case, Pandemic Uncertainty does not emerge as a statistically significant

factor in any of the models.

Overall, the results suggest that income levels, demographic scale, and financial
sector development are among the most recurrent determinants of non-life insur-
ance activity, while sentiment indicators play a secondary and more heterogeneous
role. The variation in signs across several variables further highlights the impor-
tance of country-specific economic structures and institutional characteristics in

shaping the dynamics of non-life insurance markets.

4.2.3 A BriefNoteonthe Comparison Between Western and CEE

Countries

Following Truett and Truett (1990), this analysis compares income elasticity esti-
mates, where statistically significant, between Western European (WE) and Central

and Eastern European (CEE) countries.

Life insurance In the only WE country where income elasticity was statistically
significant (Italy), the estimated value was 0.440. Conversely, in two CEE coun-
tries (Czechia and Slovenia), the corresponding estimates were —0.804 and —0.523.

Theseresults suggest thatincome growth is associated with increased life insurance
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penetration in WE countries, consistent with findings in the literature. In contrast,
the negative elasticities observed in CEE countries imply that life insurance may be
perceived as an investment choice during challenging times, with demand increas-

ing during periods of financial strain.

Non-life insurance In the four WE countries (Denmark, Italy, Norway, and Spain)
where income elasticity was found to be statistically significant, the estimated
values were —0.727, —0.705, —0.371, and —0.848, with an average of —0.663. For
the CEE countries (Czechia, Latvia, and Slovenia), the corresponding values were
—0.232, —1.644, and —0.876, averaging —0.917. These findings indicate that income
elasticity is higher in absolute magnitude in the CEE countries compared to their
WE counterparts. This observation is consistent with existing literature, which
suggests that non-life insurance demand in emerging markets tends to be more

sensitive to changes in income levels.

4.2.4 Quantile Regression

This analysis employs quantile regression to examine how the variables retained
after the selection process influence insurance penetration across different points
of the conditional distribution (see Appendix I). The results underscore that the ef-
fects of the explanatory variables vary considerably across quantiles, highlighting
the importance of modeling distributional heterogeneity rather than relying solely

on average effects derived from conventional regression techniques.

4.2.4.1 Life insurance

Czechia Among the explanatory variables, none of the macroeconomic fundamen-

tals appear as statistically significant determinants across the examined quantiles.
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Population, GDP per capita, Unemployment, Banking sector development, and the
long-term interest rate exhibit coefficients whose signs vary across quantiles but
remain statistically insignificant, suggesting that their effects on life insurance pen-
etration in Czechia are not robust within the quantile regression framework. Simi-
larly, the Uncertainty indicator does not emerge as a statistically significant factor
at any quantile, indicating a limited role for global uncertainty in shaping the dy-

namics of the Czech life insurance market during the examined period.

In contrast, the lagged dependent variables show consistent statistical significance
across several quantiles, highlighting the importance of dynamic adjustmentin life
insurance penetration. The first lag of insurance penetration is negative and statis-
tically significant across all quantiles, with the magnitude of the effect becoming
particularly pronounced at the upper tail of the distribution. This pattern suggests
the presence of short-run correction dynamics in the evolution of life insurance
penetration. The fourth lag, by contrast, is positive and statistically significant at
the lower and median quantiles and again at the upper quantile, indicating that
past levels of insurance penetration exert a delayed positive influence on current

outcomes.

Overall, the results indicate that the dynamics of life insurance penetration in
Czechia are driven primarily by its own lagged values rather than by contempora-
neous macroeconomic or sentiment indicators. The presence of significant lagged
effects across multiple quantiles points to a strong persistence in the development

of the life insurance market.

Greece Among the explanatory factors, unemployment displays increasing and pre-

dominantly positive coefficients across quantiles, though it only reaches statistical
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significance atthe 75% quantile. This suggests thatincreases in unemployment are
associated with high performances in life insurance penetration, potentially reflect-

ing labor market-driven precautionary behavior.

The autoregressive structure exhibits consistent and robust statistical significance
across all quantiles. The first three lags of life insurance penetration show strongly
negative and highly significant coefficients throughout, underscoring the impor-
tance of temporal inertia and short-term correction mechanisms in the evolution of
insurance demand. Notably, the magnitude of these effects generally declines at
higher quantiles, particularly for lags 1 and 2, suggesting a less pronounced mean-
reverting behavior. However, the third lag shows a slight resurgence in magnitude
at the highest quantile, suggesting more complex delayed feedback effects when

the life insurance market performs optimally.

Italy Among the macroeconomic variables, unemployment emerges as a statisti-
cally significant determinant across several quantiles. The coefficient is positive
and significant at the lower and middle quantiles (0.1, 0.25, 0.5, and 0.75), in-
dicating that increases in unemployment are associated with higher levels of life
insurance penetration across a broad range of the distribution. However, this rela-
tionship does not remain statistically significant at the upper quantile, suggesting
that the influence of labor market conditions weakens when insurance penetration

reaches its highest levels.

GDP per capita becomes statistically significant only at the upper quantile (0.9),
where the coefficient is negative. This result suggests that, at higher levels of
insurance penetration, increases in income may be associated with a reduction in

life insurance penetration.
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Turning to sentiment indicators, Business Confidence is statistically significant
only at the upper quantile. The positive coefficient at the 0.9 quantile indicates
that improvements in business sentiment are associated with higher life insurance

penetration when the market is operating at relatively elevated levels.

The dynamic structure of the model is captured by the lagged values of insurance
penetration, which show strong and consistent significance. The first lag is posi-
tive and highly significantacross all quantiles, indicating a pronounced persistence
in life insurance penetration over time. The second lag is negative and significant
at the lower-middle and median quantiles (0.25 and 0.5), suggesting the presence
of short-run adjustment dynamics. The third lag is positive and significant at the
median and upper quantiles (0.5 and 0.9), indicating that earlier levels of insurance

penetration continue to exert a delayed positive influence on current outcomes.

Overall, the results highlight the importance of labor market conditions and dy-
namic persistence in shaping life insurance penetration in Italy, while income and
business sentiment appear to exert an influence primarily at higher levels of the

distribution.

Latvia Among the explanatory variables, the banking sector variable appears as a
statistically significant determinant at the lower and upper quantiles. The estimated
coefficients are negative at both the 0.1 and 0.9 quantiles, indicating that greater
banking sector development is associated with lower life insurance penetration at
both the lower and upper ends of the distribution. This pattern may suggest a sub-
stitutive relationship between banking sector activity and life insurance products

within the Latvian financial system.

Business Confidence also emerges as statistically significant at the lower-middle
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quantile (0.25), where the coefficient is positive. Thisresultindicates thatimprove-
ments in business sentiment are associated with higher life insurance penetration

when the latter lies in the lower-middle range of the distribution.

The dynamic structure of the model is reflected in the lagged values of insurance
penetration, several of which are statistically significant. The first lag is negative
and statistically significant across all quantiles, although the level of significance
declines toward the upper end of the distribution. This pattern indicates strong
short-run adjustment dynamics in the evolution of life insurance penetration. The
second lag is negative and significant at the lower quantiles (0.1 and 0.25) and re-
mains weakly significant at the median quantile, suggesting that earlier deviations
continue to exert downward adjustment effects in the short run. The third lag is
also negative and significant at the lower quantiles (0.1 and 0.25), reinforcing the

presence of pronounced dynamic corrections in the lower part of the distribution.

Overall, the results highlight the importance of dynamic persistence in shaping life
insurance penetration in Latvia, with lagged values exerting strong and consistent
effects. In addition, banking sector development and business sentiment appear
to influence insurance penetration at specific parts of the distribution, indicating

that their effects are heterogeneous across different levels of market development.

Norway Among the macroeconomic variables, unemployment becomes statisti-
cally significant only at the upper quantile (0.9), where the coefficient is negative.
This result indicates that higher unemployment is associated with lower life insur-
ance penetration, suggesting that adverse labor market conditions may constrain

insurance demand.

The banking sector variable also appears as statistically significant at the median
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and upper-middle quantiles (0.5 and 0.75). The estimated coefficients are positive,
indicating that greater development of the banking sector is associated with higher
levels of life insurance penetration at these points of the distribution. This pattern
suggests a complementary relationship between banking sector development and
life insurance activity in Norway, particularly when insurance penetration lies

around the middle and upper-middle parts of the distribution.

The dynamic structure of the model is captured by the fourth lag of insurance
penetration, which is positive and statistically significant across all quantiles. The
magnitude of the coefficient remains relatively stable throughout the distribution,
indicating a consistent and persistent influence of past insurance penetration on
current outcomes. This finding points to a strong degree of persistence in the
development of the Norwegian life insurance market, with past levels exerting a

lasting positive effect on current penetration levels.

Slovenia Among the macroeconomic variables, GDP per capita emerges as a statis-
tically significant determinant at several quantiles. The estimated coefficients are
negative and significant at the 0.25, 0.75, and 0.9 quantiles, indicating that higher
income levels are associated with lower life insurance penetration across a substan-
tial part of the distribution, particularly at the upper quantiles. This pattern suggests

that as income decreases, households may hold on to life insurance products.

Unemployment appears as statistically significant only at the lower-middle quan-
tile (0.25), where the coefficient is negative. This result indicates that increases in
unemployment are associated with lower life insurance penetratio, reflecting the po-

tential constraining effect of weaker labor market conditions on insurance demand.

The long-term interest rate also becomes statistically significant at the upper quan-
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tiles (0.75 and 0.9), where the estimated coefficients are positive. This finding sug-
gests that higher long-term interest rates are associated with greater life insurance
penetration when the market operates atrelatively higher levels, possibly reflecting
the sensitivity of savings-type life insurance products to changes in the interest rate

environment.

Finally, the second lag of insurance penetration appears as statistically significant
at the 0.25, 0.5, and 0.75 quantiles. The coefficients are negative, indicating the
presence of dynamic adjustment mechanisms in the evolution of life insurance pene-
tration. This pattern suggests that deviations in previous periods tend to be followed
by corrective movements in subsequent periods, contributing to the stabilization of

insurance penetration over time.

Spain Among the explanatory variables, the first lag of insurance penetration is
statistically significant at the 0.25, 0.5, and 0.75 quantiles. The coefficients are
negative, indicating that increases in life insurance penetration in the previous
period are associated with downward adjustments in subsequent periods across

the middle part of the distribution.

The second lag of insurance penetration displays a stronger and more consistent
influence. Itis negative and statistically significant from the 0.25 quantile onward,
with the magnitude of the effect becoming more pronounced at the upper quantiles.
This pattern suggests that past deviations in insurance penetration tend to be fol-

lowed by corrective movements, particularly when penetration levels are relatively

high.

Similarly, the third lag of insurance penetration is negative and statistically sig-

nificant at the 0.25, 0.5, and 0.75 quantiles, reinforcing the presence of dynamic
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adjustment processes in the evolution of the Spanish life insurance market. These
results indicate that the development of life insurance penetration is strongly influ-

enced by its own past values across several periods.

Finally, the eighth lag of insurance penetration appears as statistically significant at
the lower quantile (0.1), where the coefficient is positive. This result suggests that
earlier historical levels of insurance penetration exert a delayed positive influence

when the dependent variable lies at the lower end of its distribution.

Overall, the results indicate that the dynamics of life insurance penetration in
Spain are driven primarily by lagged adjustments rather than by contemporaneous
macroeconomic or sentiment indicators. The consistent significance of several
lagged terms across the distribution highlights the importance of persistence and

gradual adjustment in the evolution of the Spanish life insurance market.

4.2.4.2 Non-life insurance

Czechia Among the explanatory variables, the banking sector variable appears as
statistically significant at the lower quantiles. The coefficients are positive and sig-
nificant at the 0.1 and 0.25 quantiles, indicating that greater banking sector devel-
opment is associated with higher levels of non-life insurance penetration when the
latter lies in the lower part of the distribution. Thisresultsuggests a complementary
relationship between banking sector activity and non-life insurance markets during

periods of relatively low insurance penetration.

The dynamic structure of the model is strongly reflected in the lagged values of
insurance penetration. The first lag of insurance penetration is negative and highly

significant across all quantiles, indicating the presence of strong short-run adjust-
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ment dynamics. Similarly, the second and third lags are also negative and statisti-
cally significant throughout the distribution, reinforcing the presence of persistent
corrective mechanisms in the evolution of non-life insurance penetration. The con-
sistency and magnitude of these coefficients suggest that deviations in previous
periods are followed by substantial downward adjustments across the entire distri-

bution.

Overall, the results indicate that the evolution of non-life insurance penetration in
Czechia is driven primarily by its own past values, reflecting strong dynamic per-
sistence and adjustment processes, while the banking sector appears to influence

the market mainly at lower levels of insurance penetration.

Denmark Among the macroeconomic variables, GDP per capita emerges as a sta-
tistically significant determinant across most quantiles. The estimated coefficients
are negative and significant from the 0.25 quantile onward, with the magnitude re-
maining relatively stable across the middle and upper parts of the distribution. This
pattern indicates that lower income levels are associated with higher non-life insur-
ance penetration across a large portion of the distribution, suggesting that decreases

in income may coincide with retaining risk-management mechanisms.

The banking sector variable is statistically significant only at the lower quantile
(0.1), where the coefficient is positive. This result indicates that greater develop-
ment of the banking sector is associated with higher levels of non-life insurance

penetration when the dependent variable lies at the lower end of the distribution.

The dynamic structure of the model is reflected in the first lag of insurance pen-
etration, which is positive and statistically significant across all quantiles. This

consistent significance indicates a strong degree of persistence in the evolution of

149



non-life insurance penetration in Denmark, with past levels exerting a positive in-

fluence on current outcomes throughout the distribution.

Greece Among the macroeconomic variables, population appears as statistically
significant at the median quantile (0.5), where the coefficient is negative. This
result indicates that increases in population are associated with lower levels of
non-life insurance penetration when the dependent variable lies around the middle

of its distribution.

Inflation emerges as statistically significant at the upper quantile (0.9), where the
coefficient is negative. This result indicates that higher inflation is associated
with lower non-life insurance penetration when the market operates at relatively
higher levels, reflecting the potential adverse effects of macroeconomic instability

on insurance demand.

External trade also becomes statistically significant at the median quantile, with a
negative coefficient. This finding suggests that greater trade openness is associated

with lower non-life insurance penetration at this point of the distribution.

The dynamic structure of the model is strongly reflected in the lagged values of
insurance penetration. The first, second, and third lags are negative and highly sta-
tistically significant across all quantiles. This consistent pattern indicates strong
adjustment dynamics in the evolution of non-life insurance penetration in Greece,
with pastincreases in penetration followed by corrective movements in subsequent
periods. The persistence and magnitude of these lagged effects highlight the im-
portance of dynamic processes in shaping the development of the Greek non-life

insurance market.
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Italy Among the explanatory variables, the banking sector variable appears as a
statistically significant determinant across all quantiles. The estimated coefficients
are positive and significant throughout the distribution, indicating that greater de-
velopment of the banking sector is consistently associated with higher levels of
non-life insurance penetration in Italy. The stability of this relationship across
quantiles suggests a complementary interaction between banking activity and the

non-life insurance market.

The dynamic structure of the model is strongly reflected in the lagged values of
insurance penetration. The first, second, and third lags are all negative and highly
statistically significant across all quantiles. This consistent pattern indicates the
presence of strong adjustment dynamics in the evolution of non-life insurance pen-
etration, with increases in penetration in previous periods followed by corrective
movements in subsequent periods. The magnitude and persistence of these lagged
effects highlight the importance of dynamic processes in shaping the development

of the Italian non-life insurance market.

Latvia Among the explanatory variables, GDP per capita appears as a statistically
significant determinant across several quantiles. The estimated coefficients are
negative and significant at the 0.25, 0.5, and 0.75 quantiles, indicating that lower
income levels are associated with higher non-life insurance penetration across the

middle part of the distribution.

The dynamic structure of the model is reflected primarily in the lagged values of
insurance penetration. The second lag of insurance penetration is negative and sta-
tistically significant across all quantiles, indicating a consistent adjustment mech-

anism in the evolution of non-life insurance penetration. This result suggests that
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increases in insurance penetration in previous periods are followed by corrective

movements in subsequent periods across the entire distribution.

In addition, the third lag of insurance penetration becomes statistically significant
at the median quantile (0.5), where the coefficient is negative. This finding fur-
ther supports the presence of dynamic adjustment processes in the development of
the Latvian non-life insurance market, particularly around the central part of the

distribution.

Norway Among the macroeconomic variables, GDP per capita emerges as a statis-
tically significant determinant across all quantiles. The estimated coefficients are
negative and highly significant throughout the distribution, indicating that higher
income levels are consistently associated with lower non-life insurance penetration.
The stability of this relationship across quantiles suggests that the inverse associa-
tion between income and non-life insurance penetration persists across both lower

and higher levels of market development.

Unemployment becomes statistically significant only at the 0.25 quantile, where
the coefficient is positive. This finding suggests that increases in unemployment
are associated with higher non-life insurance penetration when the dependent vari-

able lies in the lower-middle part of the distribution.

The banking sector variable is also statistically significant across all quantiles. The
coefficients are positive and significant throughout the distribution, indicating that
greater development of the banking sector is associated with higher levels of non-
life insurance penetration. This pattern suggests a complementary relationship be-

tween banking activity and the non-life insurance market in Norway.
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External trade is statistically significant at the lower quantiles (0.1 and 0.25), where
the coefficients are negative. This resultindicates that greater trade openness is as-
sociated with lower non-life insurance penetration when the dependent variable lies

at the lower end of the distribution.

Finally, the firstlag of insurance penetration is positive and statistically significant
across all quantiles. This result indicates strong persistence in the evolution of
non-life insurance penetration in Norway, with past levels exerting a consistent

positive influence on current outcomes across the entire distribution.

Slovenia The results indicate that the dynamic structure of the model plays the
dominant role in explaining the evolution of non-life insurance penetration. The
second lag of insurance penetration is negative and highly statistically significant
across all quantiles. This consistent pattern suggests the presence of strong adjust-
ment dynamics, whereby increases in insurance penetration in previous periods are
followed by corrective movements in subsequent periods throughout the distribu-

tion.

The third lag of insurance penetration is also statistically significant across all
quantiles. The estimated coefficients are negative, reinforcing the presence of
persistent dynamic adjustment mechanisms in the Slovenian non-life insurance
market. The magnitude and consistency of these effects suggest that past levels of

insurance penetration exert a substantial influence on current outcomes.

In addition, the first lag of insurance penetration is statistically significant at several
quantiles (0.1, 0.25, 0.5, and 0.9), with negative coefficients. This result further
supports the presence of strong short-run adjustment processes in the development

of non-life insurance penetration.
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Overall, the results highlight that the evolution of non-life insurance penetration in
Slovenia is driven primarily by its own lagged dynamics rather than by contempo-

raneous macroeconomic or sentiment variables.

Spain Among the explanatory variables, GDP per capita emerges as a statistically
significant determinant across all quantiles. The estimated coefficients are negative
throughout the distribution, indicating that higher income levels are associated with
lower non-life insurance penetration. The consistency of this relationship across
quantiles suggests that the inverse association between income and non-life insur-
ance penetration persists across both lower and higher levels of market develop-

ment.

The dynamic structure of the model is reflected in several lagged values of insur-
ance penetration. The first lag is negative and statistically significant across all
quantiles, indicating that increases in insurance penetration in the previous period
are followed by downward adjustments in subsequent periods. A similar pattern
is observed for the second lag, which is also negative and statistically significant
across the entire distribution, reinforcing the presence of strong adjustment dynam-

ics.

The third lag of insurance penetration becomes statistically significant at the me-
dian and upper quantiles (0.5, 0.75, and 0.9), where the coefficients remain nega-
tive. This result further supports the presence of dynamic corrective mechanisms

influencing the evolution of the Spanish non-life insurance market.

In contrast, the fourth lag of insurance penetration is positive and statistically sig-
nificant from the 0.25 quantile onward. This pattern suggests that earlier historical

levels of insurance penetration exert a delayed positive influence on current out-
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comes, indicating the coexistence of short-term adjustment effects and longer-term

persistence in the development of the Spanish non-life insurance market.

4.2.5 Elastic net algorithm

In this section, we present the empirical results of the proposed two-stage algorithm.
We discuss the post-selection refit estimates under explicit ARMA (and, where indi-
cated, ARCH/GARCH) disturbances in the main text, while the full set of detailed

results is reported in Appendix J, while the test statistics appear in Appendix G.

4.2.5.1 Life insurance

Czechia The OLS refit based on the Elastic Net—screened specification indicates
very strong persistence in life insurance penetration. The first three autoregressive
terms are all negative and highly statistically significant, with sizeable magnitudes.
This pattern suggests that deviations in penetration tend to be followed by pro-
nounced corrections over subsequent quarters, consistent with a highly dynamic

adjustment process. The intercept is small and statistically insignificant.

Among macroeconomic drivers, inflation enters with mixed timing effects: infla-
tion at lag 2 is positive and significant, while inflation at lag 4 is negative and
significant, implying that inflationary conditions may initially coincide with higher
penetration but later relate to lower penetration. Banking sector development (lag
2) and long-term interest rates (lag 4) are both positive and statistically significant,
whereas population lags are negative, with the lag-4 term significant, pointing to
anegative association between the scale effect captured by population and penetra-
tion dynamics in this specification. GDP per capita at lag 4 is positive but only

marginally significant at the 10% level.
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Sentiment indicators are retained and statistically meaningful: Consumer Confi-
dence and Business Confidence enter contemporaneously and are negative, with
Business Confidence showing stronger significance. Taken together, the table de-
picts a model in which inertia and short-run correction (via the lagged dependent
terms) dominate the dynamics, while macro-financial conditions (inflation tim-
ing, interest rates, banking sector) and sentiment contribute additional explanatory

power in shaping quarterly movements in life insurance penetration.

Greece The OLS refit based on the Elastic Net—screened specification suggests
a strongly mean-reverting dynamic in life insurance penetration. The first three
autoregressive terms are all negative and statistically significant, indicating that
increases in penetration tend to be followed by corrections over the subsequent
quarters. The intercept is positive and marginally significant, pointing to a weak

positive drift once the dynamic and covariate effects are accounted for.

Among macroeconomic drivers, unemployment enters both contemporaneously and
with lags, with a positive current effect but negative effects atlags 2 and 3, implying
a short-run association that reverses as labor-market conditions propagate through
the system. Banking sector development (lag 2) is positive and statistically signifi-
cant, while the long-term interestrate (lag 4) is negative and significant, indicating
that higher rates are associated with lower life insurance penetration with a de-
layed impact. Overall, the results highlight that dynamic adjustment dominates,
while labor-market conditions and financial variables provide additional explana-

tory power for quarterly movements in life insurance penetration.

Italy The Elastic Net—screened refit for life insurance penetration is estimated un-

deran ARMA—-GARCH disturbance specification, indicating that both serial depen-
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dence and conditional heteroskedasticity are material in this case. The mean equa-
tion includes a statistically significant intercept and a positive, highly significant
fourth lag of insurance penetration, pointing to persistence at the one-year horizon
once the ARMA structure is accounted for. In addition, the moving-average terms
MA(1) and MA(2) are strongly significant, confirming non-negligible short-run

error dynamics captured by the ARMA component.

Regarding macro-financial determinants, GDP per capita at lag 4 enters with aneg-
ative and highly significant coefficient, while unemployment atlag 4 is positive and
significant. Long-term interest rates are retained at lags 1 and 3 and both appear
negative and statistically significant, implying that higher interest-rate conditions
are associated with lower life insurance penetration over short to medium horizons.
On the volatility side, the GARCH component exhibits extremely high persistence,
with (/1) close to unity, consistent with pronounced volatility clustering and slow
decay of variance shocks. Overall, the results suggest that life insurance penetra-
tion dynamics are shaped by delayed macroeconomic effects and strong disturbance

persistence in both the mean (via MA terms) and the variance (via GARCH).

Latvia The OLS refit based on the Elastic Net—screened specification points to very
strong dynamics in life insurance penetration. The first four autoregressive terms
are all negative and highly statistically significant, indicating pronounced mean re-
version: increases in penetration are typically followed by sizable corrections over
the subsequent quarters. The intercept is negative but statistically insignificant,
suggesting no meaningful drift once the dynamic structure and covariates are taken

into account.

Among macroeconomic drivers, the banking sector enters both contemporaneously

157



and with a lag. The contemporaneous banking sector coefficient is negative and
statistically significant, while the lag 2 term is positive and significant, implying
an offsetting short-run pattern across horizons. GDP per capita at lag 1 is positive
and statistically significant, consistent with higher income levels being associated
with higher life insurance penetration after a short delay. Unemployment at lag
2 is negative but not statistically significant in this specification. Overall, the
results indicate that quarterly movements are dominated by dynamic adjustment,

with selective contributions from income and banking-sector conditions.

Norway The OLS refit based on the Elastic Net—screened specification indicates
that life insurance penetration is shaped by both delayed persistence and shorter-
horizon correction. The autoregressive terms at lags 3 and 4 are statistically sig-
nificant with opposite signs: lag 3 is negative, while lag 4 is positive and larger
in magnitude, suggesting a dynamic pattern in which movements in penetration
partly reverse over three quarters but exhibit persistence at the one-year horizon.
The intercept is negative and highly significant, indicating a downward shift once

covariates and dynamics are accounted for.

Among macroeconomic factors, banking sector development has a positive and sig-
nificant impact, while unemployment atlag 1 is also positive and significant. Popu-
lation effects are consistently negative across multiple lags, with the lag 4 term be-
ing strongly significant, indicating a robust negative association between the scale
proxy and penetration dynamics in this specification. Interest rates appear with
several lags: the contemporaneous long-term rate is negative but not significant,
whereas the lag 1 term is weakly significant and positive, implying some sensitiv-
ity to the timing of rate changes. GDP per capita and inflation lags are retained but

are not statistically significant.
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Sentiment indicators contribute additional explanatory power: Business Confidence
and Uncertainty enter contemporaneously with positive and statistically significant
coefficients, while Pandemic Uncertainty is positive but not significant. Overall,
the results suggest that quarterly movements in life insurance penetration reflect
a combination of dynamic adjustment (particularly around the one-year horizon)
and selected macro-financial and sentiment conditions, with population effects and

confidence/uncertainty measures standing out among the non-dynamic covariates.

Slovenia The OLS refit based on the Elastic Net—screened specification suggests
that life insurance penetration exhibits a pronounced dynamic structure with alter-
nating persistence across horizons. The autoregressive terms at lag 1 and lag 4 are
positive and highly statistically significant, whereas lag 3 is negative and signifi-
cant, implying a pattern in which increases in penetration tend to persist in the short
run and at the one-year horizon but partially reverse around three quarters. The in-
terceptis negative and weakly significant, indicating a modest downward shift once

covariates and dynamics are controlled for.

Macroeconomic effects are strong and precisely estimated. GDP per capita enters
contemporaneously with a large negative coefficient, while its lagged terms at lag
2 and lag 4 are positive and highly significant, pointing to a non-monotonic tim-
ing profile in the income—penetration relationship. Unemployment is negative and
highly significant contemporaneously but becomes positive and significant at lag
4, suggesting delayed reversal effects in labor-market conditions. The long-term
interest rate enters positively and very strongly, and banking sector development
at lag 2 is also positive and significant, underscoring the role of financial condi-
tions in shaping penetration dynamics. Inflation is retained but is not statistically

significant in this specification.
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Sentiment variables add further explanatory content: Business Confidence is posi-
tive and highly significant, while Uncertainty is negative and marginally significant.
Overall, the results indicate that quarterly movements in life insurance penetration
in Slovenia reflect a combination of strong macro-financial influences and a rich
autoregressive pattern, with particularly prominentroles for income, interest rates,

and confidence, alongside timing-dependent effects across lags.

Spain The OLS refit based on the Elastic Net—screened specification indicates
strong mean reversion in life insurance penetration. The first three autoregressive
terms are all negative and highly statistically significant, implying that increases
in penetration are typically followed by sizable corrections over the next quarters.
The intercept is positive but statistically insignificant, suggesting no clear drift

once the dynamic structure and covariates are accounted for.

Macroeconomic effects are mainly channeled through labor-market conditions and
interest rates. Unemployment at lag 1 and lag 4 enters positively and significantly,
while long-term interest rates at lag 3 and lag 4 are also positive and statistically
significant, pointing to delayed sensitivity of life insurance penetration to financ-
ing conditions. Inflation is significant contemporaneously but its lag 1 effect is
not, indicating that price dynamics matter primarily in the current quarter in this

specification.

Sentiment indicators contribute meaningfully: Business Confidence is negative
and highly significant, Consumer Confidence is positive and significant, and Un-
certainty is negative and significant. Overall, the results suggest that quarterly
movements in life insurance penetration are dominated by short-run corrective dy-

namics, with additional explanatory power from unemployment and interest-rate
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conditions as well as contemporaneous sentiment measures.

4.2.5.2 Non-life insurance

Czechia The OLSrefitbased onthe Elastic Net—screened specification for non-life
insurance penetration is dominated by very strong dynamic adjustment. The first
three autoregressive terms are all negative and extremely precisely estimated, indi-
cating pronounced mean reversion: increases in non-life penetration are followed
by sizable corrections over the subsequent quarters. The intercept is small and sta-
tistically insignificant, suggesting no systematic drift once dynamics and covariates

are controlled for.

Among macroeconomic drivers, GDP per capita enters with a negative and statis-
tically significant coefficient, while banking sector is positive and significant both
contemporaneously and atlag 1, pointing to a robust association between financial
deepening and non-life penetration. Population at lag 1 is positive and significant,
whereas inflation at lag 4 is only marginally significant. External trade enters nega-
tively atlag 1 (significant) and lag 2 (marginal), implying that higher trade openness
is associated with lower non-life penetration over short horizons in this specifica-

tion.

Sentiment indicators are also retained and statistically meaningful: Consumer Con-
fidence and Pandemic Uncertainty are positive and significant, while Uncertainty
isnegative and significant. Taken together, the results suggest that quarterly move-
ments in non-life insurance penetration are largely governed by strong corrective
dynamics, with additional explanatory power from income, banking-sector condi-

tions, external trade, and contemporaneous sentiment and uncertainty measures.
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Denmark The Elastic Net—screened refit for non-life insurance penetration is es-
timated with explicit ARMA disturbances, indicating substantial residual depen-
dence beyond the included regressors. In the mean equation, non-life penetration
displays positive persistence at both the short horizon and the one-year horizon:
Insurance penetration lag 1 and lag 4 are positive and statistically significant. The
intercept is negative and significant, suggesting a downward shift once macro-

financial drivers and dynamic effects are controlled for.

Among macroeconomic determinants, GDP per capita enters with a large negative
and highly statistically significant coefficient, while the banking sector variable is
positive and strongly significant, pointing to arobust association between financial
deepening and higher non-life penetration in this specification. The ARMA compo-
nentis pronounced: both AR(1) and AR(2) are negative and highly significant, and
MA(1) is very close to unity and extremely precisely estimated, confirming strong
short-run error dynamics. Overall, the results suggest that non-life penetration is
shaped by persistent dynamics in the dependent variable and macro-financial condi-
tions, while a substantial share of remaining serial dependence is captured through

the ARMA error structure.

Greece The Elastic Net—screened refit for non-life insurance penetration is esti-
mated with explicit ARMA disturbances and exhibits extremely strong dynamic
adjustment. All four autoregressive terms are negative and highly statistically sig-
nificant, implying pronounced meanreversion: increases in non-life penetration are
followed by sizable corrections over subsequent quarters. The interceptis positive
and statistically significant, indicating a level shift once macroeconomic controls

and the dynamic structure are accounted for.
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Among macroeconomic drivers, banking sector development enters positively and
is strongly significant, whereas GDP per capita at lag 2, unemployment at lag 3,
population at lag 4, and external trade at lag 1 all enter with negative and statisti-
cally significant coefficients. Inflation is retained but not statistically significant
in this specification. Uncertainty is negative and significant, suggesting that higher

uncertainty is associated with lower non-life penetration contemporaneously.

The ARMA component is also substantial: the coefficients on MA(1)-MA(3) are
all highly significant, with MA(3) close to unity, indicating strong short-run depen-
dence in the disturbances beyond what is captured by the regressors and lagged
dependent variables. Overall, the results point to a model in which non-life pen-
etration dynamics are dominated by strong corrective persistence, with additional
explanatory power from banking-sector conditions, income, labor-market variables,
external trade, and uncertainty, while remaining serial dependence is absorbed by

the moving-average error structure.

Italy The OLS refit based on the Elastic Net—screened specification for non-life in-
surance penetration in Italy is dominated by extremely strong dynamic adjustment.
The first three autoregressive terms are all negative, and highly statistically signif-
icant, implying pronounced mean reversion: increases in non-life penetration are
followed by almost one-for-one corrections over the next quarters. The interceptis
small and statistically insignificant, indicating no systematic drift once dynamics

and covariates are controlled for.

Among non-dynamic covariates, the banking sector variable enters positively and
is statistically significant, suggesting that financial deepening is associated with

higher non-life penetration contemporaneously. Population atlag 4 is positive and
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significant, pointing to a delayed scale-related effect in this specification. On the
sentiment side, Business Confidence is negative and strongly significant, indicat-
ing that higher business sentiment coincides with lower non-life penetration af-
ter controlling for macro-financial conditions and the strong autoregressive struc-
ture. Overall, the results suggest that non-life penetration dynamics are primarily
governed by rapid corrective adjustments, with additional explanatory power from
banking-sector conditions, delayed population effects, and contemporaneous busi-

ness sentiment.

Latvia The Elastic Net—screened refit for non-life insurance penetration is esti-
mated under an ARMA-GARCH disturbance specification, implying that both se-
rial dependence and conditional heteroskedasticity are relevant. The mean dynam-
icsarerich: the coefficients on Insurance penetration lag 1-lag 4 are all statistically
significant, with alternating signs across horizons, indicating a mix of short-run
correction and longer-horizon persistence in quarterly penetration movements. In
addition, the moving-average terms MA(1) and MA(2) are highly significant and
negative, confirming strong short-run dependence in the disturbance component

beyond what is captured by the lagged dependent variables and covariates.

Macroeconomic covariates also contribute to the mean equation. GDP per capita
enters with a negative and highly significant coefficient, whereas External trade is
positive but not statistically significant once dynamics are controlled for. On the
variance side, the GARCH term exhibits strong persistence, with 3; close to unity,
consistent with volatility clustering and slow decay of variance shocks. The ARCH
term «; is estimated at zero and is not statistically significant, suggesting that
conditional variance persistence is captured primarily through the lagged variance

component rather than immediate shock effects.

164



Overall, the results indicate that non-life insurance penetration is characterized by
pronounced dynamic adjustment and highly persistent conditional variance, with
GDP per capita providing additional explanatory power after accounting for serial

correlation and volatility clustering.

Norway The OLS refit based on the Elastic Net—screened specification for non-
life insurance penetration suggests a predominantly persistent short-run dynamic.
Insurance penetration lag 1 is positive and highly statistically significant, indicat-
ing that increases in non-life penetration tend to carry over to the next quarter. The
additional lags (lag 2 and lag 4) are positive but not statistically significant, imply-
ing that most of the dynamic signal is concentrated at the one-quarter horizon. The
interceptis negative and statistically significant, pointing to adownward shift once

covariates and dynamics are taken into account.

Macroeconomic effects are clearly present. GDP per capita enters with a negative
and highly significant coefficient, and its lag 4 term is also negative and significant,
indicating that higher income levels are associated with lower non-life penetration
both contemporaneously and with a one-year delay in this specification. Banking
sector development is positive and strongly significant, consistent with financial
deepening supporting non-life penetration. External trade at lag 3 is positive and
significant, suggesting that trade activity is associated with higher penetration at
a delayed horizon. Overall, the results indicate that non-life penetration dynam-
ics combine short-run persistence with meaningful macro-financial contributions,

particularly from income, banking-sector conditions, and lagged external trade.

Slovenia The OLS refit based on the Elastic Net—screened specification for non-

life insurance penetration is characterized by very strong mean reversion. The first
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three autoregressive terms are all negative, large in magnitude, and highly statisti-
cally significant, indicating that increases in non-life penetration are typically fol-
lowed by sizeable corrections over the subsequent quarters. The intercept is small
and statistically insignificant, suggesting no systematic drift once dynamics and

covariates are taken into account.

Among macroeconomic drivers, the banking sector variable enters positively and
significantly, pointing to a supportive role of financial deepening for non-life pene-
tration contemporaneously. Inflationatlag 4 isnegative but only marginally signif-
icant, indicating a weak delayed association with penetration in this specification.
External trade atlag 3 enters with anegative and statistically significant coefficient,
suggesting that higher trade activity is associated with lower non-life penetration at
a delayed horizon. Overall, the results imply that quarterly movements in non-life
insurance penetration are dominated by strong corrective dynamics, with additional
explanatory power from banking-sector conditions and delayed external and infla-

tion effects.

Spain The OLS refitbased on the Elastic Net—screened specification for non-life in-
surance penetration indicates a dynamic pattern that combines short-run correction
with longer-horizon persistence. Insurance penetration lag 1 and lag 2 are negative
and highly statistically significant, implying that increases in penetration tend to
be followed by corrections over the next quarters, whereas lag 4 is positive and
highly significant, pointing to persistence at the one-year horizon. The intercept is
small and statistically insignificant, suggesting no systematic drift once dynamics

and covariates are taken into account.

Macroeconomic covariates are strongly informative in this specification. GDP per
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capita enters with negative and highly significant coefficients both contemporane-
ously and at lag 2, indicating that higher income levels are associated with lower
non-life penetration. Unemploymentis negative and significant contemporaneously,
but positive and significant at lag 1, while the lag 3 term is not significant, suggest-
ing non-monotonic timing in labor-market effects. Population at lag 2 is positive
and significant, whereas the lag 4 term is not, and inflation at lag 3 is negative and
significant. Banking sector development at lag 3 is positive and highly significant,

while external trade at lag 2 is positive but only marginally significant.

On the sentiment side, Consumer Confidence is retained but not statistically signif-
icantin this specification. Overall, the results suggest that quarterly movements in
non-life insurance penetration in Spain reflect a combination of strong macroeco-
nomic effects (income, labor-market conditions, population, inflation, banking) and
a dynamic adjustment process featuring short-run correction alongside persistence

at the one-year horizon.

4.2.5.3 Panel models

In the paragraphs that follow, we present the panel regression models obtained from
the Elastic Net screening stage. Specifically, we report the post-selection specifi-
cations that retain the covariates selected by EN and summarize the corresponding
refitted panel estimates, so that the discussion focuses on the empirically supported

determinants of insurance penetration in the multi-country setting.

Life insurance The results of the fixed effects panel regression model for life
insurance penetration after the Elastic Net screening procedure can be found in Ap-

pendix J. The specification retains a limited set of explanatory variables capturing
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financial sector development and interest rate dynamics, together with autoregres-

sive terms of the dependent variable.

Among the economic determinants, the banking sector variables display consis-
tently positive coefficients. The contemporaneous banking sector indicator and its
first and second lags suggest that financial sector development is positively asso-
ciated with life insurance penetration. In contrast, the long-term interest rate ex-
hibits anegative effect. Both the first and second lags of the long-term interest rate
carry negative coefficients, indicating that higher long-term rates are associated

with lower levels of life insurance penetration.

The dynamic structure of the model is captured by the lagged dependent variables.
The first three lags of insurance penetration enter with negative coefficients, while
the fourth lag shows a large positive coefficient. This patternindicates the presence
of dynamic adjustment in life insurance penetration, suggesting that past levels of

the dependent variable play an important role in explaining its current evolution.

Overall, the results highlight the importance of financial sector development, inter-
estrate conditions, and the persistence of insurance market dynamics in explaining

variations in life insurance penetration across the panel.

Non-life insurance The random effects panel refit based on the Elastic Net—
screened specification indicates extremely strong persistence in non-life insurance
penetration. Insurance penetration lag4 is positive and overwhelmingly statistically
significant, implying that non-life penetration is highly persistent at the one-year
horizon once time-invariant country heterogeneity is controlled for. The intercept

is small and statistically insignificant.
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Macroeconomic covariates are strongly informative. GDP per capita enters with a
negative and highly statistically significant contemporaneous effect, while its lag
4 term is positive and highly significant, pointing to a pronounced timing pattern
in which income is associated with lower non-life penetration in the short run but
higher penetration at the one-year horizon. The banking sector variable enters
with a positive coefficient, while its lags 1 to 3 remain positive and statistically
significantas well, indicating arobust and persistent association between financial

deepening and non-life penetration dynamics.

Sentiment indicators also matter in the multi-country setting: Consumer Confi-
dence is negative and highly significant, and Uncertainty is negative and signif-
icant, suggesting that tendency to spend and elevated uncertainty are associated
with lower non-life penetration contemporaneously. Overall, the results highlight
a model in which non-life penetration is dominated by strong annual persistence,
while macro-financial conditions, particularly banking-sector development and the
timing of income effects, and sentiment measures provide additional explanatory

power.

The estimated AR(1) parameter for the idiosyncratic error componentis p = —0.305,
indicating moderate negative first-order serial correlation in the within-country dis-
turbances. In practical terms, after controlling for the selected covariates and the
dynamic terms of non-life insurance penetration, residual shocks tend to partially
reverse in the subsequent period rather than persist in the same direction. This sug-
gests an oscillatory adjustment pattern, positive deviations from the fitted path are,
on average, followed by negative deviations (and vice versa), which is consistent

with short-run correction dynamics around the model-implied trajectory.

169



Robustness check — Life insurance The results, presented in Appendix J, report
the robustness specification for life insurance penetration based on a fixed effects
panel model in which variable selection was performed using a backward elimina-
tion procedure guided by the AIC. The model preserves the dynamic structure of the
baseline specification by retaining the four lagged terms of insurance penetration,
while cluster-robust standard errors are computed at the country level to account

for heteroskedasticity and serial correlation within panels.

The estimates confirm the strong persistence of life insurance penetration over time.
In particular, the fourth lag of the dependent variable remains positive and highly
statistically significant, indicating that past insurance activity plays an important
role in determining current levels of life insurance penetration. The first three lags
display negative coefficients, although only the second lag is statistically significant

at conventional levels.

Amongthe explanatory variables, indicators related to the development of the bank-
ing sector exhibit a positive association with life insurance penetration. Both the
contemporaneous value of the banking sector variable and its second lag are statis-
tically significant, suggesting that financial sector development may facilitate the

expansion of insurance markets.

Long-term interest rates appear to exert a negative influence on life insurance pen-
etration. The coefficients of the first three lags of the long-term interest rate are
negative and statistically significant, indicating that increases in interest rates may
reduce the demand for life insurance products, possibly reflecting changes in house-

hold financial allocation or substitution toward alternative financial instruments.

A comparison between the robustness specification and the baseline model reveals
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a high degree of consistency in the estimated relationships. In both specifications,
variables related to the development of the banking sector exhibit a positive and
statistically significant association with life insurance penetration. In particular,
the contemporaneous value of the banking sector variable and its second lag remain
significant across both models, indicating that financial sector development plays

a stable and robust role in supporting the expansion of life insurance markets.

Similarly, the coefficients associated with long-term interest rates display a consis-
tent negative effect in both specifications. The first and second lags of the long-
term interest rate remain statistically significant and retain comparable magnitudes,
suggesting that increases in interest rates may dampen demand for life insurance
products, possibly reflecting substitution toward alternative financial instruments

or changes in household portfolio allocation.

The dynamic structure of insurance penetration also remains largely unchanged
across the two models. In both cases, the fourth lag of insurance penetration is pos-
itive and highly statistically significant, confirming the strong persistence of life
insurance activity over time. The first three lags display negative coefficients in
both specifications, although their statistical significance varies slightly between

the two models.

Overall, the backward elimination specification produces results that are broadly
consistent with those obtained from the Elastic Net screening model. The simi-
larity of the estimated coefficients and their statistical significance across the two
approaches provides additional support for the robustness of the main findings re-

garding the determinants of life insurance penetration.
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Robustness check— Non-lifeinsurance Asarobustnesscheck, the determinants
of non-life insurance penetration were estimated using a Random Effects panel
model with a country-specific random intercept. To account for potential serial
correlation in the disturbances, an AR(1) error structure was specified within each
country. A backward variable elimination procedure based on the AIC was applied
in order to obtain a parsimonious specification. The fourth lag of the dependent
variable was retained in all candidate models and was protected from elimination,
as it captures the dynamic persistence of insurance penetration and helps address

residual autocorrelation.

Because information-criterion-based model comparison requires likelihoods es-
timated under a common framework, the selection procedure was conducted us-
ing Maximum Likelihood estimation. The final specification was subsequently re-
estimated using Restricted Maximum Likelihood in order to obtain less biased esti-
mates of the variance components associated with the random effects and the error

structure.

The results confirm the strong persistence of non-life insurance penetration, as
indicated by the large and highly significant coefficient of the fourth lag of the
dependent variable. This finding suggests that past insurance activity plays a dom-
inant role in shaping current levels of non-life insurance penetration. Among the
economic determinants, the development of the banking sector exhibits a strong
positive association with insurance penetration, both in its contemporaneous value
and in several lagged terms. This result highlights the complementary relationship

between banking development and insurance markets.

Economic conditions also appear to influence insurance activity through a dynamic

172



mechanism. The contemporaneous coefficient of GDP per capitais negative, while
its fourth lag is positive and statistically significant. This pattern suggests that
increases in income may initially be associated with adjustments in household fi-
nancial allocation, while the positive effect of income growth on insurance demand
materializes with a delay as households gradually incorporate insurance products

into their financial planning.

Finally, sentiment and uncertainty indicators also contribute to explaining insurance
activity. Higher levels of consumer confidence and uncertainty are associated with
lower non-life insurance penetration, while pandemic-related uncertainty appears

to exert a small positive effect.

The AR(1) error parameter (p = —0.311) indicates a moderate negative autocorre-
lation in the residuals, suggesting that short-term shocks tend to partially reverse
in subsequent periods. Overall, the robustness specification confirms the main re-

lationships identified in the baseline model.

Lifeinsurance with interaction terms Theresultsreportedin Appendix J present
the fixed effects panel specification for life insurance penetration obtained after the
Elastic Net screening procedure, including interaction terms between selected ex-
planatory variables. The model also incorporates country fixed effects in order
to control for time-invariant heterogeneity across countries, while cluster-robust
standard errors are employed to account for potential heteroskedasticity and serial

correlation within panels.

The estimates indicate a positive and statistically significant relationship between
the development of the banking sector and life insurance penetration. Both the

contemporaneous value of the banking sector variable and its second lag exert a
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positive effect, suggesting that the expansion of financial intermediation supports

the development of life insurance markets.

Long-term interest rates appear to exert a negative influence on life insurance pen-
etration. The first and second lags of the long-term interest rate display negative
and statistically significant coefficients, indicating that higher interest rates may

reduce demand for life insurance products.

The model further incorporates an interaction term between the banking sector
and the Consumer Confidence Index. The coefficient of this interaction term is
negative and highly statistically significant, implying that the positive impact of
financial sector development on life insurance penetration weakens as consumer

confidence increases.

Finally, the dynamic structure of the model reveals a strong persistence in life
insurance penetration. In particular, the fourth lag of the dependent variable is
positive and highly significant, highlighting the importance of long-term dynamics

in the evolution of insurance markets.

A comparison with the baseline fixed effects specificationreported earlier indicates
that the main findings remain largely unchanged after the inclusion of interaction
terms. In both models, variables related to the development of the banking sec-
tor display a positive and statistically significant relationship with life insurance
penetration, confirming the importance of financial sector development for the ex-
pansion of insurance markets. Similarly, the lagged values of long-term interest
rates retain a negative effect, suggesting that increases in interest rates may reduce

the demand for life insurance products.
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The dynamic structure of insurance penetration also remains broadly consistent
across the two specifications. In particular, the fourth lag of the dependent variable
continues to exhibit a positive and highly significant coefficient, confirming the

strong persistence of life insurance penetration over time.

Overall, the similarity of the main coefficients across the two specifications indi-
cates that the core determinants of life insurance penetration remain stable, while
the interaction term enriches the analysis by revealing an additional dimension
through which financial development and consumer sentiment jointly influence in-

surance market outcomes.

Non-life insurance with interaction terms The random-effects panel model ob-
tained after the elastic net screening and the backward AIC selection indicates very
strong persistence in non-life insurance penetration, with the second and especially
the fourth lag ofthe dependent variable retained, suggesting that current penetration
is largely anchored to its annual (four-quarter) level while still allowing for some
additional short-run adjustment. Amongthe macroeconomic determinants, income
(GDP per capita) enters as an important driver, with its impact distributed across
lags, while unemployment appears with a delayed positive association. The finan-
cial channel remains prominent: the banking sector is positively related to non-life
penetration both contemporaneously and through short lags. External trade is also

retained with a positive main effect.

Sentiment and uncertainty indicators contribute additional explanatory power, with
consumer confidence and uncertainty entering with negative associations once the
full set of controls is considered. The interaction terms highlight that the role of

external trade is not uniform across economic conditions: the negative interaction
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between income and external trade implies that the marginal effect of external trade
weakens at higherincome levels. Likewise, the negative external trade—banking in-
teraction suggests diminishing marginal effects when both openness and banking
depth are simultaneously elevated, consistent with non-linear or saturation-type

dynamics in financially developed and highly open environments.

Finally, the AR(1) error parameter is p = —0.367, indicating moderate negative
first-order serial correlation in the within-country disturbances. This pattern im-
plies that after conditioning on the selected covariates and interaction structure,
residual shocks tend to partially reverse in the subsequent period, consistent with

short-run correction around the model-implied trajectory.

A comparison between the two specifications, which are the product of the elastic
netalgorithm, indicates that the main determinants of non-life insurance penetration
remain broadly consistent across the two models, while the inclusion of interaction
terms provides additional insights into the mechanisms through which macroeco-

nomic and financial variables influence insurance demand.

In both specifications, the development of the banking sector emerges as one of
the most important determinants of non-life insurance penetration. The contempo-
raneous value of the banking sector variable exhibits a strong and positive effect
in both models, while several of its lagged values remain statistically significant.
This finding confirms the close relationship between financial sector development
and the expansion of insurance markets, suggesting that a more developed banking

system may facilitate insurance distribution and financial intermediation.

Similarly, GDP per capita plays a significant role in explaining non-life insurance

penetration. In the baseline specification, the contemporaneous effect of GDP per
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capita is negative while its fourth lag is positive and highly significant, indicating
the presence of delayed economic effects on insurance market development. The
interaction specification confirms this pattern while also revealing additional dy-

namic effects through the inclusion of the third lag of GDP per capita.

The sentiment-related variables remain stable across the two models. Both the
Consumer Confidence Index and the Uncertainty index display negative and statis-
tically significant coefficients in both specifications, suggesting that a tendency to
save and increased uncertainty are associated with lower levels of non-life insur-

ance penetration.

The dynamic structure of insurance penetration also remains highly persistent. In
the baseline model, the fourth lag of insurance penetration is positive and extremely
significant, indicating strong persistence in the evolution of non-life insurance mar-
kets. The interaction model preserves this result while also identifying a small but

significant contribution of the second lag of the dependent variable.

The extended specification further reveals important interaction effects between
macroeconomic and financial variables. In particular, the interaction between GDP
per capita and external trade is negative and statistically significant, suggesting
that the positive effect of economic development on non-life insurance penetration
weakens in economies with higher levels of trade openness. Similarly, the negative
interaction between external trade and the banking sector indicates that the positive
influence of financial sector development may be moderated in more externally

oriented economies.

Overall, the comparison between the two models indicates that the core determi-

nants of non-life insurance penetration remain robust across specifications, while
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the interaction model enriches the analysis by capturing additional channels through
which economic development, financial intermediation, and international trade jointly

influence insurance market dynamics.

4.2.6 Evaluation of the Variable Selection and Quantile Regres-

sion Approaches

Following arigorous and comprehensive analytical procedure that ensured a metic-
ulous examination of country-specific factors, the resulting parameter estimates
revealed variability in statistical significance, sign, and magnitude. Given that the
analysis covers seven countries in the case of life insurance and eight in the case
of non-life insurance, a considerable number of coefficients proved statistically in-
significant, which explains the relatively limited frequencies reported in Appendix
H tables which summarize the signs frequencies in the univariate (per country) OLS

regressions.

For Life insurance, the statistically significant effects appear relatively sparse and
heterogeneous. For instance, the Long-term interest rate exhibits a predominantly
positive association with insurance penetration (three positive versus two negative
instances), whereas Unemployment more frequently displays a negative relation-
ship (three negative versus two positive instances). Similarly, GDP per capita
shows mixed results, appearing once with a positive sign and twice with a nega-
tive sign. Among the sentiment indicators, Business Confidence appears equally
often with positive and negative signs, while Consumer Confidence is recorded

only once as statistically significant and with a positive sign.

In contrast, the results for Non-life insurance reveal somewhat clearer patterns for
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certain variables. GDP per capita, for example, appears consistently with anegative
sign in seven statistically significant cases, while Population is more often associ-
ated with a positive sign (four positive versus one negative instance). The Banking
sector variable also tends to display a positive association (three positive instances).
At the same time, some variables exhibit balanced or ambiguous effects; External
trade appears equally often with positive and negative signs, while indicators such
as Consumer Confidence and Uncertainty display mixed signs, suggesting that their

influence may be more context-dependent across countries.

Overall, these results highlight the substantial cross-country heterogeneity in the
determinants of insurance penetration and suggest that the influence of several ex-
planatory factors is not uniform across national contexts. Such heterogeneity has
been widely documented in previous scholarly work, underscoring the diverse ef-
fects of influencing factors (Dragos, 2014). Furthermore, the signs and significance
levels of the regression coefficients were occasionally inconsistent or counterintu-
itive (Headen and Lee, 1974). Notably, all proposed explanatory variables ap-
peared at least once across the models assessing insurance penetration in the eight
countries under investigation, though inflation and the pandemic uncertainty never
achieved statistical significance. However, no single factor dominated the models,
as none appeared in all of them. The remainder of this section presents a consoli-
dated overview of the statistically significant findings, synthesizing results across
all countries studied and summarizing the outcomes for both employed methodolo-

gies (see Appendix H).

Below, the life insurance and the non-life insurance models are commented. What

is told for the life ones and applies to the non-life ones is not repeated.
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4.2.6.1 Life insurance

The population variable appears in two models, both with a negative coefficient.
In both cases, the parameter follows a predominantly downward trend across quan-
tiles, which suggests that population decline is generally associated with higher life

insurance penetration.

The predominant factor in the literature, at least historically, has been income (GDP
per capita), which appeared in three of the seven models. The parameter signs were
primarily negative, and in most cases, the parameter values decreased from one
quantile to the next. While much of the literature reports a positive relationship be-
tween income and insurance consumption, some studies have identified a negative
association, e.g., Anderson and Nevin (1975), Alhassan and Biekpe (2016), Trinh
(2023), and Hwang and Greenford (2005). Moreover, there are cases where GDP
was found to be statistically insignificant, further complicating the picture (e.g.,
Beck and Webb (2002) and Sen (2008)). Our findings are consistent with these
divergent perspectives, underscoring the nuanced relationship between income and

life insurance consumption.

Inflation, a commonly discussed factor in the literature, did not appear in any model,
indicating its relatively limited explanatory power for insurance penetration in this
context. One possible explanation is the consistently low inflation observed during
the studied period. Average inflation across the studied countries ranged from ap-
proximately 2% to 4%, with the vast majority of observations falling between 0%
and 5%, levels that likely did not significantly disrupt consumers’ financial plan-
ning. Although some countries experienced periods of exceptionally low, or even

negative, inflation, the overall trend was one of stability. Consequently, inflation
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likely had a limited impact on the life insurance market during this time and was

largely disregarded by consumers.

Unemployment appears in five models, all of them achieving statistical signifi-
cance, exhibiting a positive sign in two cases and a negative sign in three. In the
quantile regression results, the unemployment parameter displays varying magni-
tudes across quantiles, rendering this aspect of the analysis inconclusive. These
findings reflect the literature’s hesitation to use unemployment as a reliable predic-
tor, due to its often counterintuitive effects. However, the insights associated with
the income parameter suggest that life insurance tends to perform better in contract-
ing economies, which may help explain the observed positive relationship between

unemployment and insurance consumption.

One possible explanation for the positive correlation between unemployment and
life insurance penetration is that insured individuals may go to great lengths to main-
tain their life insurance contracts, even during recessions. Unemployed persons,
particularly those not facing severe financial hardship, may prioritize preserving
existing policies or seek private insurance to replace coverage previously provided
by social security systems. Additionally, unemployment may prompt a shift to-
ward freelancing or self-employment, where employer-sponsored insurance is typ-
ically unavailable, thus increasing the demand for private life insurance. Another
contributing factor could be employers pursuing efficiency gains through technol-
ogy, resulting in layoffs of workers performing low-value-added tasks. In such
cases, salary budgets may be reallocated to a smaller number of highly specialized
employees with higher compensation packages, which may include life insurance
benefits. Moreover, rising unemployment can exacerbate income inequality, as in-

dicated by the Gini coefficient. Recent research by Dragos, Codruta, and Dragos
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(2019), which examined 32 European countries between 2002 and 2012, identified
a positive relationship between unemployment and income disparity, further sup-

porting the potential link between unemployment and life insurance penetration.

The banking sector variable appears in three models, where the negative sign was
more frequent, which implies a somewhat competitive relationship between it and
life insurance. The quantile regression results provide inconclusive evidence re-
garding the trend of the parameter. However, the absence of statistical significance
in some models also supports the recent conclusion by Srbinoski (2021) that finan-
cial development can reduce the need for precautionary savings, thereby indirectly
affecting life insurance demand. Once financial development surpasses a certain
threshold, the growth of the banking sector may become decoupled from the expan-

sion of life insurance services.

The long-term interest rate appears as statistically significant in five models, whose
signs are distributed between three positive and two negative ones. This finding
aligns with the segment of the literature that reports a positive relationship (Been-
stock, Dickinson, and Khajuria, 1986), and with some studies presenting opposing
evidence (Dragos, Codruta, and Dragos, 2019). Moreover, the quantile regression
results predominantly support a positive association between interest rates and life
insurance penetration. This suggests that during periods of financial distress, often
marked by rising interest rates, consumers may view life insurance as a reliable

savings vehicle.

The Business Confidence Index (BCI) appears in four models, with its estimated
sign evenly split between positive and negative values. However, the quantile

regression results reveal that the magnitude of the BCI coefficient does not exhibit
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a consistent pattern across quantiles. As a result, no definitive conclusion can be
drawn regarding the relationship between business confidence and life insurance

demand.

The CCI appears in one model, bearing a positive relationship with life insurance
penetration. This suggests thatthe life insurance sector is not significantly affected

by the indicator.

The Uncertainty Index parameter appears in four models, but only once bearing
statistical significance, and bears a negative sign. The quantile regression analy-
sis reveals no consistent pattern across quantiles. These findings align with the
literature, which highlights the complex relationship between uncertainty and life
insurance. For example, Gupta (2019) found that increases in economic policy un-
certainty (EPU) significantly reduce life insurance premiums, while decreases in
EPU do not produce long-term effects. In their study, replacing EPU with the S&P
volatility index (VIX) showed that life insurance premiums declined as volatility
decreased. On the other hand, Balcilar (2020) concluded that EPU significantly
raises life insurance premiums in both the short and long term, underscoring the
nuanced impact economic uncertainty can have on the life insurance market. It is
reminded that the dependent variable in this research is life penetration, not life

insurance premiums as in the two referenced studies.

Additionally, Canh, Wongchoti, and Thanh (2021) examined the relationship be-
tween life insurance consumption and global economic policy uncertainty (GEPU)
across multiple countries, controlling for factors such as income and inflation.
Their findings similarly indicate that lower economic uncertainty fosters growth

in the life insurance market.It is unfortunate that EPU was available for only three
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of the studied countries: Greece, Italy, and Spain.

The Pandemic Uncertainty Index did not appear in any models with a statistically
significant parameter. This suggests that teleworking and state aid were able to

mitigate the pandemic’s effects to a significant extent.

4.2.6.2 Non-life insurance

The population variable appears in five of the models, with a positive coefficient
in all but one. In two cases, the parameter exhibits a predominantly upward trend
across quantiles, suggesting that population increase is generally associated with
higher non-life insurance penetration. These results align with the recommenda-

tions in the literature.

Income, typically proxied by GDP per capita and widely regarded as the predom-
inant factor in the literature, appeared in seven out of the eight estimated models.
The corresponding coefficients were uniformly negative, although their magnitudes
generally increased across quantiles. This pattern suggests that policyholders tend
to retain their insurance coverage even during periods of economic downturn. The
negative relationship aligns with previous findings that associate recessions with
heightened insurance fraud. For instance, Eriksen and Carson (2017) found that
declines in house prices were significantly associated with increases in arson in-
cidents. Consequently, the elevated cost burden resulting from fraudulent claims

compels insurers to transfer these costs to policyholders.

Inflation, a staple of the literature, appeared in only two of the eight models, both
with a negative sign. The quantile regression results revealed that the parameters’

trajectories were downwards in magnitude. The above results confirm the advice
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in the literature.

Unemployment appeared in two models, its sign being equally distributed between
apositive and anegative one. Inthe quantile regression results, the unemployment
parameter displays adownward magnitude across the quantiles, as expected. These

results confirm the literature’s hesitation to include it as an explanatory variable.

The banking sector variable appears in three models, all with a positive sign. The
quantile regression results provide inconclusive evidence regarding the trend of

the parameter. The results generally align with the existing literature.

The external trade regressor appeared as being statistically significant in six models,
with its signs distributed between three positive and three negative ones. At the
same time, the quantile regression reports did not provide any conclusive evidence
on its trajectory, whether it is upward or downward in magnitude. It becomes ev-
ident that the external trade is a factor that promotes competition, which, in turn,

has varying effects in each domestic market.

The BCI appeared only once, with a positive sign, while its parameter value fol-
lowed a generally upward trajectory. It is suggested that business confidence did
not have a significant impact on the non-life insurance industry during the studied

period.

Also, the CCI appeared in three models, and the most frequent sign was the nega-
tive one. Also, its parameter followed a downward trend in magnitude across the
quantiles. Although it is understood that the CCI did not significantly impact the
sample during the studied period, it is suggested that an increased attitude toward

saving rather than spending favora non-life insurance penetration.
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The Uncertainty Index parameter appeared in four models, with its signs being
distributed between one positive and three negative ones. The quantile regression

analysis reveals no consistent pattern across quantiles.

As was the case for the life insurance models, the Pandemic Uncertainty Index did

not appear in any non-life ones with a statistically significant parameter.

4.2.7 Robustness Test

To assess the robustness of the empirical findings, this section compares the results
obtained from two distinct linear estimation techniques: Ordinary Least Squares
(OLS) and Quantile Regression (QR). While OLS provides estimates of the con-
ditional mean of the dependent variable, QR allows for a more comprehensive ex-
amination of the conditional distribution by estimating effects at different quantiles.
The comparison of the results obtained from these two approaches serves as arobust-
ness check of the estimated relationships. The aggregate results of this comparison
are presented in Appendix M. For the models provided by the variable selection
process, we noted that in only three occasions the variables’ signs changed. In all
cases, it was an intercept, one for Czechia’s life models and for both models for
Spain. The models derived from the variable selection OLS were compared with the
outcomes of the median quantile regression (7 = 0.5) across the countries studied
(seetablesin Appendices F and ). A consistent pattern was observed: the estimated
coefficients exhibited the same sign across both methods in almost all models. This
alignment in directionality suggests that the core relationships identified by OLS
are not sensitive to deviations from normality or the presence of outliers, as quantile

regression is more robust to such issues.
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4.2.7.1 Life insurance

Outofthe 58 instances where a variable was retained, 13 cases (approximately 22%)
exhibited a sign reversal between OLS and QR. These reversals are concentrated in
variables such as the intercept (3 reversals), GDP per capita (2), and autoregressive
terms (2), suggesting that their estimated effects may be sensitive to the underlying
distributional assumptions or influenced by outliers and skewness in the data. Also,

the majority of reversals were found in Latvia (3).

4.2.7.2 Non-life insurance

Outofthe 89 instances where a variable wasretained, 17 cases (approximately 19%)
exhibited a sign reversal between OLS and QR. These reversals are concentrated
in variables such as the intercept (3 reversals), BCI, Uncertainty, and the second
autoregressive terms (2), suggesting that their estimated effects may be sensitive to
the underlying distributional assumptions or influenced by outliers and skewness in

the data. Also, the majority of reversals were found in Denmark (6) and Slovenia

(5).

Although this comparison does not constitute a complete robustness test in a strict
econometric sense, the consistency in signs across methodologies provides support-
ive evidence that the key relationships are not artifacts of the estimation technique.
Therefore, the main empirical conclusions are stable under alternative modeling

approaches.
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4.2.8 Granger causality

This segment of the research utilized life and non-life insurance penetration, re-
spectively, along with inflation and GDP per capita, with the latter being calcu-
lated based on nominal (current) GDP rather than the inflation-adjusted real GDP.
For each insurance branch, a table summarizes the results of the multivariate and
bivariate Granger causality tests conducted to investigate the temporal dynamics
between GDP per capita and insurance penetration across the analyzed countries.
The multivariate model incorporates inflation as a control variable, whereas the

bivariate model examines the relationship without additional controls.
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4.2.8.1 Life insurance

Table 4.1: Life insurance penetration, Bi- and Multi-variate Granger causality
tests results, p-values

Country || Cause || Effect | Multivariate | Bivariate
Czechia || LIP GDPpc | 0.016** 0.066*
GDPpc || LIP 0.000*** 0.000***
Greece LIP GDPpc | 0.000*** 0.000***
GDPpc || LIP 0.030** 0.019*
Italy LIP GDPpc | 0.002*** 0.000™**
GDPpc || LIP 0.005"** 0.003***
Latvia LIP GDPpc | 0.010** 0.000™*
GDPpc || LIP 0.069* 0.009***
Norway || LIP GDPpc | 0.066* 0.045**
GDPpc || LIP 0.050* 0.874
Slovenia || LIP GDPpc | 0.097* 0.195
GDPpc || LIP 0.001** 0.178
Spain LIP GDPpc | 0.437 0.237
GDPpc || LIP 0.343 0.330

LIP: Life insurance penetration, GDPpc: Nominal GDP per capita
p-value under 10% (*), 5% (**), 1% (***)

Czechia The Granger causality tests show bidirectional causality between life
insurance penetration (LIP) and GDP per capita. GDP per capita strongly causes
LIP in both multivariate and bivariate settings, while LIP also Granger-causes

GDP per capita, albeit more weakly.

Greece A bidirectional relationship is evident between life insurance penetration
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and GDP per capita. Both directions of causality are highly significant, suggesting
a strong dynamic interaction between income levels and the development of the

life insurance market.

Italy The results indicate robust bidirectional causality between life insurance
penetration and GDP per capita. Both directions are highly significant across

multivariate and bivariate models, underscoring a strong feedback mechanism.

Latvia The results suggest a two-way relationship between life insurance penetra-
tion and GDP per capita, though the strength varies. LIP significantly causes GDP
per capita in both specifications, while GDP per capita also Granger-causes LIP,

particularly in the bivariate test.

Norway Evidence is displayed of bidirectional causality. Life insurance penetra-
tion Granger-causes GDP per capita in both specifications, while GDP per capita
only shows causality in the multivariate model and is insignificant in the bivariate

test.

Slovenia The results suggest a predominantly bidirectional relationship in the mul-
tivariate specification. Inthe bivariate setting, the relationships are not statistically

significant at the conventional levels.

Spain No evidence of Granger causality is found in either direction. This suggests
that changes in GDP per capita and life insurance penetration evolve independently

without dynamic feedback.

Overall, the Granger causality tests reveal substantial heterogeneity across coun-

tries. Strong bidirectional causality is observed in Greece, Italy, and Czechia,
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where income levels and life insurance penetration reinforce each other over time.
Latvia also shows evidence of two-way causality, though with varying levels of
significance. Norway and Slovenia exhibit weaker and more asymmetric results,
with causality running predominantly from life insurance penetration to income in
Norway and from income to penetration in Slovenia. In contrast, Spain stands out
as the only case where no causal links are detected, suggesting a decoupling of

income dynamics and the life insurance market.
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4.2.8.2 Non-life insurance

Table 4.2: Non-life insurance penetration, Bi- and Multi-variate Granger causality
tests results, p-values

Country || Cause || Effect | Multivariate | Bivariate
Czechia | NLIP GDPpc | 0.000%** 0.000**
GDPpc || NLIP 0.773 0.611
Denmark || NLIP GDPpc | 0.006*** 0.001***
GDPpc || NLIP 0.028* 0.887
Greece NLIP GDPpc | 0.102 0.000***
GDPpc || NLIP 0.000** 0.782
Italy NLIP GDPpc | 0.000*** 0.000**
GDPpc || NLIP 0.013* 0.017*
Latvia NLIP GDPpc | 0.004** 0.000***
GDPpc || NLIP 0.107 0.027*
Norway || NLIP GDPpc | 0.010** 0.010**
GDPpc || NLIP 0.387 0.447
Slovenia || NLIP GDPpc | 0.000** 0.000***
GDPpc || NLIP 0.011* 0.102
Spain NLIP GDPpc | 0.003*** 0.000***
GDPpc || NLIP 0.325 0.061*

NLIP: Non-life insurance penetration, GDPpc: Nominal GDP per capita
p-value under 10% (*), 5% (*%*), 1% (***)

Czechia The results indicate strong unidirectional causality from non-life insur-
ance penetration (NLIP) to GDP per capita, highly significant in both the multi-
variate and bivariate models. No evidence is found for the reverse relationship,

suggesting that insurance dynamics lead economic activity but not vice versa.
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Denmark NLIP Granger-causes GDP per capita in both specifications, while GDP
per capita also causes NLIP, but only in the multivariate setting. This points to pre-
dominantly one-way causality from insurance to income, with some weak feedback

in the richer specification.

Greece GDP per capita strongly Granger-causes NLIP in the multivariate model,

while NLIP significantly drives GDP per capita only in the bivariate test.

Italy Robustbidirectional causality is displayed between NLIP and GDP per capita.
Both directions are significant in the multivariate framework, while the bivariate

tests confirm the feedback effect from income to insurance demand.

Latvia Non-life insurance penetration significantly Granger-causes GDP per capita
across both models. The reverse relationship is weaker, appearing only in the bi-

variate setting, indicating that causality runs primarily from insurance to income.

Norway Clear unidirectional causality from NLIP to GDP per capita is exhibited,
significant in both test specifications. GDP per capita does not Granger-cause

NLIP, highlighting the dominant role of insurance in driving income dynamics.

Slovenia Strong bidirectional causality is evident in the multivariate model, while
only the insurance-to-income direction remains significant in the bivariate case.
This points to a feedback relationship, though income effects are less stable across

model specifications.

Spain Evidence of NLIP Granger-causing GDP per capita in both models is shown.
The reverse effect is marginal, reaching significance in the bivariate case only,

suggesting a mostly one-way dynamic from insurance to income.

Acrossthe countries examined, non-life insurance penetration more frequently Granger-
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causes GDP per capita than the reverse. Strong bidirectional causality is observed
in Italy and Slovenia, while Denmark and Greece show partial feedback effects.
In contrast, Czechia, Latvia, Norway, and Spain are dominated by insurance-to-

income causality, with Spain showing only weak reverse effects.

4.2.8.3 Panel data

The results of the Dumitrescu—Hurlin panel Granger causality test reveal distinct
dynamics between life and non-life insurance penetration and economic growth.
In the life insurance segment, the null hypothesis of no causality is rejected in
both directions at conventional significance levels, indicating the presence of bi-
directional causality between economic growth and life insurance penetration. This
finding supports the feedback hypothesis, suggesting that economic expansion fos-
ters the development of life insurance markets while, in turn, the life insurance
sector contributes to economic growth through savings mobilization and long-term

investment.

In contrast, the results for non-life insurance provide only weak evidence of causal-
ity. Specifically, economic growth appears to Granger-cause non-life insurance
penetration, whereas no reverse causality is detected. This implies a unidirectional
relationship consistent with a demand following pattern, where non-life insurance
development responds to economic conditions but does not exert a significant influ-

ence on economic growth.

The multivariate Dumitrescu—Hurlin panel Granger causality test, which controls
forinflation, confirms the robustness of the relationship between life insurance pen-
etration and economic growth. Specifically, the null hypothesis of no causality is

rejected in both directions, indicating the presence of a bi-directional relationship
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that persists even after accounting for macroeconomic conditions. This finding sug-
gests thatthe interaction between life insurance development and economic growth

is structural in nature and not driven by omitted variable bias related to inflation.

In contrast, the results for non-life insurance differ markedly from the bivariate
case. Once inflation is included as a control variable, the previously observed
causality from economic growth to non-life insurance penetration disappears, and
no significant relationship is detected in either direction. This indicates that the
earlier evidence of causality was not robust and may have been driven by common
macroeconomic factors rather than a direct causal link. Consequently, non-life
insurance appears to follow economic conditions without exerting an independent

effect on economic growth.

Table 4.3: Panel Granger causality test (Dumitrescu—Hurlin)

Panel Cause Effect Bivariate Multivariate
p(Z)  p2Z) pZ) p(Z)
Life GDPpc LIP 0.037** 0.025** 0.061* 0.043**

LIP GDPpc 0.025** 0.016" 0.020* 0.012**

Non-life GDPpc NLIP  0.067* 0.048**  0.145 0.110
NLIP GDPpc 0.350  0.313  0.185 0.146

LIP: Life insurance penetration; NLIP: Non-life insurance penetration; GDPpc: Nominal GDP per
capita.

p(Z) and p(Z) denote p-values based on the asymptotic and small-sample corrected statistics, re-
spectively.

Significance levels: *p < 0.10, **p < 0.05, ***p < 0.01.
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4.2.9 Granger causality in the frequency domain

4.2.9.1 Income towards Life insurance

The following figures present the Granger causality spectrum from income, proxied by GDP per
capita, to life insurance penetration. The corresponding visualizations are provided in Appendix K.
The horizontal axis represents the frequency domain, while the vertical axis measures the magni-
tude of the Granger causality spectrum. The solid blue line depicts the estimated frequency-specific
causality, and the red dashed horizontal line indicates the 5% significance threshold, denoting the

minimum value required for statistical significance.

Czechia The spectrum remains above the significance threshold until the frequency of 0.3, imply-
ing that the influence of GDP per capita on life insurance penetration is most pronounced after a
lag of approximately 3.5 quarters (calculated as the reciprocal of the frequency, 1/0.3). Beyond
this range, the spectrum falls below the threshold, indicating no significant short-term effect. This
pattern suggests that income affects life insurance penetration primarily over longer cycles rather

than at high (short-run) frequencies.

Greece The Granger causality spectrum remains statistically significant across the entire frequency
domain. The spectrum peaks ata frequency of 0.5, corresponding to alag of two quarters, indicating
that the predictive effect of income on life insurance penetration is most pronounced at short- to

medium-term horizons.

Italy The Granger causality spectrum is concentrated within the frequency band of 0.15 to 0.35,
corresponding to lags of approximately 3 to 6.5 quarters. Additionally, significance is observed at
the lower edge of the spectrum, indicating a long-term causal relationship. These findings imply
that GDP per capita significantly influences life insurance penetration both at medium- and long-

term horizons.

Latvia The spectrum is significant up to the 0.3 frequency mark, implying that the relationship is

primarily long-term, with effects materializing after approximately 3.5 quarters.

Norway The spectrum displays a pronounced peak around the frequency of 0.25, corresponding

to a lag of four quarters. Statistical significance is maintained between the 0.2 and 0.3 frequency
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range, reinforcing the presence of a long-term causal effect. A secondary, smaller peak appears at
0.5 (a lag of two quarters), indicating a modest short-term influence. This dual-peaked structure
suggests that the causal relationship operates at multiple temporal scales, with particularly strong

effects over the annual cycle.

Slovenia The spectrum remains above the significance threshold until the 0.3 frequency mark,
providing evidence of a predictive relationship over longer horizons (beyond 3.5 quarters). The

maximum is observed at a frequency of approximately 0.2, corresponding to a lag of five quarters.

Spain. The causality spectrum lies predominantly below the significance threshold, suggesting
a generally weak linkage. The only exception occurs around the frequency of 0.25, where the
spectrum briefly exceeds the threshold within the 0.2—0.3 range. This indicates a localized effect

at a lag of approximately four quarters, without broader evidence of systematic causality.

4.2.9.2 Life insurance towards Income

The reverse direction of causality, from life insurance penetration to GDP per capita, is illustrated
in the subsequent figures, also included in Appendix K. The interpretation framework remains the
same: the x-axis represents frequency, the y-axis the magnitude of the causality spectrum, and the

red dashed line denotes the 5% significance threshold.

Czechia The spectrum exceeds the significance threshold across all frequencies, indicating perva-
sive Granger causality from life insurance penetration to GDP per capita. The spectrum exhibits a
generally downward trajectory across frequencies, suggesting that the predictive effect is stronger

at medium- to long-term horizons.

Greece The spectrum remains above the threshold up to the 0.2 frequency mark, indicating that
the transmission effect from life insurance penetration to GDP per capita is most pronounced in

the long term.

Italy The spectrum lies generally above, though close to, the significance threshold, with two
distinct peaks at frequencies of approximately 0.25 and 0.5. These correspond to lags of four and
two quarters, respectively, suggesting that the causal effect is strongest over short- and medium-

term horizons.
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Latvia The spectrum exhibits a distinct peak at 0.25 and remains above the threshold within the
frequency range 0.15-0.35, corresponding to lags of seven to three quarters. This pattern suggests
that the causal effect of life insurance penetration on GDP per capitaisrelevant across both medium-

and long-term horizons.

Norway The spectrum remains above the threshold up to the 0.25 frequency mark, implying a
significant causal effect materializing after four quarters. The declining trajectory from lower to

higher frequencies indicates that no influence is evident at shorter horizons.

Slovenia The spectrum remains consistently above the significance threshold across all frequencies.
The upward slope suggests that the influence is more pronounced at short-term horizons compared

to longer-term ones.

Spain. The spectrum exceeds the significance threshold only at the 0.5 frequency mark, correspond-
ing to a lag of two quarters. This result implies that the effect of life insurance penetration on GDP

per capita is limited to a short-term channel.

The frequency-domain Granger causality results reveal notable cross-country heterogeneity in the
dynamic interplay between income and life insurance penectration. In several cases, including
Czechia, Latvia, Norway, and Slovenia, the predictive effect of GDP per capita on life insurance
demand is concentrated at low frequencies, indicating that income influences operate predominantly
over long-term horizons. By contrast, Greece exhibits statistically significant causality across the
entire frequency domain, with the strongest effects materializing at short- to medium-term lags of
around two quarters. Italy demonstrates a mixed pattern, with significance both at medium frequen-
cies (3—6 quarters) and at the long-run edge of the spectrum, suggesting a dual channel of influence.
Spain shows only limited and localized significance, implying a weak and unsystematic income

effect.

When considering the reverse direction, life insurance penetration appears to exert a significant im-
pact on GDP per capita in most countries, albeit with varying temporal structures. In Czechia and
Slovenia, the effect is pervasive, spanning the entire frequency domain. Greece, Norway, and Latvia
display significant effects primarily at longer horizons, while Italy’s spectrum suggests relevance

at both short- and medium-term lags. In Spain, however, the influence of life insurance on income
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is confined to a narrow short-term channel of two quarters.

Overall, theseresults indicate that while income generally acts as along-term driver of life insurance
penetration, the feedback from insurance markets to economic output can be more immediate, with
some countries (e.g., [taly and Spain) exhibiting short-run effects. This asymmetry underscores the
complex and potentially bidirectional nature of the income—insurance nexus across said European

economies.

Table 4.4: Summary of frequency-domain Granger causality between income and
life insurance penetration

Country Income — Life insurance Life insurance — Income

Czechia Long-term (up to 3.5 quar- All horizons (shortto long)
ters)

Greece All horizons; strongest at Long-term (up to 0.2 fre-
short-medium (2 quarters) quency)

Italy Medium (3—-6 quarters) and Short- and medium-term
long-term (2—4 quarters)

Latvia Long-term (after 3.5 quar- Medium- to long-term (3—7
ters) quarters)

Norway Long-term (4 quarters) + Long-term (4 quarters)
secondary short-term (2
quarters)

Slovenia Long-term (5 quarters) All horizons; stronger at

short-term
Spain Weak overall; localized ef- Short-term (2 quarters

fect at 4 quarters

only)

4.2.9.3 Income towards Non-life insurance

Appendix L presents the figures illustrating the Granger causality spectrum from GDP per capita
to non-life insurance penetration. The graphical format follows the structure described in the pre-
ceding sections, with frequency on the x-axis and the magnitude of the Granger causality spectrum

on the y-axis. The horizontal dashed line denotes the 5% statistical significance threshold.
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Czechia The causality spectrum closely parallels the significance threshold across the frequency
domain, providing no robust evidence of predictive influence from GDP per capita on non-life
insurance penetration. Nonetheless, two local peaks are observed at frequencies of approximately
0.25 and 0.5, corresponding to transmission lags of four and two quarters, respectively. Although
isolated, these peaks reach statistical significance and suggest dynamics at short- and medium-term

horizons.

Denmark The Granger causality spectrum consistently exceeds the significance threshold across
the entire examined frequency range. The spectrum assumes a chevron-like shape, reaching its

lowest points around the 0.1 to 0.2 frequency marks.

Greece The spectrum remains above the significance threshold up to the 0.3 frequency mark, peak-
ing at approximately 0.2, which corresponds to a lag of five quarters. This indicates that the pre-
dictive effect of income on non-life insurance penetration is strongest at long-term horizons, with
significance sustained even further into lower frequencies. These results suggest that income vari-
ations affect non-life insurance demand primarily with a delay of more than one year, highlighting

a long but meaningful causal relationship.

Italy The causality spectrum generally lies below the significance threshold, except for distinct
peaks at frequencies of 0.25 and 0.5, corresponding to lags of four and two quarters, respectively.
This implies that, although the overall evidence is weak, income influences on non-life insurance

penetration are most apparent at short- to medium-term horizons.

Latvia The spectrum exceeds the significance threshold across all frequencies, though it lies closer
to the threshold at 0.25 and higher frequencies. This pattern indicates that the predictive effect of
GDP per capita on non-life insurance penetration is statistically significant, with stronger effects

observed at longer lags.

Norway The spectrum remains consistently above the significance threshold across the entire
frequency domain, declining gradually as frequency increases. This trajectory suggests that the
influence of GDP per capita on non-life insurance penetration is strong at shorter lags and becomes

even more pronounced over longer horizons.

Slovenia The spectrum lies predominantly below the significance threshold, with exceptions at
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frequencies of 0.25 and 0.5, corresponding to lags of four and two quarters, respectively. These
localized peaks indicate that income may exert short-term and medium-term effects on non-life

insurance demand, despite the overall weakness of the relationship.

Spain The spectrum generally aligns with the significance threshold across most frequencies, sug-
gesting only a marginal dynamic relationship. Two exceptions are observed: a stronger peak at
0.25 and a smaller one between 0.4 and 0.5, corresponding to lags of four and two quarters, respec-
tively. This indicates that any significant income effects are concentrated around the two-quarter

and one-year horizons.

4.2.9.4 Non-life insurance towards Income

The subsequent figures, also presented in Appendix L, illustrate the reverse causality spectrum,
specifically the impact of non-life insurance penetration on GDP per capita. The format remains
consistent with the previous figures, with frequency on the x-axis, the magnitude of the Granger
causality spectrum on the y-axis, and the 5% significance threshold represented by a dashed hori-

zontal line.

Czechia The spectrum remains entirely below the significance threshold, indicating no robust ev-
idence of causality. Two local peaks occur at approximately 0.1 and 0.35 (lags of ten and three
quarters, respectively), but neither reaches statistical significance. These suggest that if any influ-

ence exists, it would manifest primarily over long-term horizons.

Denmark The spectrum remains below the significance threshold across the frequency range. Its
maximum occurs near the 0.15 frequency mark, corresponding to a lag of seven quarters, implying
that any potential influence would be concentrated at longer horizons, though not statistically

confirmed.

Greece The spectrum does not cross the significance threshold at any frequency. Only at very
high frequencies, near 0.5, does the curve approach the threshold. This pattern suggests that any
potential impact of non-life insurance penetration on GDP per capita would be confined to very

short-term horizons, if present at all.

Italy The spectrum remains consistently above the significance threshold across the entire frequency
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domain, with notable peaks at 0.15 and 0.35 (lags of seven and three quarters). These results in-
dicate a statistically significant influence of non-life insurance penetration on GDP per capita over

both medium- and long-term horizons.

Latvia A distinct peak above the threshold is observed around the 0.25 frequency mark, with
significance sustained between 0.2 and 0.3. These frequencies correspond to lags of three to five
quarters, indicating a long-term causal effect, whereby changes in non-life insurance penetration

affect economic performance after about one year.

Norway The spectrum remains above the threshold up to the 0.2 frequency mark and exhibits a
downward trajectory from 0.1 to 0.5. This pattern suggests that non-life insurance penetration
significantly influences GDP per capita over long horizons, with diminishing impact at higher

frequencies.

Slovenia The spectrum lies below the significance threshold for most of the frequency domain,
except for a pronounced peak at 0.15 (a lag of seven quarters). This indicates that the effect of

non-life insurance penetration on economic output is most evident over the long term.

Spain The spectrum exceeds the significance threshold until approximately the 0.1 frequency mark,
corresponding to transmission lags of more than ten quarters. Outside this range, the spectrum
hovers near the threshold, suggesting that the influence of non-life insurance on GDP per capita is

confined to very long-term horizons.

The frequency-domain Granger causality results for non-life insurance again reveal substantial
cross-country heterogeneity. In the income-to-insurance direction, Denmark and Norway display
strong and pervasive effects across all frequencies, with the magnitude particularly pronounced at
longer horizons. Greece and Latvia also show robust long-term causality, though Greece’s effect
peaks at a five-quarter lag, while Latvia’s significance extends across the entire spectrum. Italy,
Slovenia, Spain, and Czechia exhibit weaker evidence overall, with causality emerging only at
specific frequencies corresponding to short- to medium-term lags (two to four quarters).

In the reverse direction, from non-life insurance penetration to GDP per capita, significant effects
are more limited but remain evident in certain cases. Italy and Latvia present clear medium- to long-

term causality, while Norway and Spain display long-horizon influences (above seven quarters).
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Slovenia exhibits significance at a lag of seven quarters, again highlighting long-term effects. In
contrast, Czechia, Denmark, and Greece provide no robust evidence of feedback effects from non-
life insurance to economic growth, with only isolated or near-threshold peaks observed.

Taken together, these findings suggest that income is a stronger and more consistent driver of
non-life insurance penetration than the reverse. Nevertheless, in countries such as Italy, Latvia,
and Norway, non-life insurance penetration also appears to contribute meaningfully to economic

performance, particularly at medium- to long-term horizons.
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Table 4.5: Summary of frequency-domain Granger causality between income and

non-life insurance penetration

Country

Income — Non-life insur-
ance

Non-life insurance — In-
come

Czechia No robust evidence; iso- No significant effects; iso-
lated short/medium peaks lated long-term peaks (3—
(2—4 quarters) 10 quarters, not significant)

Denmark Strong, all frequencies; Nosignificanteffects; max-
chevron shape imum at long horizon (7

quarters)

Greece Long-term (peak at 5 quar- No significant effects; near
ters; significance up to 0.3 threshold only at short-
frequency) term (2 quarters)

Italy Weak overall; localized Significant across all fre-
short/medium-term peaks quencies; strongest at 3—7
(2—4 quarters) quarters

Latvia Significant across spec- Significant at 3—5 quarters
trum; weaker beyond 0.25  (long-term effect)

Norway  Strong across spectrum; ef- Significant up to 0.2 fre-
fect grows at longer hori- quency; long-term effect
zons (=5 quarters)

Slovenia Weak overall; isolated Long-term effect at 7 quar-
peaks at 2—4 quarters ters

Spain Marginal overall; peaks at Long-term effect (>10 quar-

2 and 4 quarters

ters)

4.2.10 A note on the results obtained from Granger-causality

testing

Careful readers may notice discrepancies between the two approaches used to assess Granger causal-

ity. For instance, a standard time-domain test can fail to reject the null of no causality, whereas a
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frequency-domain testidentifies statistically significant causal influence. This subsection clarifies

why such divergences can arise.

Although Granger causality is conventionally assessed in the time domain using vector autoregres-
sions and Wald-type tests, the literature has long emphasized that causality can also be examined in
the frequency domain (Granger, 1969; Geweke, 1982). The distinction between these approaches
often accounts for seemingly contradictory outcomes: time-domain tests deliver a global assessment
of predictive content across all frequencies, while frequency-domain diagnostics permit inference
at specific horizons. As Breitung and Candelon (2006) demonstrated, a variable may exert signif-
icant causal influence in the short run but not in the long run, or vice versa, leading to rejection
in one framework and acceptance in the other. Moreover, finite-sample limitations and lag-length
selection can materially affect the power and size of standard Granger tests, and structural breaks or
regime shifts may obscure relationships inaggregated tests (Bai and Perron, 2003). To address these
concerns, researchers often complement baseline results with robustness checks (e.g., alternative lag
orders, rolling or recursive estimation) and employ procedures that are less sensitive to integration
and cointegration orders, such as the Toda—Yamamoto approach (Toda and Yamamoto, 1995). Over-
all, divergence between analytical and time-domain Granger results should not be viewed as incon-
sistency, but rather as evidence that causal effects may be frequency-specific, sample-dependent,

or regime-varying.

Importantly, recent theoretical and simulation work by Wei (2021) provided a critical refinement:
the power of the frequency-domain Granger causality test is intimately tied to the characteristic
roots of the underlying VAR model. When a root lies near unity, the test attains especially high
power at frequencies close to 0 (or 7), precisely where low- or high-frequency dynamics dominate.
This insight helps explain why the test may succeed in detecting causality at specific horizons but
fail at others, even within the same dataset. It underscores the need to interpret frequency-domain
findings with careful consideration of the underlying series’ persistence and oscillatory properties,
and to assess robustness across frequency bands, especially those associated with near-unit-root

dynamics.
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Chapter 5

Conclusions, Policy
Recommendations, and Suggestions

for Further Research

5.1 Limitations of the research

This research examined the interdependence between the macroeconomic environ-
ment and the insurance sector. However, the analysisisnot exhaustive. A more com-
prehensive approach could yield more robust findings by incorporating additional
macroeconomic variables thatinfluence insurance demand. For example, a detailed
examination of employment composition across the primary, secondary, and tertiary
sectors could provide insights into how different occupational structures impact life
insurance consumption. Additionally, analyzing the structure of economic activities

using the Statistical Classification of Economic Activities (NACE) could help elu-
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cidate the relationship between industry-specific performance and insurance con-
sumption, provided that sufficient historical data are available. Similarly, incorpo-
rating ad hoc measures, such as tourism-related indicators, including air transport
volume and hotel overnight stays, particularly in countries where tourism consti-
tutes a significant economic sector, could offer a more nuanced understanding of
how international and domestic travel patterns affect insurance demand. Also, the
inclusion of data on major historical natural disasters would be particularly valu-
able, as such events have been shown to influence both non-life and life insurance

demand even across national boundaries (Fier and Carson, 2015).

Furthermore, as previously noted, factors beyond macroeconomic variables also
influence insurance markets. However, the limited availability of quarterly data
constrained their inclusion in this study. As higher-frequency data become increas-
ingly accessible, researchers will be better positioned to develop and test more so-
phisticated hypotheses. Itisimperative to conduct country-specific impactanalyses,
as the determinants of insurance consumption vary across countries. As insurance
consumption is influenced by the availability of high-quality insurance products
at competitive prices, and given the inherently dynamic nature of these demand
factors, it is essential to acknowledge that no definitive conclusions can be drawn.
Consequently, findings should be constantly updated to support an understanding

of the underlying forces shaping the insurance market.

5.2 Evaluation of the contribution

An evaluation of the performance ofthe Business Tendency Survey indicators used

in this study, namely the Business Confidence Index, Consumer Confidence Index,
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World Uncertainty Index, and World Pandemic Uncertainty Index, reveals that they
contributed positively to the explanatory power of many models,both of individual
countries and panel data models. Among these, the BCI emerged as particularly
influential, frequently included in the life insurance penetration models as a statis-
tically significant regressor. Its frequency of inclusion matched or even exceeded
that of traditional macroeconomic indicators such as inflation and population. The
World Uncertainty Index also appeared with similarly high frequency in the non-
life insurance penetration models, surpassing several traditional “hard” factors such
as inflation, unemployment, and the banking sector. These findings underscore the
relevance of public opinion-based indicators as valuable tools for capturing and

interpreting patterns in insurance consumption.

In the panel-regression results, life insurance penetration is positively associated
with the size and development of the banking sector and is also related to consumers’
propensity to spend, as captured by the Consumer Confidence Index (CCI). By con-
trast, life penetration exhibits anegative association with the long-term interest rate,
consistent with the idea that higher long-term yields may weaken the relative at-
tractiveness of life-insurance products and discourage longer-horizon contractual
saving. Turning to non-life insurance penetration, the set of positively contribut-
ing factors includes income measured with a one-year lag, the unemployment rate,
banking-sector development, and external trade intensity, suggesting that market
size, financial depth, and the scale of economic activity and exposures are important
correlates of non-life coverage. Negative associations, in turn, emerge for contem-
poraneous (more recent) income, consumers’ propensity to spend (CCI), and height-
ened uncertainty, indicating that short-run fluctuations in spending sentiment and

uncertainty conditions are linked to lower non-life penetration within the pooled
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cross-country setting.

A number of common patterns emerge from the quantile regression results for life
insurance across the examined countries. First, the most consistent finding is the
dominantrole of the dynamic structure. Lagged values of life insurance penetration
are statistically significant in almost all countries and across multiple quantiles, in-
dicating strong persistence and adjustment dynamics. In many cases, the presence
of alternating signs across lags suggests mean-reverting behavior and gradual cor-
rection mechanisms, highlighting the importance of past market developments in
shaping current outcomes. Second, macroeconomic fundamentals do not exhibit a
uniform or robust influence. Variables such as GDP per capita, unemployment, and
interest rates appear only sporadically as statistically significant determinants, and
their effects are often confined to specific quantiles. This indicates that their im-
pactis conditional on the level of insurance penetration and varies across different

parts of the distribution, rather than being systematic.

Third, the results provide clear evidence of heterogeneity across both countries and
quantiles. The same variable may have different signs, levels of significance, or
no effect at all depending on the country and the position within the distribution.
This finding supports the view that life insurance demand is shaped by country-
specific institutional, financial, and structural characteristics, which cannot be ad-
equately captured by homogeneous modeling approaches. Fourth, sentiment and
financial variables play a secondary but non-negligible role. They are significant
only in certain countries and at specific quantiles, suggesting that their influence is

context-dependent and becomes relevant only under particular market conditions.

The quantile regression results for non-life insurance reveal several consistent pat-
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terns across countries. First, as inthe case of life insurance, the dominant feature of
the results is the strong role of dynamic adjustment mechanisms. Lagged values of
non-life insurance penetration are statistically significant in all countries and across
most quantiles, indicating that the evolution of the market is largely driven by its
own past values. In many cases, the negative coefficients of the first lags point
to pronounced short-run correction dynamics, while higher-order lags occasionally
introduce delayed positive effects, suggesting the coexistence of persistence and
mean-reverting behavior. Second, compared to life insurance, macroeconomic and
financial variables appear more frequently as statistically significant determinants.
In particular, GDP per capita and banking sector development emerge as key fac-
tors in several countries. However, their effects are not uniform. GDP per capitais
often negatively associated with non-life insurance penetration, while the banking
sector generally exhibits a positive and robust influence, indicating a complemen-

tary relationship between financial development and insurance markets.

Third, the results provide strong evidence of heterogeneity across both countries
and quantiles. The same variable may exert different effects depending on the level
of insurance penetration and the country under consideration. This heterogeneity
is particularly evident in the case of macroeconomic variables, whose influence
is often confined to specific parts of the distribution rather than being pervasive.
Fourth, the importance of sector-specific and structural factors is more pronounced
in the non-life insurance market. Variables such as external trade, and exposure
to economic instability play a role in shaping demand, reflecting the closer link
between non-life insurance and economic activity. Overall, while non-life insur-
ance demand is also characterized by strong persistence and dynamic adjustment,

it appears to be more sensitive than life insurance to macroeconomic and financial
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conditions. At the same time, the effects of these variables remain heterogeneous
and distribution-dependent. This reinforces the value of quantile regression as a
tool for uncovering such non-linearities and heterogeneity, which are not captured

by conventional mean-based approaches.

The quantileregression analysisreveals a consistentand overarching pattern across
both life and non-life insurance markets: insurance demand is fundamentally driven
by dynamic persistence, while the influence of macroeconomic, financial, and sen-

timent variables is heterogeneous, conditional, and distribution-dependent.

5.3 Policy implications

The empirical findings of this study yield several important policy implications

for both the insurance sector and the broader macroeconomic environment.

First, the presence of bidirectional Granger causality between GDP per capita and
insurance penetration in several countries highlights the mutually reinforcing rela-
tionship between economic growth and insurance market development. This finding
suggests that policies aimed at fostering macroeconomic stability, such as maintain-
ing sustainable growth, low inflation, and predictable fiscal conditions, can have
indirect yet significant benefits for the expansion of insurance markets. Atthe same
time, a well-developed insurance sector can contribute to economic resilience by
facilitating risk transfer, mobilizing long-term savings, and supporting investment

activity.

Second, the strong persistence observed in both life and non-life insurance penetra-

tionimplies that insurance markets evolve gradually and are influenced by their own
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past trajectories. This path dependence suggests that policy interventions should
adopt a long-term perspective, focusing on structural improvements rather than
short-lived measures. In this context, enhancing financial literacy and increasing
public awareness of insurance products is of central importance. In particular, life
insurance should be promoted not only as a protection mechanism but also as a
long-term savings and wealth transfer instrument. Public information campaigns,
especially during periods of economic uncertainty, could help stabilize demand by

reinforcing consumer confidence.

Third, the heterogeneous and distribution-dependent effects identified through the
quantile regression analysis indicate that policy measures should be carefully tar-
geted. Since the impact of macroeconomic and financial variables varies across
countries and across different levels of insurance market development, a “one-size-
fits-all” approach is unlikely to be effective. Instead, policymakers should tailor
their strategies to the specific characteristics of each market, taking into account
institutional frameworks, financial development, and the maturity of the insurance

sector.

Fourth, the role of financial development, particularly the banking sector, emerges
as a key determinant, especially in the non-life insurance market. The evidence of
complementarity between banking activity and insurance penetration suggests that
policies promoting financial sector integration can yield positive spillovers. In this
respect, maintaining a supportive and well-regulated environment for bancassur-
ance and other forms of collaboration between financial institutions can enhance

market efficiency and broaden access to insurance products.

Fifth, the findings regarding macroeconomic variables such as long-term interest
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rates and external trade underscore the importance of policy predictability and trans-
parency. Given the sensitivity of insurance products, particularly life insurance, to
interest rate movements, monetary authorities should aim to provide clear forward
guidance and avoid abrupt policy shifts that could disrupt long-term investment
strategies. Similarly, the link between external trade and non-life insurance demand
suggests that policies promoting stable and open economic relations can indirectly

support insurance market development.

Finally, the limited and context-dependent role of sentiment indicators suggests
that while expectations and confidence matter, their effects are neither uniform nor
dominant. Nevertheless, in periods ofheightened uncertainty, policymakers should
complement structural measures with communication strategies that enhance trans-

parency and reduce ambiguity in economic policymaking.

Overall, the results of this study emphasize that insurance demand is shaped by
a complex interplay of macroeconomic conditions, financial development, and dy-
namic adjustment mechanisms. As such, effective policy design requires a combi-
nation of macroeconomic stability, institutional support, and targeted interventions
that account for country-specific characteristics and distributional heterogeneity.
It is hoped that the findings of this research will contribute to the understanding of
these relationships and stimulate further academic and policy-oriented work in the

fields of insurance economics and macro-financial analysis.
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A Summary statistics
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Table A.1: Summary statistics, Czechia

Mean StDev Median Ql Q3 Skewness Kurtosis Min Max
Penetration Life 0.009 0.002 0.008 0.007 0.010 0.285 -0.838 0.006 0.012
Penetration Nonlife 0.016 0.002 0.015 0.015 0.017 0.691 -0.672 0.014 0.020
Population 10,590.058 148.062 10,515.500 10,505.750 10,554.250 1.357 -0.039 10,479.000 10,899.000
GDP per capita 4.273 0.441 4.379 3.861 4.677 -0.133 -1.551 3.560 4.972
Inflation 3.754 4.374 2.505 1.418 3.326 1.958 2.862 0.100 17.578
Unemployment 3.350 1.581 2.550 2.133 4.592 0.780 -1.016 1.700 6.567
Banking sector 49.748 1.277 49.800 48.700 50.550 0.149 -0.940 47.700 52.300
LT Interest rate 2.136 1.370 1.805 0.998 3.248 0.601 -0.882 0.303 5.113
Business Confidence 99.565 1.239 99.676 98.579 100.553 -1.264 2.845 94.569 101.148
Consumer Confidence 100.511 2.350 100.722 98.696 102.618 -0.395 -1.117 95.964 103.872
Uncertainty 1.942 1.873 2.000 0.000 3.000 0.855 -0.068 0.000 7.000
Pandemic uncertainty 2.077 7.342 0.000 0.000 0.000 5.339 31.267 0.000 49.745
External trade 1.518 0.100 1.545 1.499 1.579 -1.051 0.155 1.275 1.656

StDev: Standard Deviation, Q1: First Quartile, Q3: Third Quartile, Min: Minimum Value, Max: Maximum Value

LT: Long-term, Business Confidence: Business Confidence Index, Consumer Confidence: Consumer Confidence Index, Uncertainty:

World Uncertainty Index, Pandemic Uncertainty: World Pandemic Uncertainty Index



Table A.2: Summary statistics, Denmark

Mean StDev Median Ql Q3 Skewness Kurtosis Min Max
Penetration Nonlife 0.026 0.001 0.026 0.025 0.027 -0.210 -0.642 0.023 0.028
Population 5,722.507 150.574 5,729.050 5,585.075 5,833.125 0.102 -1.276 5,479.000 5,991.400
GDP per capita 13.231 0.988 12.982 12.471 13.903 0.798 -0.136 11.852 16.048
Inflation 1.863 1.954 1.201 0.605 2.493 2.202 5.042 0.097 9.236
Unemployment 4.872 1.096 4.833 4.158 5.717 -0.069 -0.601 2.400 7.033
Banking sector 168.916  18.407 170.550 163.625 184.075 -0.522 -0.584 131.700 198.700
LT Interest rate 1.518 1.384 1.420 0.345 2.524 0.392 -0.967 -0.493 4.547
Business Confidence 100.166 1.429 100.274 99.773 101.024 -1.636 4.337 94.142 102.468
Consumer Confidence 100.365 1.233 100.798 99.879 101.201 -1.531 2.278 96.290 101.931
Uncertainty 3.059 2.870 2.000 1.000 4.000 1.409 1.584 0.000 12.000
Pandemic uncertainty 1.297 4.394 0.000 0.000 0.000 3.955 16.621 0.000 26.529
External trade 0.625 0.113 0.602 0.539 0.683 0.756 -0.535 0.463 0.892




Table A.3: Summary statistics, Greece

Mean StDev Median Ql Q3 Skewness Kurtosis Min Max
Penetration Life 0.011 0.002 0.011 0.010 0.012 0.244 -0.201 0.007 0.015
Penetration Nonlife 0.012 0.001 0.012 0.011 0.013 0.194 -0.664 0.009 0.015
Population 10,842.550 202.738 10,787.400 10,701.175 11,056.075 0.008 -1.448 10,525.500 11,122.900
GDP per capita 4.630 0.498 4.472 4.219 4911 0.716 -0.710 3.793 5.668
Inflation 1.717 2.902 1.304 -0.456 2.934 1.139 1.744 -2.380 11.676
Unemployment 15.857 6.282 15.883 10.558 21.775 0.074 -1.396 6.167 26.133
Banking sector 93.167 24.364 101.800 80.050 112.975 -0.729 -0.859 47.200 120.600
LT Interest rate 6.808 5.398 4.967 3.805 8.376 1.710 2.953 0.697 25.400
Business Confidence 98.857 2.919 99.561 96.618 101.164 -0.446 -0.897 91.757 103.788
Consumer Confidence 98.019 2.152 98.147 96.259 99.524 0.199 -0.491 93.996 103.763
Uncertainty 2.903 2.819 2.000 0.000 4.000 1.109 1.170 0.000 13.000
Pandemic uncertainty 2.716 7.723 0.000 0.000 0.000 3.069 9.034 0.000 39.667
External trade 0.449 0.114 0.417 0.367 0.505 0.953 0.340 0.273 0.781




Table A.4: Summary statistics, [taly

Mean StDev Median Ql Q3 Skewness Kurtosis Min Max
Penetration Life 0.053 0.011 0.053 0.045 0.060 0.098 -0.261 0.027 0.082
Penetration Nonlife 0.022 0.003 0.022 0.020 0.024 -0.420 -0.941 0.017 0.027
GDP per capita 7.635 0.395 7.626 7.365 7.927 -0.203 0.075 6.359 8.385
Population 59,649.051 518.879 59,763.700 59,098.250 60,109.400 -0.282 -1.367 58,572.900 60,339.100
Inflation 1.906 2.309 1.184 0.483 2.521 2.082 4.717 -0.485 11.746
Unemployment 8.083 1.860 8.100 6.500 9.625 -0.043 -1.136 4.600 11.500
Banking sector 79.357 9.292 79.950 73.475 86.500 -0.576 -0.528 58.400 92.300
LT Interest rate 3.258 1.498 3.667 1.863 4.397 -0.103 -1.124 0.637 6.613
Business Confidence 100.249 1.250 100.459 99.668 100.977 -0.809 0.736 96.363 102.630
Consumer Confidence 99.546 1.542 99.717 98.730 100.519 -0.300 -0.123 96.036 103.193
Uncertainty 3.958 3.437 3.000 1.000 6.000 1.102 1.191 0.000 15.000
Pandemic uncertainty 1.970 7.143 0.000 0.000 0.000 4.167 17.403 0.000 40.073
External trade 0.569 0.061 0.559 0.537 0.596 0.675 0.993 0.438 0.749




Table A.5: Summary statistics, Latvia

Mean StDev Median Ql Q3 Skewness Kurtosis Min Max
Penetration Life 0.005 0.002 0.005 0.004 0.006 1.180 3.879 0.002 0.012
Penetration Nonlife 0.013  0.004 0.013 0.010 0.015 0.619 2.024 0.003 0.029
Population 1,981.169 93.285 1,961.300 1,900.950 2,039.000 0.665 -0.686 1,859.200 2,188.000
GDP per capita 3.551 0.591 3.459 3.105 4.087 0.006 -1.140 2.399 4.561
Inflation 3.857 5.803 1.992 0.300 4.088 1.730 2.096 -3.750 21.746
Unemployment 9.544  3.650 8.700 6.667 11.500 0.970 -0.257 5.667 18.633
Banking sector 57.728 15.041 57.100 46.315 68.120 0.246 -1.016 35.380 85.440
LT Interest rate 3.438 3.597 2.690 0.802 5.232 1.241 0.751 -0.257 13.670
Business Confidence 100.300  2.875 100.899 99.804 101.766 -1.927 4.075 89.041 103.759
Consumer Confidence 100.334 3.174 101.419 98.763 102.701 -1.167 0.532 91.380 103.745
Uncertainty 4.000 3.786 3.000 1.000 6.000 0.861 -0.257 0.000 15.000
Pandemic uncertainty 1.356  4.028 0.000 0.000 0.000 3.093 8.888 0.000 19.313

External trade 0.979  0.152 0.991 0.942 1.046 -0.264 0.761 0.586 1.335




Table A.6: Summary statistics, Norway

Mean StDev Median Ql Q3 Skewness Kurtosis Min Max
Penetration Life 0.029 0.009 0.028 0.023 0.032 1.602 5.593 0.013 0.071
Penetration Nonlife 0.067 0.006 0.067 0.063 0.071 -0.108 0.105 0.049 0.081
Population 4,992.118 354.488 5,002.000 4,638.250 5,315.500 0.026 -1.453 4,467.000 5,590.000
GDP per capita 28.004 2.866 28.175 26.166 30.061 -0.326 -0.474 21.376 34.045
Inflation 2.446 1.433 2.238 1.456 3.127 0.845 1.382 -1.427 6.741
Unemployment 2.660 0.576 2.600 2.275 3.100 0.293 -0.446 1.467 4.100
Banking sector 102.565 18.930 107.400 84.500 116.525 -0.153 -0.953 68.500 139.400
LT Interest rate 3.380 1.644 3.462 1.886 4.380 0.307 -0.939 0.607 6.753
Business Confidence 100.081 1.166 100.214 99.296 100.871 -0.595 0.563 96.236 102.641
Consumer Confidence 10.266  17.223 15.150 1.125 22.975 -1.051 0.285 -36.900 31.200
Uncertainty 2.696 2.605 2.000 1.000 4.000 1.505 2.240 0.000 13.000
Pandemic uncertainty 2.051 7.366 0.000 0.000 0.000 3.948 14.731 0.000 39.160
External trade 1.046 0.399 0.854 0.707 1.315 0.791 -0.530 0.640 2.073




Table A.7: Summary statistics, Slovenia

Mean StDev Median Ql Q3 Skewness Kurtosis Min Max
Penetration Life 0.015 0.002 0.015 0.014 0.016 -0.181 -1.104 0.012 0.017
Penetration Nonlife 0.036  0.006 0.034 0.032 0.041 0.547 -1.187 0.028 0.046
Population 2,090.263 22.626 2,093.350 2,065.925 2,108.050 0.053 -1.661 2,062.400 2,124.700
GDP per capita 5.049 0.405 5.106 4.696 5.320 -0.089 -1.043 4.229 5.763
Inflation 2.510 3.295 1.600 -0.011 3.173 1.178 0.236 -0.921 10.667
Unemployment 5.044 1.821 4.517 3.675 6.075 0.778 -0.712 2.833 9.133
Banking sector 44713  7.631 41.925 39.405 49.477 0.818 -0.220 33.890 63.300
LT Interest rate 1.271  1.152 0.955 0.392 1.788 0.710 -0.729 -0.180 3.487
Business Confidence 100.842  1.937 101.690 99.206 102.082 -1.030 0.776 94.568 103.450
Consumer Confidence 100.468 2.631 100.787 98.275 102.976 -0.186 -1.341 95.629 104.302
Uncertainty 4263 2.767 4.000 2.250 6.000 0.181 -0.980 0.000 10.000
Pandemic uncertainty 2.030 5.742 0.000 0.000 0.000 3.458 13.208 0.000 30.436
External trade 1.592  0.125 1.576 1.509 1.633 0.759 0.257 1.356 1.889




Table A.8: Summary statistics, Spain

Mean StDev Median Ql Q3 Skewness Kurtosis Min Max
Penetration Life 0.024 0.007 0.023 0.020 0.027 2.915 12.125 0.015 0.066
Penetration Nonlife 0.029 0.003 0.028 0.028 0.030 0.886 -0.180 0.025 0.036
Population 45,571.348 2,307.395 46,464.950 44,205.825 46,816.050 -0.927 -0.300 40,478.400 49,018.700
GDP per capita 6.264 0.373 6.236 5.980 6.537 0.103 -0.550 5.316 7.147
Inflation 2.379 2.024 2.555 0.969 3.437 0.808 2.015 -1.069 10.059
Unemployment 13.686 5.021 12.617 9.717 17.583 0.548 -0.887 6.667 24.567
Banking sector 116.725 30.622 105.700 91.775 145.275 0.410 -1.288 71.000 167.600
LT Interest rate 3.311 1.673 3.793 1.652 4.506 -0.365 -1.025 0.100 6.427
Business Confidence 100.393 1.608 100.833 99.783 101.473 -1.367 2.021 94.499 102.807
Consumer Confidence 99.454 2.797 100.190 97.237 101.602 -0.543 -0.760 903.248 104.026
Uncertainty 3.530 2.758 3.000 1.000 5.000 0.901 0.616 0.000 12.000
Pandemic uncertainty 1.048 4.443 0.000 0.000 0.000 5.672  34.842 0.000 34.025
External trade 0.609 0.072 0.603 0.557 0.652 0.440 0.206 0.453 0.820




B Stationarity tests



Table B.1: Stationarity test, ADF p-values, Czechia

Variable None Drift Trend
Penetration Life 0.05 0.60 0.00
Penetration Nonlife 0.69 0.00 0.00
Population 0.29 0.69 0.11
GDP per capita 0.37 0.29 0.02
Inflation 0.12 0.17 0.77
Unemployment 0.03 0.58 0.93
Banks 0.90 0.09 0.09
LT Interest rate 0.73 0.34 0.48

Business Confidence 0.82 0.01 0.01
Consumer Confidence 0.68 0.03 0.02

Uncertainty 0.03 0.04 0.26
Pandemic uncertainty  0.00 0.12  0.70
External trade 0.39 0.05 0.01

LT: Long-term, Business Confidence: Business Confidence Index, Consumer Confidence:
Consumer Confidence Index, Uncertainty: World Uncertainty Index, Pandemic Uncertainty:

World Pandemic Uncertainty Index



Table B.2: Stationarity test, ADF p-values, Denmark

Variable None Drift Trend

Penetration Nonlife 0.69 0.03 0.00

Population 0.00 0.60 0.09
GDP per capita 0.15 0.64 0.01
Inflation 0.01 0.01 0.37
Unemployment 0.91 0.01 0.00
Banking sector 0.15 0.73  0.00

Business Confidence 0.83 0.00 0.00
Consumer Confidence 0.88 0.00 0.00

Uncertainty 0.05 0.01 0.26
Pandemic uncertainty  0.03 0.41  0.91
External trade 0.17 0.80 0.01

Table B.3: Stationarity test, ADF p-values, Greece

Variable None Drift Trend
Penetration Life 0.69 0.00 0.00
Penetration Nonlife 0.72 0.00 0.00
Population 0.15 0.13 0.00
GDP per capita 0.41 0.06 0.67
Inflation 0.00 0.09 047
Unemployment 0.80 0.27 0.02
Banking sector 0.34 0.78 0.01
LT Interest rate 0.15 0.08 0.02

Business Confidence 0.91 0.00 0.00
Consumer Confidence 0.74 0.01 0.00
Uncertainty 0.03 0.01 0.23
Pandemic uncertainty  0.00 0.21  0.59
External trade 0.90 0.09 0.00




Table B.4: Stationarity test, ADF p-values, Italy

Variable None Drift Trend
Penetration Life 0.70 0.00 0.00
Penetration Nonlife 0.60 0.00 0.00
Population 0.09 0.55 0.03
GDP per capita 0.61 0.11  0.00
Inflation 0.05 0.24 0.76
Unemployment 0.39 0.48 0.00
Banking sector 0.05 0.97 0.02
LT Interest rate 0.11 0.04 0.50

Business Confidence 0.88 0.00 0.00
Consumer Confidence 0.63 0.00 0.00

Uncertainty 0.05 0.00 0.01
Pandemic uncertainty  0.02 0.35  0.89
External trade 0.97 0.06 0.01

Table B.5: Stationarity test, ADF p-values, Latvia

Variable None Drift Trend
Penetration Life 0.33 0.00 0.00
Penetration Nonlife 0.20 0.00 0.00
Population 0.01 0.00 0.03
GDP per capita 0.69 0.13 0.00
Inflation 0.00 0.02 0.93
Unemployment 0.59 0.12 0.00
Banking sector 0.15 0.92 0.00
LT Interest rate 0.18 0.42 0.30

Business Confidence 0.88 0.01 0.01
Consumer Confidence 0.97 0.02  0.01
Uncertainty 0.11 0.06 0.41
Pandemic uncertainty  0.05 0.42  0.87
External trade 0.84 0.04 0.04




Table B.6: Stationarity test, ADF p-values, Norway

Variable None Drift Trend
Penectration Life 0.22  0.00 0.00
Penetration Nonlife 0.81 0.00 0.00
Population 0.01 0.50 0.04
GDP per capita 0.47 0.12 0.00
Inflation 0.15 0.01 0.14
Unemployment 0.70 0.03 0.03
Banking sector 0.96 0.02 0.00
LT Interest rate 0.16 0.13 0.70

Business Confidence 0.98 0.00 0.00
Consumer Confidence 0.00 0.05 0.00

Uncertainty 0.01 0.00 0.32
Pandemic uncertainty  0.00 0.24  0.49
External trade 0.17 0.59 0.09

Table B.7: Stationarity test, ADF p-values, Slovenia

Variable None Drift Trend
Penetration Life 0.53 0.01 0.00
Penetration Nonlife 0.46 0.00 0.00
Population 0.07 0.61 0.02
GDP per capita 0.32 0.11 0.00
Inflation 0.19 0.20 0.91
Unemployment 0.00 0.24 0.14
Banking sector 0.00 0.00 0.00
LT Interest rate 0.98 0.42 0.43

Business Confidence 0.65 0.06 0.01
Consumer Confidence 0.67 0.20  0.05
Uncertainty 0.29 0.00 0.02
Pandemic uncertainty  0.01 0.21  0.82
External trade 0.97 0.01 0.01




Table B.8: Stationarity test, ADF p-values, Spain

Variable None Drift Trend
Penetration Life 0.16 0.00 0.00
Penetration Nonlife 0.68 0.00 0.00
Population 0.16 0.05 0.00
GDP per capita 0.34 0.08 0.02
Inflation 0.03 0.01 0.06
Unemployment 0.68 0.31 0.21
Banking sector 0.66 0.54 0.02
LT Interest rate 0.22 0.20 0.21

Business Confidence 0.79 0.00 0.00
Consumer Confidence 0.80 0.00  0.00
Uncertainty 0.02 0.00 0.07
Pandemic uncertainty  0.00 0.26  0.53
External trade 0.92 0.10 0.00




Table B.9: ADF Test p-values for treated data, specification: levels

Variable Czechia Denmark Greece Italy Latvia Norway Slovenia Spain
Penetration Life 0.010 — 0.010 0.010 0.010 0.031 0.010 0.010
Penetration Nonlife 0.010 0.010 0.073 0.010 0.010 0.011 0.010 0.010
Population 0.010 0.010 0.066 0.019 0.010 0.028 0.010 0.010
GDP per capita 0.010 0.010 0.019 0.010 0.010 0.010 0.010 0.010
Inflation 0.010 0.010 0.033 0.010 0.010 0.010 0.015 0.010
Unemployment 0.010 0.043 0.019 0.010 0.010 0.010 0.010 0.010
Banks 0.010 0.010 0.010 0.010 0.010 0.010 0.026 0.010
LT Interest rate 0.010 0.010 0.010 0.010 0.010 0.031 0.010 0.010
Business Confidence 0.010 0.010 0.010 0.010 0.013 0.015 0.025 0.010
Consumer Confidence 0.010 0.010 0.016 0.010 0.010 0.025 0.037 0.010
Uncertainty 0.010 0.010 0.010 0.010 0.019 0.032 0.010 0.043
Pandemic uncertainty 0.010 0.010 0.016 0.010 0.010 0.010 0.010 0.010

External trade 0.010 0.041 0.010 0.010 0.010 0.036 0.039 0.010




C Data sources



Table C.1: Sources of data on premium

Country Time period Source

Czechia 2012-2025 Q1 Czech Insurance Association (2022) and personal commu-
nication with a staff memberon 31-05-2021,07-09-2022,
and 13-06-2025.

Denmark Non-life Insurance and Pension Denmark (2023) and personal
2008-2025 Q1 communication with a staff member on 04-12-2023.
Greece 2007-2025 Q1 Hellenic Association of Insurance Companies.
Italy Life 2007-2025  Associazione Nazionale fra le Imprese Assicuratrici.
Q1; Non-life
2012-2025 Q1
Latvia 2008-2024 Q3 Latvian Insurers Association and personal communica-
tion with a staff member on 19-05-2021, 14-09-2022, and
16-09-2022.
Norway Life 2001 Finance Norway.
Q3-2025Q1;
Non-life 1999
Q3-2025 Q1
Slovenia 2015-2024 Q2 Slovenian Insurance Association.
Spain 2000-2024 Personal communication with a staff member of UNESPA

(Spanish Association of Insurers) on 21-05-2021, 24-05-
2021,07-09-2022,08-09-2022, and 18-06-2025, forward-
ing ICEA survey results.

Notes: Personal communications were conducted via the university email account. All correspon-
dence is available upon request for official inspection.

Currency conversions into euro were performed using the quarterly average of the official ECB ex-
change rate.



Table C.2: Explanatory variables’ data sources

Description Source

GDP at current prices, in mil- | OECD
lion €

Population, in thousand per- | OECD
sons

Premium to GDP (Insurance | Own calculations
penetration)

GDP at chain linked volumes | Eurostat
(2010), in million €

Inflation (HICP) Eurostat

Unemployment Eurostat

Private credit to GDP ECB, Federal Reserve Bank of St.
Louis

Long-Term Interest rate ECB, OECD

Business Confidence Index OECD

Consumer Confidence Index | OECD, Finance Norway

World Uncertainty Index World Uncertainty Index

Pandemic Index World Uncertainty Index

Currency conversions into euro were conducted using the quarterly average of official

exchange rate data, as provided by the ECB.



D Data visualization
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Figure D.1. Czechia — Life Insurance vs Regressors
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Norway: Life Penetration vs Determining factors
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Latvia: Non-Life Penetration vs Determining factors
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Slovenia: Non-Life Penetration vs Determining factors
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Figure D.14. Slovenia — Nonlife Insurance vs Regressors
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E OLS - Complete models



Table E.1: OLS - Complete model - Life insurance penetration - Czechia

Variable Estimate Std. Error t-value p-value
Intercept 0.001 0.009 0.146 0.884
Population -9.385 3.391 -2.768 0.006
GDP per capita -0.954 0.289 -3.299 0.001
Inflation 0.000 0.002 -0.286 0.775
Unemployment 0.110 0.033 3.346 0.001
Banking sector -0.040 0.022 -1.840 0.066
LT Interest rate 0.065 0.026 2.469 0.014
Business Confidence 0.013 0.012 1.051 0.294
Consumer Confidence -0.008 0.015 -0.531 0.596
Uncertainty -0.011 0.005 -2.088 0.037
Pandemic uncertainty -0.001 0.001 -0.608 0.544
Insurance penetration lag 1 -0.539 0.141 -3.813 0.000
Insurance penetration lag 3 -0.040 0.162 -0.249 0.803
Insurance penetration lag 4 0.326 0.198 1.650 0.099

Std. Error: Standard Error, LT: Long-term, Business Confidence: Business Confidence Index, Consumer Confidence: Consumer

Confidence Index, Uncertainty: World Uncertainty Index, Pandemic Uncertainty: World Pandemic Uncertainty Index



Table E.2: OLS - Complete model - Life insurance penetration - Greece

Variable Estimate Std. Error t-value p-value
Intercept 2.207 3.221 0.685 0.493
Population -0.238 0.347 -0.685 0.493
GDP per capita -0.416 0.613 -0.679 0.497
Inflation -0.005 0.007 -0.754 0.451
Unemployment 0.014 0.018 0.811 0.418
Banking sector -0.001 0.006 -0.190 0.850
LT Interest rate 0.017 0.006 2.722 0.007
Business Confidence 0.006 0.006 0.943 0.346
Consumer Confidence 0.014 0.011 1.196 0.232
Uncertainty 0.006 0.005 1.236 0.217
Pandemic uncertainty -0.001 0.002 -0.333 0.739
Insurance penetration lag 1 -0.790 0.088 -9.030 0.000
Insurance penetration lag 2 -0.726 0.117 -6.228 0.000

Insurance penetration lag 3 -0.717 0.090 -7.949 0.000




Table E.3: OLS - Complete model - Life insurance penetration - Italy

Variable Estimate Std. Error t-value p-value
Intercept -2.965 0.060 -49.736 0.000
Population -71.464 42.808 -1.669 0.095
GDP per capita 0.383 0.234 1.634 0.102
Inflation 0.004 0.010 0.382 0.702
Unemployment -0.037 0.019 -1.948 0.051
Banking sector 0.006 0.009 0.638 0.524
LT Interest rate 0.002 0.026 0.086 0.931
Business Confidence 0.076 0.022 3.438 0.001
Consumer Confidence -0.010 0.014 -0.724 0.469
Uncertainty -0.001 0.003 -0.271 0.786
Pandemic uncertainty -0.001 0.001 -0.711 0.477
Insurance penetration lag 1 0.851 0.069 12.356 0.000
Insurance penetration lag 2 -0.988 0.009 -109.602 0.000
Insurance penetration lag 3 0.861 0.069 12.525 0.000
Moving average lag 1 -0.096 0.072 -1.328 0.184
Moving average lag 2 0.944 0.141 6.675 0.000




Table E.4: OLS - Complete model - Life insurance penetration - Latvia

Variable Estimate Std. Error t-value p-value
Intercept 0.269 0.015 18.445 0.000
Population -0.014 15.844  -0.001 0.999
GDP per capita -0.186 0.476  -0.391 0.696
Inflation 0.009 0.011 0.868 0.386
Unemployment 0.006 0.033 0.189 0.850
Banking sector -0.036 0.014 -2.611 0.009
LT Interest rate -0.046 0.023  -1.969 0.049
Business Confidence -0.003 0.000 -13.943 0.000
Consumer Confidence -0.013 0.017 -0.766 0.444
Uncertainty -0.002 0.007 -0.253 0.800
Pandemic uncertainty -0.002 0.003 -0.943 0.346
Insurance penetration lag 1 -0.430 0.089 -4.811 0.000
Insurance penetration lag 2 -0.465 0.116 -4.010 0.000
Insurance penetration lag 3 -0.336 0.106 -3.159 0.002
Insurance penetration lag 4 0.440 0.110 4.016 0.000
Insurance penetration lag 5 0.072 0.068 1.057 0.291
Moving average lag 4 -0.382 0.119 -3.212 0.001




Table E.5: OLS - Complete model - Life insurance penetration - Norway

Parameter Estimate Std. Error t-value p-value
Intercept 0.187 1.540 0.121 0.903
GDP per capita 0.001 0.000 1.731 0.083
Unemployment 0.002 0.001 2.269 0.023
Banking sector 0.001 0.000 2.709 0.007
LT Interest rate -0.003 0.001 -2.813 0.005
Consumer Confidence 0.000 0.000 0.756 0.450
Uncertainty 0.000 0.000 -1.327 0.184
Pandemic uncertainty 0.000 0.000 0.415 0.678
Insurance penetration lag 1 0.058 0.033 1.756 0.079
Insurance penetration lag 4 0.940 0.034 28.021 0.000
Moving average lag 4 -0.189 0.183 -1.033 0.301




Table E.6: OLS - Complete model - Life insurance penetration - Slovenia

Estimate Std. Error tvalue p value

Intercept -0.006 0.007 -0.944  0.345
Population -34.070 11.350 -3.002  0.003
GDP per capita -0.367 0.179 -2.054  0.040
Inflation 0.000 0.002 0.200  0.842
Unemployment -0.032 0.017 -1.906 0.057
Banking sector 0.023 0.015 1.482 0.138
LT Interest rate 0.030 0.012 2.485 0.013
Business Confidence 0.018 0.017 1.060 0.289
Consumer Confidence -0.007 0.026 -0.260  0.795
Uncertainty -0.002 0.002 -0.961  0.337
Pandemic uncertainty 0.001 0.003 0.221 0.825
Insurance penetration lag 1 -0.168 0.158 -1.062  0.288

Insurance penetration lag 2 -0.683 0.143 -4.761 0.000




Table E.7: OLS - Complete model - Life insurance penetration - Spain

Estimate Std. Error tvalue p value
Intercept 0.003 0.009 0.346  0.730
Population -6.701 18.428 -0.364  0.716
GDP per capita 0.858 0.630 1.361 0.173
Inflation -0.010 0.016 -0.605  0.545
Unemployment -0.074 0.042 -1.751 0.080
Banking sector 0.003 0.011 0.308 0.758
LT Interest rate -0.018 0.048 -0.365 0.715
Business Confidence -0.062 0.029 -2.125 0.034
Consumer Confidence 0.007 0.017 0.425 0.671
Uncertainty -0.003 0.003 -1.016 0.310
Pandemic uncertainty -0.001 0.003 -0.177  0.859
Insurance penetration lagl -0.147 0.153 -0.958  0.338
Insurance penetration lag2 -0.263 0.135 -1.950 0.051
Insurance penetration lag3 -0.180 0.145 -1.245 0.213
Insurance penetration lag8 0.700 0.151 4.627  0.000
Moving average lag 1 -0.512 0.193 -2.654 0.008
Moving average lag 8 -0.374 0.247 -1.514 0.130




Table E.8: OLS - Complete model - Non-life insurance penetration - Czechia

Variable Estimate Std. Error t-value p-value
Intercept 0.000 0.001 -0.345 0.730
Population -1.622 1.097 -1.478 0.139
GDP per capita -0.182 0.101 -1.812 0.070
Inflation 0.000 0.001 0.650 0.516
Unemployment 0.003 0.015 0.192 0.848
Banking sector 0.005 0.006 0.867 0.386
External trade 0.021 0.077 0.274 0.785
Business Confidence -0.002 0.005 -0.337 0.736
Consumer Confidence -0.009 0.004 -2.068 0.039
Uncertainty -0.005 0.002 -2.356 0.019
Pandemic uncertainty 0.001 0.001 1.341 0.180
Insurance penetration lag 1 -1.460 0.131 -11.137 0.000
Insurance penetration lag 2 -1.458 0.132 -11.025 0.000
Insurance penetration lag 3 -1.455 0.131 -11.082 0.000

Insurance penetration lag 4 -0.462 0.132  -3.502 0.000




Table E.9: OLS - Complete model - Non-life insurance penetration - Denmark

Variable Estimate Std. Error t-value p-value
Intercept -3.452 0.253 -13.625 0.000
GDP per capita -0.737 0.036 -20.575 0.000
Inflation -0.001 0.002  -0.334 0.738
Unemployment -0.000 0.004 -0.022 0.982
Banking sector 0.005 0.001 4.126 0.000
External trade -0.612 0.099 -6.205 0.000
Business Confidence 0.002 0.003 0.779 0.436
Consumer Confidence -0.008 0.004 -2.171 0.030
Uncertainty -0.001 0.000 -1.935 0.053
Pandemic uncertainty 0.000 0.000 0.395 0.693
Insurance penetration lag 1 0.881 0.127 6.947 0.000
Insurance penetration lag 2 -0.335 0.140 -2.389 0.017
Insurance penetration lag 3 0.282 0.136 2.069 0.039
Insurance penetration lag 4 0.301 0.126 2.383 0.017
Insurance penetration lag 5 0.193 0.121 1.590 0.112
Insurance penetration lag 6 -0.557 0.114  -4.885 0.000
Insurance penetration lag 7 0.676 0.148 4.567 0.000

Insurance penetration lag 8 -0.470 0.135 -3.480 0.001




Table E.10: OLS - Complete model - Non-life insurance penetration - Greece

Variable Estimate Std. Error t-value p-value
Intercept 11.230 0.194 57.767 0.000
Population -1.201 0.022 -55.131 0.000
GDP per capita -0.454 0.606 -0.749 0.454
Inflation -0.004 0.009 -0.479 0.632
Unemployment 0.000 0.016 0.008 0.994
Banking sector 0.002 0.006 0.365 0.715
External trade -0.144 0.065 -2.236 0.025
Business Confidence 0.003 0.008 0.339 0.734
Consumer Confidence 0.021 0.013 1.638 0.101
Uncertainty 0.008 0.005 1.619 0.105
Pandemic uncertainty -0.002 0.002 -0.879 0.379
Insurance penetration lag 1 -0.684 0.087 -7.843 0.000
Insurance penetration lag 2 -0.725 0.098 -7.400 0.000

Insurance penetration lag 3 -0.568 0.096 -5.937 0.000




Table E.11: OLS - Complete model - Non-life insurance penetration - Italy

Variable Estimate Std. Error t-value p-value
Intercept 0.002 0.000 4.670 0.000
Population 12.441 4.797 2.593 0.010
GDP per capita -0.784 0.063 -12.429 0.000
Inflation 0.000 0.000 0.773 0.440
Unemployment 0.010 0.001 6.476 0.000
Banking sector 0.007 0.003 2.603 0.009
External trade 0.238 0.035 6.816 0.000
Business Confidence -0.002 0.001 -1.053 0.293
Consumer Confidence 0.002 0.002 1.508 0.131
Uncertainty 0.001 0.001 1.262 0.207
Pandemic uncertainty -0.001 0.000 -8.803 0.000
Insurance penetration lag 1 -0.998 0.011  -91.625 0.000
Insurance penetration lag 2 -0.995 0.011 -89.318 0.000
Insurance penetration lag 3 -0.997 0.003 -349.982 0.000

Moving average lag 1 -0.935 0.523 -1.788 0.074




Table E.12: OLS - Complete model - Non-life insurance penetration - Latvia

Variable Estimate Std. Error t-value p-value
Intercept -0.339 0.011 -29.621 0.000
Population -0.004 13.586 0.000 1.000
GDP per capita -1.643 0.203  -8.088 0.000
Inflation -0.004 0.009  -0.452 0.651
Unemployment -0.016 0.027  -0.595 0.552
External trade 0.175 0.183 0.958 0.338
Business Confidence 0.004 0.000 23.404 0.000
Consumer Confidence 0.009 0.014 0.612 0.540
Uncertainty -0.004 0.006 -0.677 0.499
Pandemic uncertainty -0.001 0.002 -0.536 0.592
Insurance penetration lag 1 -0.402 0.071  -5.645 0.000
Insurance penetration lag 2 -0.529 0.066 -8.000 0.000
Insurance penetration lag 3 -0.295 0.099 -2.974 0.003
Insurance penetration lag 4 -0.179 0.066 -2.692 0.007
Insurance penetration lag 5 -0.092 0.057 -1.629 0.103
Insurance penetration lag 6 -0.024 0.052 -0.466 0.641

Insurance penetration lag 8 -0.154 0.068 -2.269 0.023




Table E.13: OLS — Complete model — Non-life insurance penetration — Norway

Variable Estimate Std. Error t-value p-value
Intercept -2.554 0.663 -3.850 0.000
Population 26.633 6.342  4.199 0.000
GDP per capita -0.364 0.051 -7.134 0.000
Inflation 0.002 0.003  0.631 0.528
Unemployment 0.058 0.013  4.575 0.000
Banking sector 0.012 0.003  5.000 0.000
External trade 0.074 0.039  1.885 0.060
Business Confidence -0.004 0.007 -0.599 0.549
Consumer Confidence 0.003 0.001 3.407 0.001
Uncertainty 0.001 0.002  0.609 0.543
Pandemic uncertainty 0.000 0.000 -0.032 0.974
Insurance penetration lag 1 0.719 0.102  7.051 0.000

Insurance penetration lag 2 0.160 0.106 1.516 0.130




Table E.14: OLS - Complete model - Non-life insurance penetration - Slovenia

Variable Estimate Std. Error t-value p-value
intercept 0.002 0.001 1.894 0.058
Population 14.931 6.927 2.156 0.031
GDP per capita -0.876 0.256 -3.421 0.001
Inflation -0.001 0.000 -3.621 0.000
Unemployment 0.012 0.015 0.808 0.419
Banking sector -0.001 0.010 -0.134 0.893
External trade -0.153 0.051 -2.994 0.003
Business Confidence -0.008 0.009 -0.865 0.387
Consumer Confidence 0.009 0.011 0.756 0.450
Uncertainty 0.000 0.001 0.087 0.931
Pandemic uncertainty -0.001 0.002 -0.363 0.717
Insurance penetration lag 1 -0.968 0.038 -25.453 0.000
Insurance penetration lag 2 -0.980 0.029 -34.259 0.000
Insurance penetration lag 3 -0.958 0.032 -30.112 0.000

Moving average lag 1 -1.000 0.109 -9.161 0.000




Table E.15: OLS - Complete model - Non-life insurance penetration - Spain

Variable Estimate Std. Error t-value p-value
Intercept -0.007 0.010 -0.713 0.476
Population 4.507 1.782 2.529 0.011
GDP per capita -0.843 0.058 -14.505 0.000
Inflation -0.002 0.001 -1.566 0.117
Unemployment -0.005 0.004 -1.064 0.287
Banking sector -0.002 0.001  -1.938 0.053
External trade 0.014 0.016 0.901 0.368
Business Confidence 0.006 0.002 2.582 0.010
Consumer Confidence -0.008 0.001 -6.466 0.000
Pandemic uncertainty 0.000 0.000 -0.525 0.599
Insurance penetration lag 1 -0.546 0.049 -11.147 0.000
Insurance penetration lag 2 -0.522 0.053  -9.907 0.000
Insurance penetration lag 3 -0.518 0.050 -10.378 0.000
Insurance penetration lag 4 0.454 0.048 9.504 0.000

Moving average lag 3 0.539 0.069 7.768 0.000




F OLS - Variable selection models



Table F.1: OLS - Variable Selection Model - Life insurance penetration - Czechia

Variable Estimate Std. Error t-value p-value
Intercept -0.001 0.007 -0.108 0.914
Population -7.761 2.679 -2.897 0.004
GDP per capita -0.804 0.236 -3.404 0.001
Unemployment 0.101 0.032 3.142 0.002
Banking sector -0.039 0.017 -2.309 0.021
LT Interest rate 0.062 0.026 2.409 0.016
Uncertainty -0.012 0.005 -2.492 0.013
Insurance penetration lag 1 -0.540 0.120 -4.483 0.000
Insurance penetration lag 4 0.363 0.121 3.004 0.003

Table F.2: OLS - Variable Selection Model - Life insurance penetration - Greece

Variable Estimate Std. Error t-value p-value
Intercept 0.002 0.015 0.118 0.906
Unemployment 0.023 0.015 1.591 0.112
LT Interest rate 0.016 0.007 2.442 0.015
Consumer Confidence 0.019 0.008 2.253 0.024
Insurance penetration lag 1 -0.772 0.088 -8.751 0.000
Insurance penetration lag 2 -0.676 0.110 -6.137 0.000

Insurance penetration lag 3 -0.691 0.091 -7.555 0.000




Table F.3: OLS - Variable Selection Model - Life insurance penetration - Italy

Variable Estimate Std. Error t-value p-value
Intercept -2.967 0.060 -49.402 0.000
Population -67.378 41.162 -1.637 0.102
GDP per capita 0.440 0.215 2.044 0.041
Unemployment -0.046 0.017 -2.710 0.007
Business Confidence 0.065 0.020 3.297 0.001
Insurance penetration lag 1 0.850 0.068 12.491 0.000
Insurance penetration lag 2 -0.988 0.008 -125.208 0.000
Insurance penetration lag 3 0.860 0.068 12.615 0.000
Moving average lag 1 -0.097 0.064 -1.509 0.131

Moving average lag 2 0.974 0.215 4.541 0.000




Table F.4: OLS - Variable Selection Model - Life insurance penetration - Latvia

Variable Estimate Std. Error t-value p-value
Intercept 0.228 0.010 22.999 0.000
Inflation 0.010 0.008 1.273 0.203
Banking sector -0.032 0.014 -2.357 0.018
LT Interest rate -0.031 0.019 -1.653 0.098
Business Confidence -0.002 0.000 -15.102 0.000
Pandemic uncertainty -0.002 0.002 -0.974 0.330
Insurance penetration lag 1 -0.454 0.084 -5.373 0.000
Insurance penetration lag 2 -0.524 0.117  -4.500 0.000
Insurance penetration lag 3 -0.390 0.109 -3.561 0.000
Insurance penetration lag 4 0.397 0.102 3.877 0.000
Insurance penetration lag 5 0.036 0.065 0.555 0.579

Moving average lag 4 -0.400 0.120  -3.333 0.001




Table F.5: OLS - Variable Selection Model - Life insurance penetration - Norway

Variable Estimate Std. Error t-value p-value
Intercept 0.028 0.008 3.629 0.000
GDP per capita 0.001 0.000 1.575 0.115
Unemployment 0.002 0.001 1.998 0.046
Banking sector 0.001 0.000 2.650 0.008
LT Interest rate -0.003 0.001 -2.640 0.008
Consumer Confidence 0.000 0.000 0.976 0.329
Uncertainty 0.000 0.000 -1.167 0.243
Pandemic uncertainty 0.000 0.000 0.388 0.698
Insurance penetration lag 4 0.916 0.086 10.603 0.000
Moving average lag 4 -0.199 0.178 -1.119 0.263

Table F.6: OLS - Variable Selection Model - Life insurance penetration - Slovenia

Variable Estimate Std. Error t-value p-value
Intercept -0.004 0.006 -0.762 0.446
Population -36.526 11.426 -3.197 0.001
GDP per capita -0.523 0.139 -3.750 0.000
Unemployment -0.036 0.013 -2.744 0.006
LT Interest rate 0.038 0.010 3.651 0.000
Business Confidence 0.016 0.007 2.439 0.015

Insurance penetration lag 2 -0.615 0.137 -4.494 0.000




Table F.7: OLS - Variable Selection Model - Life insurance penetration - Spain

Variable Estimate Std. Error t-value p-value
Intercept -0.006 0.004 -1.316 0.188
Unemployment -0.091 0.039 -2.310 0.021
Business Confidence -0.053 0.018 -2.865 0.004
Insurance penetration lag 1 -0.262 0.138 -1.900 0.057
Insurance penetration lag 2 -0.345 0.120 -2.868 0.004
Insurance penetration lag 3 -0.287 0.125 -2.298 0.022
Insurance penetration lag 8 0.619 0.129 4.797 0.000
Moving average lag 1 -0.356 0.157 -2.262 0.024

Moving average lag 8 -0.291 0.153 -1.908 0.056




Table F.8: OLS - Variable Selection model - Non-life insurance penetration - Czechia

Variable Estimate Std. Error t-value p-value
Intercept 0.000 0.001 0.635 0.526
Population -1.378 0.945 -1.458 0.145
GDP per capita -0.232 0.093 -2.496 0.013
Banking sector 0.008 0.006 1.405 0.160
External trade 0.014 0.047 0.302 0.763
Consumer Confidence -0.006 0.004 -1.446 0.148
Uncertainty -0.004 0.002 -2.293 0.022
Insurance penetration lag 1 -1.482 0.126 -11.764 0.000
Insurance penetration lag 2 -1.479 0.127 -11.622 0.000
Insurance penetration lag 3 -1.476 0.126 -11.708 0.000

Insurance penetration lag 4 -0.483 0.127 -3.816 0.000




Table F.9: OLS - Variable Selection model - Non-life insurance penetration - Denmark

Variable Estimate Std. Error t-value p-value
Intercept -3.461 0.256 -13.537 0.000
GDP per capita -0.727 0.029 -25.246 0.000
Banking sector 0.005 0.001 4.221 0.000
External trade -0.605 0.099 -6.126 0.000
Business Confidence 0.002 0.003 0.786 0.432
Consumer Confidence -0.009 0.004 -2.478 0.013
Uncertainty -0.001 0.000 -1.957 0.050
Insurance penetration lag 1 0.859 0.127 6.790 0.000
Insurance penetration lag 2 -0.309 0.140 -2.215 0.027
Insurance penetration lag 3 0.279 0.122 2.278 0.023
Insurance penetration lag 4 0.303 0.122 2.489 0.013
Insurance penetration lag 5 0.184 0.121 1.514 0.130
Insurance penetration lag 6 -0.547 0.114  -4.789 0.000
Insurance penetration lag 7 0.647 0.137 4.735 0.000

Insurance penetration lag 8 -0.446 0.132  -3.372 0.001




Table F.10: OLS - Variable Selection model - Non-life insurance penetration - Greece

Variable Estimate Std. Error t-value p-value
Intercept 5.081 0.355 14.330 0.000
Population -0.543 0.038 -14.199 0.000
Inflation -0.012 0.005 -2.234 0.025
External trade -0.068 0.039 -1.729 0.084
Uncertainty 0.008 0.005 1.806 0.071
Insurance penetration lag 1 -0.690 0.079  -8.731 0.000
Insurance penetration lag 2 -0.693 0.083 -8.356 0.000
Insurance penetration lag 3 -0.570 0.085 -6.711 0.000

Table F.11: OLS - Variable Selection model - Non-life insurance penetration - Italy

Variable Estimate Std. Error t-value p-value
Intercept 0.001 0.001 2.442 0.015
Population 12.503 4.309 2.901 0.004
GDP per capita -0.705 0.077 -9.163 0.000
Unemployment 0.005 0.003 1.505 0.132
Banking sector 0.004 0.001 2.867 0.004
External trade 0.152 0.066 2.302 0.021
Insurance penetration lag 1 -1.000 0.010 -104.302 0.000
Insurance penetration lag 2 -0.998 0.010 -102.008 0.000
Insurance penetration lag 3 -0.997 0.002 -455.581 0.000

Moving average lag 1 -0.493 0.113 -4.355 0.000




Table F.12: OLS - Variable Selection model - Non-life insurance penetration - Latvia

Variable Estimate Std. Error t-value p-value
Intercept 0.009 0.003 2.807 0.005
GDP per capita -1.644 0.123 -13.407 0.000
Inflation -0.007 0.004 -1.616 0.106
Unemployment -0.051 0.013 -3.857 0.000
External trade 0.428 0.125 3.416 0.001
Uncertainty -0.007 0.003 -2.703 0.007
Insurance penetration lag 1 -0.477 0.030 -15.844 0.000
Insurance penetration lag 2 -0.557 0.026 -21.834 0.000
Insurance penetration lag 3 -0.479 0.037 -13.079 0.000
Insurance penetration lag 4 -0.159 0.042 -3.742 0.000
Insurance penetration lag 5 -0.133 0.030 -4.390 0.000
Insurance penetration lag 6 -0.087 0.034 -2.581 0.010

Insurance penetration lag 8 -0.278 0.035 -7.957 0.000




Table F.13: OLS - Variable Selection model - Non-life insurance penetration - Norway

Variable Estimate Std. Error t-value p-value
Intercept -2.951 0.058 -51.013 0.000
Population 26.483 6.251 4.237 0.000
GDP per capita -0.371 0.051 -7.320 0.000
Unemployment 0.059 0.012 4.768 0.000
Banking sector 0.012 0.002 5.427 0.000
External trade 0.075 0.039 1.917 0.055
Consumer Confidence 0.003 0.001 3.564 0.000
Insurance penetration lag 1 0.711 0.101 7.036 0.000

Insurance penetration lag 2 0.163 0.106 1.544 0.123




Table F.14: OLS - Variable Selection model - Non-life insurance penetration - Slovenia

Variable Estimate Std. Error t-value p-value
Intercept 0.002 0.001 1.894 0.058
Population 14.931 6.927 2.156 0.031
GDP per capita -0.876 0.256 -3.421 0.001
Inflation -0.001 0.000 -3.621 0.000
Unemployment 0.012 0.015 0.808 0.419
Banking sector -0.001 0.010 -0.134 0.893
External trade -0.153 0.051 -2.994 0.003
Business Confidence -0.008 0.009 -0.865 0.387
Consumer Confidence 0.009 0.011 0.756 0.450
Uncertainty 0.000 0.001 0.087 0.931
Pandemic uncertainty -0.001 0.002 -0.363 0.717
Insurance penetration lag 1 -0.968 0.038 -25.453 0.000
Insurance penetration lag 2 -0.980 0.029 -34.259 0.000
Insurance penetration lag 3 -0.958 0.032 -30.112 0.000

Moving average lag 1 -1.000 0.109 -9.161 0.000




Table F.15: OLS - Variable Selection model - Non-life insurance penetration - Spain

Variable Estimate Std. Error t-value p-value
Intercept 0.002 0.001 2.151 0.032
Population 4.141 1.600 2.589 0.010
GDP per capita -0.848 0.056 -15.143 0.000
Banking sector -0.001 0.001 -1.548 0.122
Business Confidence 0.007 0.002 3.540 0.000
Consumer Confidence -0.006 0.001 -6.714 0.000
Insurance penetration lag 1 -0.583 0.043 -13.515 0.000
Insurance penetration lag 2 -0.566 0.046 -12.342 0.000
Insurance penetration lag 3 -0.553 0.044 -12.710 0.000
Insurance penetration lag 4 0.414 0.040 10.322 0.000

Moving average lag 3 0.529 0.057 9.338 0.000




G Test statistics

Table G.1: Life insurance penetration - complete models, Ljung-Box p value for residuals’
lags

Up to lag 4 8 12

Czechia  0.103 0.183 0.172
Greece 0.178 0.251 0.437
Italy 0.424 0.266 0.363
Latvia 0.848 0.262 0.497
Norway 0.143 0.451 0.125
Slovenia  0.327 0.439 0.306
Spain 0.974 0.974 0.963

Table G.2: Life insurance penetration - complete models, Ljung-Box p value for squared
residuals’ lags

Up to lag 4 8 12

Czechia 0.436 0.719 0.918
Greece 0.669 0.950 0.954
Italy 0.113 0.299 0.359
Latvia 0.994 0.060 0.237
Norway 0.462 0.597 0.306
Slovenia 0.930 0.940 0.922
Spain 0.246 0.050 0.052

Table G.3: Life insurance penetration - complete models, Residuals’ distribution

Country Jarque-Bera residuals Student’s distribution
normality test statistics / p-values degrees of freedom

Czechia 0.190 B

Greece 0.604 _

Italy 0.866 _

Latvia — 6.9

Norway _ 2.0

Slovenia 0.690 B

Spain 0.095 —




Table G.4: Nonlife insurance penetration - complete models, Ljung-Box p value for residu-
als’ lags

Up to lag 4 8 12

Czechia  0.353 0.558 0.834
Denmark 0.369 0.303 0.458
Greece 0.835 0.680 0.862
Italy 0.354 0.457 0.771
Latvia 0.934 0.228 0.448
Norway 0.179 0.351 0.329
Slovenia  0.681 0.701 0.829
Spain 0.957 0.566 0.820

Table G.5: Nonlife insurance penetration - complete models, Ljung-Box p value for squared
residuals’ lags

Up to lag 4 8 12

Czechia 0.864 0.753 0.884
Denmark 0.623 0.937 0.866
Greece 0.744 0.892 0.955
Italy 0.480 0.448 0.206
Latvia 0.996 0.642 0.904
Norway 0.915 0.706 0.861
Slovenia 0.258 0.514 0.835
Spain 0.994 1.000 1.000

Table G.6: Nonlife insurance penetration - complete models, Residuals’ distribution

Country Ji.‘l’que-Bel'a.re‘siduals Student’s distribution
normality test statistics / p-values degrees of freedom
Czechia 0.120 ~
Denmark 0.984 _
Greece — 39
Italy 0.824 -
Latvia — 6.6
Norway 0.708 _
Slovenia 0.734 _

Spain - 2.0




Table G.7: Life insurance penetration - variable selection models, Ljung-Box p value for
residuals’ lags

Up to lag 4 8 12

Czechia  0.066 0.204 0.120
Greece 0.282 0.368 0.578
Italy 0.307 0.176 0.286
Latvia 0.928 0.265 0.517
Norway 0.303 0.596 0.183
Slovenia 0.156 0.109 0.050
Spain 0.815 0.920 0.864

Table G.8: Life insurance penetration - variable selection models, Ljung-Box p value for
squared residuals’ lags

Up to lag 4 8 12

Czechia 0.655 0.864 0.975
Greece 0.318 0.742 0.824
Italy 0.077 0.272 0.419
Latvia 0.996 0.050 0.209
Norway 0.632 0.566 0.271
Slovenia 0.395 0.816 0.801
Spain 0.363 0.151 0.050

Table G.9: Life insurance penetration - variable selection models, Residuals’ distribution

Jarque-Bera residuals

Student’s distribution

Country normality test statistics / p-values  degrees of freedom
Czechia 0.262 -

Greece 0.543 -

Italy 0.703 -

Latvia - 6.9
Norway - 3.0
Slovenia 0.901 B

Spain 0.247 ~




Table G.10: Nonlife insurance penetration - variable selection models, Ljung-Box p value
for residuals’ lags

Up to lag 4 8 12

Czechia  0.179 0.158 0.318
Denmark 0.448 0.436 0.553
Greece 0.600 0.413 0.625
Italy 0.301 0.563 0.750
Latvia 0.915 0.539 0.651
Norway 0.112 0.231 0.240
Slovenia  0.681 0.701 0.829
Spain 0.907 0.566 0.820

Table G.11: Nonlife insurance penetration - variable selection models, Ljung-Box p value
for squared residuals’ lags

Up to lag 4 8 12

Czechia 0.881 0.793 0.892
Denmark 0.569 0.845 0.852
Greece 0.833 0.938 0.979
Italy 0.404 0.559 0.434
Latvia 0.997 0.961 0.995
Norway 0.902 0.536 0.797
Slovenia 0.258 0.514 0.835
Spain 0.994 0.999 1.000

Table G.12: Nonlife insurance penetration - variable selection models, Residuals’ distribu-
tion

Country Jﬁ“’qlle-Bera.re.siduals Student’s distribution
normality test statistics / p-values degrees of freedom
Czechia 0.094 _
Denmark 0.998 _
Greece - 53
Italy 0.650 -
Latvia — 2.0
Norway 0.935 _
Slovenia 0.734 _

Spain - 2.0




Table G.13: Life insurance penetration - variable selection models (method 2), Ljung-Box
p value for residuals’ lags

Up to lag 4 8 12

Czechia  0.226 0.371 0.445
Greece 0.988 0.982 0.980
Italy 0.165 0.183 0.173
Latvia 0.416 0.804 0.658
Norway 0.629 0.814 0.593
Slovenia  0.125 0.304 0.135
Spain 0.372 0.778 0.792

Table G.14: Life insurance penetration - variable selection models (method 2), Ljung-Box
p value for squared residuals’ lags

Up to lag 4 8 12

Czechia 0.533 0.799 0.517
Greece 0.991 0.996 0.999
Italy 0.618 0.830 0.915
Latvia 0.206 0.133 0.218
Norway 0.088 0.283 0.209
Slovenia 0.124 0.326 0.570
Spain 0.061 0.262 0.525

Table G.15: Life insurance penetration - variable selection models (method 2), Residuals’
distribution

Country J*}rque-Bel‘a.re.siduals Student’s distribution
normality test statistics / p-values degrees of freedom

Czechia 0.505 B

Greece - 4.4

Italy 0.799 _

Latvia 0.838 _

Norway 0.981 _

Slovenia 0.822 B

Spain - 2.2




Table G.16: Nonlife insurance penetration - variable selection models (method 2), Ljung-
Box p value for residuals’ lags

Up to lag 4 8 12

Czechia  0.319 0.435 0.556
Denmark 0.989 0.726 0.336
Greece 0.668 0.298 0.493
Italy 0.393 0.436 0.496
Latvia 0.552 0.102 0.225
Norway 0.227 0.274 0.530
Slovenia  0.347 0.332 0.448
Spain 0.092 0.092 0.137

Table G.17: Nonlife insurance penetration - variable selection models (method 2), Ljung-
Box p value for squared residuals’ lags

Up to lag 4 8 12

Czechia 0.855 0.902 0.853
Denmark 0.731 0.613 0.091
Greece 0.087 0.085 0.232
Italy 0.253 0.683 0.628
Latvia 0.445 0.132 0.367
Norway 0.582 0.701 0.850
Slovenia 0.932 0.852 0.902
Spain 0.877 0.971 0.986

Table G.18: Nonlife insurance penetration - variable selection models (method 2), Residu-
als’ distribution

Country Jﬁ“’qlle-Bera.re.siduals Student’s distribution
normality test statistics / p-values degrees of freedom
Czechia 0.532 _
Denmark 0.484 _
Greece 0.689 7
Italy 0.722 -
Latvia — 31
Norway 0.111 _
Slovenia 0.719 _

Spain 0.621 -




H Signs’ frequencies

Table H.1: Signs frequencies — Variable selection models - Life insurance

Parameter / Sign Positive Negative
Population 0 2
GDP per capita

Inflation

Unemployment

Banking sector

LT Interest rate

Business Confidence
Consumer Confidence

Uncertainty

S O = NN W = NN O =
S = O NN WO N

Pandemic Uncertainty

Note: The counts reported above reflect the number of instances in which the variables
were statistically significant at the 10% level (i.e., p-value < 0.10).

LT: Long-term, Business Confidence: Business Confidence Index, Consumer Confidence:
Consumer Confidence Index, Uncertainty: World Uncertainty Index, Pandemic Uncertainty:

World Pandemic Uncertainty Index

Table H.2: Signs frequencies — Variable selection models - Nonlife insurance

Parameter / Sign Positive Negative
Population 4 1
GDP per capita 0 7
Inflation 0 2
Unemployment 1 1
Banking sector 3 0
External trade 3 3
Business Confidence 1 0
Consumer Confidence 1 2
Uncertainty 1 3
Pandemic Uncertainty 0 0

Note: The counts reported above reflect the number of instances in which the variables

were statistically significant at the 10% level (i.e., p-value < 0.10).



I Quantile regression reports



Table I.1: Life insurance penetration — Quantile regression models, Czechia

Czechia
Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —0.070"*  —0.043*** 0.004 0.043* 0.087**
S.E. 0.026 0.016 0.015 0.017 0.016
Population 0.638 —2.552 —4.440 —6.737 —4.521
S.E. 9.182 7.896 6.980 7.129 10.949
GDP per capita —0.534 —0.721 —0.808 —0.792 —0.456
S.E. 1.016 0.698 0.560 0.522 0.675
Unemployment 0.018 0.005 0.026 0.057 —0.040
S.E. 0.088 0.058 0.053 0.055 0.056
Banking sector 0.004 —0.011 —0.009 —0.006 —1074
S.E. 0.030 0.022 0.019 0.017 0.017
LT Interest rate —0.015 0.043 0.018 0.012 0.063
S.E. 0.061 0.049 0.038 0.041 0.040
Uncertainty 0.002 0.003 —0.006 0.003 0.005
S.E. 0.011 0.009 0.010 0.012 0.010
Insurance penetration lag I ~ —0.421*  —0.408"* —0.320" —0.389"* —0.839***
S.E. 0.244 0.182 0.147 0.193 0.244
Insurance penetration lag 4 0.486 0.708**  0.738"** 0.461 0.800**
S.E. 0.307 0.233 0.243 0.287 0.323

S.E. = Standard Error; LT = Long-term; Business Confidence = Business Confidence Index; Consumer Confidence = Consumer

Confidence Index; Uncertainty = World Uncertainty Index; Pandemic Uncertainty = World Pandemic Uncertainty Index.



Significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

Table 1.2: Life insurance penetration — Quantile regression models, Greece

Greece

Variable Q0.1 Q0.25 Q0.5 Q0.75 Q0.9
Intercept —0.135"*  —0.059** 0.008 0.077** 0.126™
S.E. 0.023 0.025 0.019 0.021 0.018
Unemployment —0.026 0.012 0.023 0.028** 0.024
S.E. 0.025 0.021 0.015 0.013 0.019
LT Interest rate 0.002 0.002 0.004 0.004 0.015
S.E. 0.012 0.013 0.011 0.012 0.015
Consumer Confidence 0.059 0.050 0.016 0.013 0.011
S.E. 0.040 0.031 0.022 0.019 0.018
Insurance penetration lag 1 —0.789*** —0.670"* —0.610"* —0.532*** —0.535"**
S.E. 0.228 0.222 0.162 0.160 0.153
Insurance penetration lag 2 —0.951"** —0.779** —0.698"** —0.440""* —0.503***
S.E. 0.270 0.201 0.140 0.147 0.158
Insurance penetration lag 3 —0.645"* —0.681** —0.577*** —0.540"* —0.738***
S.E. 0.189 0.180 0.146 0.170 0.204




Table 1.3: Life insurance penetration - Quantile regression models, Italy

Italy

Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —0.531 —-0.643 —1.009** —0.498 —0.211
S.E. 0.455 0.455 0.464 0.434 0.465
Population —41.994 —49.372 —-32.730 —3.081  60.145
S.E. 30.698 34.616 30.364 41.516 46.036
GDP per capita —0.655  —0.896 —-0.676  —0.870 —1.736**
S.E. 0.746 0.570 0.545 0.635 0.787
Unemployment 0.079**  0.076** 0.069* 0.109* 0.015
S.E. 0.036 0.037 0.041 0.045 0.051
Business Confidence 0.006 0.045 0.035 0.053 0.084*
S.E. 0.042 0.040 0.038 0.050 0.048
Insurance penetration lag 1 0.954***  1.013**  0.845**  0.931"* 0.825"**
S.E. 0.165 0.191 0.189 0.173 0.184
Insurance penetration lag2 —0.262 —0.349" —0.461""* —0.192 —0.291
S.E. 0.200 0.189 0.168 0.217 0.258
Insurance penetration lag3  0.169 0.145 0.271* 0.063 0.346*
S.E. 0.253 0.222 0.160 0.196 0.180




Table 1.4: Life insurance penetration - Quantile regression models, Latvia

Latvia

Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —4.422 —5.883*  —1.579  —2224  —0.841
S.E. 3.060 3.504 3.345 2.498 3.470
Inflation 0.012 —0.001 0.014 0.012 0.012
S.E. 0.022 0.022 0.024 0.027 0.034
Banking sector —0.055* —0.025 —0.036  —0.049 —0.084**
S.E. 0.031 0.027 0.031 0.035 0.042
LT Interest rate 0.108 0.057 —0.029 —0.085 —0.154
S.E. 0.110 0.115 0.095 0.096 0.119
Business Confidence 0.041 0.057* 0.016 0.023 0.010
S.E. 0.030 0.034 0.033 0.025 0.034
Pandemic Uncertainty —0.003 —0.003 —0.001 —0.001 —0.003
S.E. 0.007 0.005 0.004 0.004 0.010
Insurance penetration lag 1  —0.805** —1.037** —0.714** —0.668"* —0.574*
S.E. 0.241 0.273 0.320 0.271 0.302
Insurance penetration lag 2 —0.984** —1.192*** —-0.704* —0.506  —0.256
S.E. 0.270 0.346 0.400 0.355 0.418
Insurance penetration lag 3 —1.144** —1.155*** —-0.709  —0.462  —0.187
S.E. 0.363 0.439 0.458 0.375 0.474
Insurance penetration lag4  —0.380 —0.435 0.092 0.187 0.329
S.E. 0.309 0.364 0.429 0.390 0.428
Insurance penetration lag5  —0.094 —0.153 —0.040 0.152 0.317
S.E. 0.212 0.203 0.230 0.218 0.291




Table 1.5: Life insurance penetration — Quantile regression models, Norway

Norway
Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —1.746* —0.744* —-0.970" —1.226* —1.235
S.E. 0.817 0.402 0.458 0.679 0.918
GDP per capita —-1.515 —-0.014 —-0.039 —0.504 —0.071
S.E. 1.195 0.585 0.548 0.667 1.179
Unemployment —0.211 0.050 —0.006  —0.080 —0.254*
S.E. 0.290 0.127 0.065 0.070 0.123
Banking sector —0.003 0.020 0.027* 0.032* 0.033
S.E. 0.029 0.017 0.014 0.019 0.022
LT Interest rate —-0.174  —-0.080 —0.106 —0.035 —0.032
S.E. 0.209 0.124 0.093 0.092 0.110
Consumer Confidence 0.003 —0.001 0.001 0.000 0.002
S.E. 0.004 0.003 0.001 0.002 0.004
Uncertainty 0.007 0.005 —0.000 0.003 0.025
S.E. 0.032 0.015 0.008 0.013 0.023
Pandemic Uncertainty 0.002 0.001 0.000 0.002 0.009
S.E. 0.009 0.006 0.005 0.006 0.005
Insurance penetration lag4 0.606**  0.820"*  0.728**  0.638***  0.614™
S.E. 0.217 0.107 0.128 0.189 0.254




Table I.6: Life insurance penetration - Quantile regression models, Slovenia

Slovenia
Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —0.069"*  —0.050***  —0.008 0.032* 0.053***
S.E. 0.026 0.018 0.014 0.017 0.017
Population —1.422 —8.750  —25.973 —17.117 —22.325
S.E. 24.564 20.217 18.017 17.487 21.765
GDP per capita —0.550  —0.716"  —0.445 —0.597" —0.841***
S.E. 0.499 0.359 0.356 0.282 0.320
Unemployment —0.027 —0.053" —0.046 —0.021 —0.031
S.E. 0.040 0.028 0.031 0.022 0.027
LT Interest rate —0.002 0.016 0.026 0.055** 0.067**
S.E. 0.031 0.017 0.020 0.023 0.028
Business Confidence 0.005 0.010 0.005 0.007 0.011
S.E. 0.022 0.016 0.016 0.015 0.017
Insurance penetration lag2  —0.349 —0.542" —0.404* —-0.423"  —0.285
S.E. 0.281 0.212 0.182 0.195 0.246




Table I.7: Life insurance penetration - Quantile regression models, Spain

Spain
Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —0.179"*  —0.094**  —0.021 0.072%* 0.167*
S.E. 0.026 0.022 0.018 0.024 0.036
Unemployment —0.013 0.021 0.030 —0.016 —0.017
S.E. 0.041 0.037 0.037 0.033 0.038
Business Confidence 0.005 —0.005 —0.026 —0.042 —0.077
S.E. 0.035 0.037 0.032 0.028 0.054
Insurance penetration lag 1 —0.226 —0.392*  —0.512"  —0.424*" —0.410
S.E. 0.234 0.235 0.207 0.208 0.251
Insurance penetration lag2  —0.322  —0.422** —0.535"* —0.768"* —0.764"**
S.E. 0.215 0.210 0.197 0.182 0.173
Insurance penetration lag3  —0.203 —0.419" —0.482** —0.470* —0.355
S.E. 0.231 0.195 0.179 0.229 0.291
Insurance penetration lag 8  0.301** 0.210 0.229 0.188 0.245
S.E. 0.155 0.133 0.162 0.200 0.193




Table I.8: Non-life insurance penetration — Quantile regression models, Czechia

Czechia
Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —-0.037***  —0.013* 0.004 0.018*** 0.028**
S.E. 0.009 0.007 0.006 0.007 0.013
Population —1.138 2.024 —0.558 —1.369 0.032
S.E. 4.279 2.935 3.015 2.512 3.298
GDP per capita —0.318 —0.014 —0.083 —-0.213 —0.488
S.E. 0.379 0.365 0.344 0.307 0.479
Banking sector 0.026* 0.022** 0.004 0.009 0.010
S.E. 0.014 0.011 0.010 0.011 0.018
External trade 0.197 —0.158 —0.023 0.058 0.198
S.E. 0.267 0.250 0.259 0.227 0.332
Consumer Confidence 0.008 —0.001 —0.005 —0.002 0.003
S.E. 0.017 0.015 0.012 0.015 0.016
Uncertainty 0.001 0.001 —0.001 0.000 0.003
S.E. 0.007 0.006 0.004 0.004 0.006
Insurance penetration lag 1 —0.853"** —1.008*** —1.084*** —1.149*** —1.144***
S.E. 0.262 0.226 0.201 0.209 0.334
Insurance penetration lag 2 —0.794*** —1.022*** —1.092*** —1.156™"* —1.151***
S.E. 0.264 0.234 0.207 0.214 0.348
Insurance penetration lag 3  —0.740*** —0.971*** —1.089*** —1.122*** —1.099***
S.E. 0.281 0.232 0.203 0.213 0.350
Insurance penetration lag 4 0.141 0.011 —0.089 —0.153 —0.118
S.E. 0.267 0.225 0.200 0.202 0.331




Table 1.9: Non-life insurance penetration — Quantile regression models, Denmark

Denmark
Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept 0.157 —0.375 —0.396 —1.707* —2.138*
S.E. 1.848 1.186 0.931 1.031 1.145
GDP per capita —-0.432  —0.599** —0.683"** —0.658*** —(0.884***
S.E. 0.371 0.290 0.232 0.257 0.285
Banking sector 0.012** 0.006 0.005 0.005 0.005
S.E. 0.006 0.005 0.004 0.005 0.005
External trade 0.087 —0.045 —0.061 —0.090 —0.074
S.E. 0.144 0.088 0.079 0.093 0.102
Business Confidence 0.010 —0.002 —0.004 —0.001 0.003
S.E. 0.010 0.007 0.005 0.006 0.006
Consumer Confidence —0.008 0.000 —0.002 —0.001 —0.011
S.E. 0.016 0.012 0.011 0.011 0.011
Uncertainty 0.003 0.001 0.000 —0.001 —0.002
S.E. 0.003 0.003 0.002 0.002 0.002
Insurance penetration lag 1 0.959***  0.575** 0.589*** 0.407* 0.464*
S.E. 0.319 0.230 0.187 0.231 0.250
Insurance penetration lag 2 —0.232 0.213 0.081 —0.100 —0.001
S.E. 0.373 0.229 0.177 0.200 0.226
Insurance penetration lag3  —0.392 —0.203 —0.015 0.141 —0.088
S.E. 0.353 0.239 0.202 0.217 0.268
Insurance penetration lag 4 0.525 0.096 0.111 0.259 0.288
S.E. 0.422 0.285 0.204 0.269 0.285
Insurance penetration lag 5 0.061 0.153 —0.005 —0.014 0.041
S.E. 0.439 0.327 0.289 0.279 0.302
Insurance penetration lag 6 0.094 —0.193 —0.135 0.025 —0.065
S.E. 0.345 0.259 0.224 0.229 0.206



Table 1.10: Non-life insurance penetration — Quantile regression models, Greece

Greece
Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept 21.920 12.732 22.178* 10.314 —3.589
S.E. 14.277 10.782 11.077 13.656 15.427
Population —2.358 —1.369 —2.370* —1.090 0.398
S.E. 1.528 1.152 1.184 1.459 1.649
Inflation —0.015 —0.011 —0.010 —0.006 —0.032**
S.E. 0.010 0.007 0.008 0.012 0.014
External trade —0.202 —0.108 —0.367* —0.309 —0.016
S.E. 0.214 0.202 0.189 0.255 0.276
Uncertainty —0.006 0.000 —0.002 —0.002 0.005
S.E. 0.006 0.004 0.004 0.006 0.007
Insurance penetration lag 1 —0.757***  —0.757*** —0.852*** —0.766"** —0.934***
S.E. 0.186 0.153 0.117 0.095 0.118
Insurance penetration lag 2 —0.929***  —0.926*** —1.012*** —0.900*** —0.849***
S.E. 0.125 0.115 0.100 0.110 0.108
Insurance penetration lag 3  —0.847*** —0.817*** —0.911*** —0.730*** —0.741***
S.E. 0.181 0.181 0.145 0.126 0.125




Table I.11: Non-life insurance penetration — Quantile regression models, Italy

Italy
Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —-0.024***  —0.011* 0.006 0.018*** 0.022%**
S.E. 0.006 0.006 0.005 0.004 0.004
Population 3.612 —14.568 7.783 10.863 10.088
S.E. 24.779 25.407 24.039 17.032 16.047
GDP per capita —0.343 —0.145 —0.133 —0.258 —0.318
S.E. 0.378 0.374 0.292 0.300 0.329
Unemployment 0.022 0.013 0.013 0.002 0.004
S.E. 0.014 0.011 0.013 0.013 0.012
Banking sector 0.018** 0.018** 0.013** 0.011** 0.011**
S.E. 0.009 0.008 0.006 0.005 0.006
External trade 0.053 —0.065 —0.388 —0.036 0.022
S.E. 0.443 0.411 0.357 0.272 0.321
Insurance penetration lag 1 —1.055"** —1.044*** —0.986*** —1.018"** —1.038***
S.E. 0.079 0.078 0.067 0.054 0.057
Insurance penetration lag 2 —0.947***  —0.990*** —0.968"** —0.951"**  —0.944***
S.E. 0.059 0.061 0.055 0.045 0.042
Insurance penetration lag3 —0.910"** —0.943*** —0.966"** —0.976"** —0.968***
S.E. 0.052 0.045 0.042 0.036 0.032




Table [.12: Non-life insurance penetration — Quantile regression models, Latvia

Latvia

Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —0.168 —0.029 0.011 0.120** 0.157*
S.E. 0.119 0.052 0.025 0.050 0.087
GDP per capita —-1.138 —1.443** —1.395***  —1.008* —0.755
S.E. 1.142 0.695 0.528 0.638 0.909
Inflation 0.002 —0.011 —0.001 —0.003 —0.002
S.E. 0.045 0.028 0.015 0.020 0.029
Insurance penetration lag 1  —0.101 —0.335 —0.379 —0.104 —0.084
S.E. 0.350 0.343 0.328 0.320 0.396
Insurance penetration lag2  —0.587* —0.532** —0.525*** —0.572*** —(0.554*
S.E. 0.315 0.238 0.207 0.206 0.271
Insurance penetration lag3  —0.275 —0.393 —0.413* —0.140 —0.093
S.E. 0.344 0.286 0.241 0.267 0.373
Insurance penetration lag4  —0.135 —0.231 —0.209 —0.113 —0.025
S.E. 0.417 0.327 0.239 0.261 0.324
Insurance penetration lag5  —0.112 —0.180 —0.159 —0.140 —0.089
S.E. 0.351 0.197 0.156 0.191 0.242
Insurance penetration lag6  —0.061 —0.017 —0.043 0.077 0.130
S.E. 0.279 0.184 0.141 0.208 0.271
Insurance penetration lag 8 0.198 —0.113 —0.180 —0.083 —0.107
S.E. 0.347 0.341 0.253 0.284 0.331




Table 1.13: Non-life insurance penetration — Quantile regression models, Norway

Norway
Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —0.422 —0.730"*  —0.940"**  —0.457** —0.389*
S.E. 0.405 0.348 0.358 0.307 0.288
Population 6.715 1.706 11.739 14.857 7.175
S.E. 15.769 9.438 13.825 17.306 18.851
GDP per capita —0.813***  —0.748***  —0.660"** —0.694*** —0.551"**
S.E. 0.127 0.098 0.114 0.137 0.144
Unemployment 0.016 0.025* 0.022 —0.002 —0.005
S.E. 0.016 0.014 0.016 0.015 0.017
Banking sector 0.009*** 0.010*** 0.006** 0.009*** 0.011***
S.E. 0.003 0.003 0.003 0.003 0.004
External trade —-0.015**  —0.010** —0.005 0.010 0.008
S.E. 0.017 0.016 0.016 0.017 0.019
Consumer Confidence 0.002 0.002 0.001 0.001 0.000
S.E. 0.001 0.001 0.002 0.001 0.001
Insurance penetration lag 1~ 0.757*** 0.729*** 0.655*** 0.714*** 0.649***
S.E. 0.157 0.126 0.175 0.154 0.169
Insurance penetration lag 2 0.114 0.032 0.018 0.110 0.191
S.E. 0.137 0.133 0.149 0.127 0.154




Table 1.14: Non-life insurance penetration — Quantile regression models, Slovenia

Slovenia
Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —0.051 —0.030 —0.001 0.026 0.040
S.E. 0.039 0.032 0.025 0.029 0.026
Population —29.574 1.359 —0.511 5.584 —3.233
S.E. 46.468 37.666 32.247 32.319 33.727
GDP per capita 0.679 —0.640 —1.331 —1.053 —1.285
S.E. 1.515 1.398 1.154 1.369 1.101
Inflation —0.004 0.002 0.000 —0.001 —0.002
S.E. 0.012 0.008 0.007 0.008 0.009
Unemployment 0.032 0.014 0.008 0.014 0.008
S.E. 0.045 0.047 0.038 0.035 0.031
Banking sector —0.007 0.064 0.068 0.069 0.099
S.E. 0.071 0.058 0.051 0.061 0.055
External trade —0.435 —0.440 —0.400 —0.068 —0.223
S.E. 0.644 0.568 0.593 0.606 0.625
Business Confidence 0.016 0.027 0.036 0.017 0.049
S.E. 0.069 0.057 0.045 0.047 0.045
Consumer Confidence —0.032 0.012 0.007 0.009 0.010
S.E. 0.079 0.065 0.048 0.057 0.054
Uncertainty —0.006 —0.002 —0.003 —0.001 —0.001
S.E. 0.009 0.008 0.006 0.006 0.006
Pandemic Uncertainty 0.000 0.000 0.000 0.000 0.000
S.E. 0.010 0.009 0.008 0.009 0.082
Insurance penetration lag 1 ~ —1.102**  —(0.841** —0.667* —0.650 —0.600*
S.E. 0.484 0.411 0.374 0.427 0.349
Insurance penetration lag 2 —0.922***  —0.943*** —0.785*** —0.808*** —0.768***
S.E. 0.313 0.280 0.253 0.271 0.237
In<uirance nenetration lac 3 —() QRKR** —() 7RO** () RREF** —0) RAK* —() ROQ**



Table [.15: Non-life insurance penetration — Quantile regression models, Spain

Spain

Variable / Quantile 0.1 0.25 0.5 0.75 0.9
Intercept —0.035***  —0.013*** 0.003 0.018*** 0.029***
S.E. 0.010 0.005 0.003 0.004 0.006
Population —16.340 —8.319 5.738 0.544 2.047
S.E. 17.904 9.327 6.326 5.924 7.833
GDP per capita —1.120"*  —0.836"** —0.790"** —0.654"**  —0.688"
S.E. 0.423 0.324 0.229 0.222 0.365
Banking sector 0.001 0.003 0.001 0.001 0.001
S.E. 0.005 0.004 0.004 0.003 0.004
Business Confidence 0.006 0.003 0.001 0.007 0.014
S.E. 0.014 0.011 0.007 0.007 0.011
Consumer Confidence —0.001 —0.005 —0.008 —0.010 —0.011
S.E. 0.008 0.008 0.005 0.007 0.009
Insurance penetration lag 1  —0.475**  —0.466*** —0.400"**  —0.289**  —(0.342***
S.E. 0.219 0.175 0.151 0.119 0.127
Insurance penetration lag2  —0.604**  —0.570*** —0.550*** —0.401*** —0.481***
S.E. 0.251 0.186 0.139 0.116 0.146
Insurance penetration lag 3 —0.178 —0.329 —0.322** —0.208* —0.265"*
S.E. 0.294 0.209 0.156 0.123 0.128
Insurance penetration lag 4 0.205 0.295** 0.362*** 0.450*** 0.364**
S.E. 0.230 0.167 0.126 0.108 0.158




J Elastic net



Table J.1: OLS - Elastic Net Screening Model - Life insurance penetration - Czechia

Variable Estimate Std. Error t-value p-value
Intercept -0.002 0.007 -0.276 0.785
Inflation lag 2 0.005 0.002 2.266 0.030
Inflation lag 4 -0.005 0.002  -2.448 0.020
GDP per capita lag 4 0.253 0.150 1.691 0.100
Banking sector lag 2 0.022 0.010 2.333 0.026
Population lag 2 -2.335 1.508  -1.548 0.131
Population lag 4 -3.420 1.570  -2.179 0.037
LT Interest rate lag 4 0.036 0.015 2.364 0.024
Consumer Confidence -0.020 0.009 -2.268 0.030
Business Confidence -0.021 0.007 -2.876 0.007
Insurance penetration lag 1 -1.006 0.070 -14.326 0.000
Insurance penetration lag 2 -0.927 0.084 -11.080 0.000

Insurance penetration lag 3 -0.837 0.069 -12.069 0.000




Table J.2: OLS - Elastic Net Screening Model - Life insurance penetration - Greece

Variable Estimate Std. Error t-value p-value
Intercept 0.021 0.011 1.816 0.069
Unemployment 0.038 0.011 3.376 0.001
Unemployment lag 2 -0.039 0.011 -3.674 0.000
Unemployment lag 3 -0.026 0.011 -2.424 0.015
Banking sector lag 2 0.015 0.005 2.708 0.007
LT Interest rate lag 4 -0.014 0.005 -2.529 0.011
Insurance penetration lag 1 -0.555 0.106 -5.256 0.000
Insurance penetration lag 2 -0.286 0.117 -2.449 0.014
Insurance penetration lag 3 -0.400 0.090 -4.465 0.000

Table J.3: ARMA-GARCH - Elastic Net Screening Model - Life insurance penetration - Italy

Variable Estimate Std. Error t-value p-value
Intercept -1.187 0.300 -3.959 0.000
GDP per capita lag 4 -0.715 0.145 -4.914 0.000
Unemployment lag 4 0.021 0.006 3.215 0.001
LT Interest rate lag 1 -0.099 0.019  -5.223 0.000
LT Interest rate lag 3 -0.038 0.013  -2.959 0.003
Insurance penetration lag 4 0.596 0.106 5.636 0.000
MA(1) 0.942 0.112 8.390 0.000
MA(2) 0.535 0.114 4.705 0.000
w 0.000000 0.000025 0.000 1.000

b1 0.987 0.004 253.043 0.000




Table J.4: OLS - Elastic Net Screening Model - Life insurance penetration - Latvia

Variable Estimate Std. Error t-value p-value
Intercept -0.029 0.026 -1.114 0.271
Banking sector -0.059 0.018 -3.216 0.002
GDP per capita lag 1 0.797 0.299 2.660 0.010
Unemployment lag 2 -0.055 0.035 -1.585 0.119
Banking sector lag 2 0.038 0.017 2.169 0.035
Insurance penetration lag | -0.902 0.119  -7.577 0.000
Insurance penetration lag 2 -0.670 0.119 -5.616 0.000
Insurance penetration lag 3 -0.829 0.110 -7.514 0.000

Insurance penetration lag 4 -0.383 0.107 -3.563 0.001




Table J.5: OLS - Elastic Net Screening Model - Life insurance penetration - Norway

Variable Estimate Std. Error t-value p-value
Intercept -7.011 1.993 -3.518 0.001
Banking sector 0.020 0.009 2.093 0.040
LT Interest rate -0.102 0.067 -1.517 0.134
Population lag 1 -98.100 49.810 -1.970 0.053
Population lag 2 -107.500 61.650 -1.744 0.085
Population lag 4 -217.300 66.720  -3.257 0.002
GDP per capita lag 3 0.648 0.473 1.369 0.175
Inflation lag 2 -0.033 0.023 -1.413 0.162
Unemployment lag 1 0.156 0.073 2.133 0.036
LT Interest rate lag 1 0.129 0.069 1.877 0.065
LT Interest rate lag 2 -0.087 0.068 -1.285 0.203
LT Interest rate lag 4 0.093 0.066 1.400 0.166
Business Confidence 0.045 0.019 2.389 0.020
Uncertainty 0.019 0.008 2.241 0.028
Pandemic Uncertainty 0.004 0.002 1.543 0.127
Insurance penetration lag 3 -0.259 0.085 -3.047 0.003

Insurance penetration lag 4 0.569 0.092 6.207 0.000




Table J.6: OLS - Elastic Net Screening Model - Life insurance penetration - Slovenia

Variable Estimate Std. Error t-value p-value
Intercept -0.010 0.005 -2.022 0.060
GDP per capita -1.380 0.111 -12.485 0.000
GDP per capita lag 2 0.510 0.098 5.211 0.000
GDP per capita lag 4 0.701 0.096 7.266 0.000
Inflation 0.002 0.001 1.670 0.114
Unemployment -0.030 0.006 -4.733 0.000
Unemployment lag 1 0.012 0.008 1.581 0.133
Unemployment lag 4 0.018 0.006 2.858 0.011
LT Interest rate 0.067 0.006 11.476 0.000
Banking sector lag 2 0.033 0.007 4.640 0.000
Business Confidence 0.035 0.004 8.308 0.000
Uncertainty -0.002 0.001  -2.066 0.055
Insurance penetration lag 1 0.429 0.066 6.460 0.000
Insurance penetration lag 3 -0.349 0.079  -4.429 0.000

Insurance penetration lag 4 0.416 0.080 5.165 0.000




Table J.7: OLS - Elastic Net Screening Model - Life insurance penetration - Spain

Variable Estimate Std. Error t-value p-value
Intercept 0.020 0.019 1.068 0.286
Inflation 0.042 0.020 2.084 0.037
Inflation lag 1 -0.027 0.018 -1.504 0.133
Unemployment lag 1 0.068 0.016 4.138 0.000
Unemployment lag 4 0.056 0.019 2.994 0.003
LT Interest rate lag 3 0.118 0.027 4.369 0.000
LT Interest rate lag 4 0.074 0.032 2.281 0.023
Business Confidence -0.107 0.026 -4.050 0.000
Consumer Confidence 0.049 0.014 3.428 0.001
Uncertainty -0.011 0.005 -2.233 0.026
Insurance penetration lag 1 -0.667 0.110 -6.043 0.000
Insurance penetration lag 2 -0.690 0.097 -7.123 0.000

Insurance penetration lag 3 -0.414 0.075 -5.485 0.000




Table J.8: OLS - Elastic Net Screening Model - Nonlife insurance penetration - Czechia

Variable Estimate Std. Error t-value p-value
Intercept 0.000 0.005 0.096 0.924
GDP per capita -0.408 0.128 -3.194 0.003
Banking sector 0.019 0.007 2.527 0.017
Population lag 1 2.394 0.963 2.485 0.018
Inflation lag 4 0.001 0.001 1.758 0.088
Banking sector lag 1 0.020 0.007 2.631 0.013
External trade lag 1 -0.254 0.095 -2.667 0.012
External trade lag 2 -0.148 0.082 -1.799 0.081
Consumer Confidence 0.017 0.006 2.980 0.005
Uncertainty -0.005 0.002 -2.185 0.036
Pandemic Uncertainty 0.001 0.000 2.846 0.008
Insurance penetration lag 1 -0.987 0.023 -43.511 0.000
Insurance penetration lag 2 -1.006 0.032 -31.543 0.000

Insurance penetration lag 3 -1.009 0.024 -41.910 0.000




Table J.9: ARMA - Elastic Net Screening Model - Nonlife insurance penetration - Denmark

Variable Estimate Std. Error t-value p-value
Intercept -0.499 0.200 -2.498 0.012
GDP per capita -0.841 0.080 -10.550 0.000
Banking sector 0.007 0.001 5.525 0.000
Insurance penetration lag 1 0.671 0.078 8.592 0.000
Insurance penetration lag 4 0.191 0.076 2.516 0.012
AR(1) -1.115 0.127  -8.767 0.000
AR(2) -0.360 0.123  -2.922 0.003

MA(1) 1.000 0.048 20.928 0.000




Table J.10: ARMA - Elastic Net Screening Model - Nonlife insurance penetration - Greece

Variable Estimate Std. Error t-value p-value
Intercept 43.452 11.337 3.833 0.000
Inflation -0.008 0.005 -1.384 0.166
Banking sector 0.017 0.003 6.617 0.000
Population lag 4 -4.642 1.216  -3.819 0.000
GDP per capita lag 2 -0.556 0.107 -5.199 0.000
Unemployment lag 3 -0.015 0.004 -3.758 0.000
External trade lag 1 -0.658 0.147 -4.464 0.000
Uncertainty -0.004 0.001  -3.210 0.001
Insurance penetration lag 1 -1.214 0.082 -14.743 0.000
Insurance penetration lag 2 -1.238 0.081 -15.198 0.000
Insurance penetration lag 3 -1.172 0.088 -13.275 0.000
Insurance penetration lag 4 -0.338 0.078 -4.316 0.000
MA(1) 1.047 0.070 14.869 0.000
MA(2) 1.047 0.085 12.371 0.000
MA(3) 1.000 0.077 12.911 0.000




Table J.11: OLS - Elastic Net Screening Model - Nonlife insurance penetration - Italy

Variable Estimate Std. Error t-value p-value
Intercept 0.002 0.003 0.626 0.535
Banking sector 0.009 0.003 3.013 0.005
Population lag 4 21.911 8.618 2.542 0.015
Business Confidence -0.023 0.006 -4.157 0.000
Insurance penetration lag 1 -0.992 0.015 -67.662 0.000
Insurance penetration lag 2 -0.994 0.016 -61.089 0.000
Insurance penetration lag 3 -0.993 0.012 -85.687 0.000

Table J.12: ARMA-GARCH - Elastic Net Screening Model - Nonlife insurance penetration - Latvia

Variable Estimate Std. Error t-value p-value
Intercept 0.011 0.000 1626.683 0.000
GDP per capita -0.829 0.106 -7.790 0.000
External trade 0.103 0.066 1.564 0.118
Insurance penetration lag 1 -0.108 0.000 -1542.356 0.000
Insurance penetration lag 2 0.066 0.000 944811 0.000
Insurance penetration lag 3 -0.004 0.001 -3.113 0.002
Insurance penetration lag 4 0.365 0.000 1033.921 0.000
MA(1) -0.536 0.003 -201.927 0.000
MA(2) -0.656 0.002  -329.102 0.000
w 0.000367 0.000348 1.057 0.290
o 0.000000 0.006669 0.000 1.000

b1 0.928483 0.039522 23.493 0.000




Table J.13: OLS - Elastic Net Screening Model - Nonlife insurance penetration - Norway

Variable Estimate Std. Error t-value p-value
Intercept -0.327 0.111  -2.955 0.004
GDP per capita -0.608 0.086 -7.044 0.000
Banking sector 0.009 0.002 4.488 0.000
GDP per capita lag 4 -0.169 0.073  -2.320 0.023
External trade lag 3 0.097 0.039 2.501 0.014
Insurance penetration lag 1 0.736 0.073 10.093 0.000
Insurance penetration lag 2 0.042 0.066 0.637 0.526
Insurance penetration lag 4 0.104 0.064 1.632 0.107

Table J.14: OLS - Elastic Net Screening Model - Nonlife insurance penetration - Slovenia

Variable Estimate Std. Error t-value p-value
Intercept 0.006 0.013 0.500 0.622
Banking sector 0.039 0.014 2.766 0.011
Inflation lag 4 -0.006 0.003 -1.808 0.083
External trade lag 3 -0.288 0.129  -2.238 0.035
Insurance penetration lag 1 -0.935 0.040 -23.278 0.000
Insurance penetration lag 2 -0.892 0.046 -19.370 0.000

Insurance penetration lag 3 -0.794 0.052 -15.308 0.000




Table J.15: OLS - Elastic Net Screening Model - Nonlife insurance penetration - Spain

Variable Estimate Std. Error t-value p-value
Intercept 0.002 0.002 0.809 0.421
GDP per capita -0.865 0.090 -9.637 0.000
GDP per capita lag 2 -0.418 0.111  -3.780 0.000
Unemployment -0.017 0.005 -3.684 0.000
Unemployment lag 1 0.009 0.004 2.062 0.042
Unemployment lag 3 -0.006 0.004 -1.484 0.142
Population lag 2 13.034 4.268 3.054 0.003
Population lag 4 6.870 4.262 1.612 0.111
Inflation lag 3 -0.008 0.003 -2.630 0.010
Banking sector lag 3 0.006 0.002 3.781 0.000
External trade lag 2 0.011 0.007 1.665 0.100
Consumer Confidence -0.005 0.003 -1.575 0.119
Insurance penetration lag 1 -0.221 0.043 -5.108 0.000
Insurance penetration lag 2 -0.406 0.052 -7.809 0.000

Insurance penetration lag 4 0.428 0.051 8.373 0.000




Table J.16: FE - Elastic Net Screening Model - Life insurance penetration - Panel

Variable Estimate Std. Error t-value p-value
Banking sector 0.007 0.003 2.700 0.008
Banking sector lag 1 0.007 0.003 2.279 0.024
Banking sector lag 2 0.012 0.003 4.310 0.000
LT interest rate lag 1 —0.049 0.010 —5.088 0.000
LT interest rate lag 2 —0.049 0.019 —2.583 0.010
Insurance penetration lag 1 —0.121 0.107 —1.129 0.260
Insurance penetration lag 2 —0.220 0.104 —2.123 0.035
Insurance penetration lag 3 —0.209 0.124 —1.691 0.092
Insurance penetration lag 4 0.637 0.107 5.968 0.000

Table J.17: RE - Elastic Net Screening Model - Nonlife insurance penetration - Panel

Variable Estimate Std. Error t-value p-value
Intercept 0.000 0.003 0.119 0.905
GDP per capita —0.389 0.077 —=5.031 0.000
GDP per capita lag 4 0.438 0.073 5.962 0.000
Banking sector 0.018 0.002 9.556 0.000
Banking sector lag 1 0.005 0.002 2.837 0.005
Banking sector lag 2 0.004 0.002 2.081 0.039
Banking sector lag 3 0.004 0.002 2.016 0.045
Consumer Confidence —0.002 0.000 —5.162 0.000
Uncertainty —0.002 0.001 —2.115 0.036

Insurance penetration lag 4 0.992 0.002 512.364 0.000




AR(1) error parameter: p = —0.305

Table J.18: Life insurance penetration — Fixed Effects robustness model (backward elimination)

Variable Estimate Std. Error t-value p-value
Banking sector 0.007 0.004 2.063 0.040
Banking sector lag 2 0.012 0.003 3.956 0.000
Banking sector lag 3 0.008 0.004 1.905 0.058
LT Interest rate lag 1 —0.045 0.010 —4.628 0.000
LT Interest rate lag 2 —0.060 0.022 —2.768 0.006
LT Interest rate lag 3 —0.025 0.010 —2.427 0.016
Insurance penetration lag 1 —0.161 0.130 —1.237 0.217
Insurance penetration lag 2 —0.244 0.121 —2.012 0.046
Insurance penetration lag 3 —0.237 0.146 —1.627 0.105

Insurance penetration lag 4 0.587 0.130 4.501 0.000




Table J.19: Non-life insurance penetration — Random Effects robustness model

Variable Estimate Std. Error t-value p-value
Intercept —0.002 0.003 —0.498 0.619
Population lag 2 —0.002 0.001 —1.633 0.104
GDPpc —0.414 0.077 —5.370 0.000
GDPpc lag 4 0.469 0.073 6.410 0.000
Unemployment lag 4 0.007 0.004 1.714 0.088
Banking sector 0.018 0.002 9.551 0.000
Banking sector lag 1 0.005 0.002 2.417 0.016
Banking sector lag 2 0.004 0.002 2.289 0.023
Banking sector lag 3 0.003 0.002 1.933 0.055
External trade lag 2 0.033 0.012 2.646 0.009
Consumer Confidence —0.002 0.000 —5.692 0.000
Uncertainty —0.003 0.001 —3.205 0.002
Pandemic uncertainty 0.001 0.000 2.006 0.046
Insurance penetration lag 4 0.992 0.002 483.101 0.000

AR(1) error parameter: p = —0.311



Table J.20: FE - Elastic Net Screening Model with Interaction Terms - Life insurance penetration - Panel

Variable Estimate Std. Error t-value p-value
Intercept 0.001 0.001 1.190 0.235
Banking sector 0.006 0.003 2.203 0.029
Banking sector lag 1 0.006 0.004 1.580 0.116
Banking sector lag 2 0.010 0.003 2.732 0.007
LT Interest rate lag 1 —0.047 0.013 —3.790 0.000
LT Interest rate lag 2 —0.047 0.020 —-2.371 0.019
Consumer Confidence 0.002 0.001 1.630 0.105
Banking sector x Consumer Confidence —0.001 0.000 —7.135 0.000
Insurance penetration lag 1 —0.151 0.145 —1.042 0.299
Insurance penetration lag 2 —0.239 0.138 —1.732 0.085
Insurance penetration lag 3 —0.226 0.161 —1.409 0.161

Insurance penetration lag 4 0.639 0.137 4.662 0.000




Table J.21: RE - Elastic Net Screening Model with Interaction Terms - Nonlife insurance penetration - Panel

Variable Estimate Std. Error t-value p-value
Intercept —0.003 0.003 —1.018 0.310
GDP per capita —0.340 0.078 —4.351 0.000
GDP per capita lag 3 —0.170 0.058 —2.910 0.004
GDP per capita lag 4 0.319 0.076 4.174 0.000
Unemployment lag 4 0.012 0.004 2.828 0.005
Banking sector 0.019 0.002  10.588 0.000
Banking sector lag 1 0.004 0.002 1.998 0.047
Banking sector lag 2 0.005 0.002 2.876 0.004
External trade 0.020 0.008 2.405 0.017
Consumer Confidence Index —0.002 0.000 —4.417 0.000
Uncertainty —0.002 0.001 —2.416 0.017
GDP per capita x External trade —1.274 0.369 —3.450 0.001
External trade x Banking sector —0.038 0.012 —-3.161 0.002
Insurance penetration lag 2 0.032 0.013 2.433 0.016
Insurance penetration lag 4 0.963 0.013 73.913 0.000

AR(1) error parameter: p = —0.367



K Granger causality in the frequency domain, Life insur-

ance
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Figure K.1. Granger Causality in the time domain: GDP pc to Life insurance penetration
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Granger causality specirum

Figure K.2. Granger Causality in the time domain: GDP pc to Life insurance penetration (continued)

—— Granger Causality — Granger Causality
~ - 959%Threshold = — - 95% Threshold
E
z
&
T T T T T T T T T T T
00 01 02 03 04 05 01 0z 03 04 05
Frequency Frequency

(a) Norway (b) Slovenia

— Granger Causality
& — - 95% Threshold

3

s

o
T T T T T T
0.0 01 02 03 04 05

Frequency

(¢) Spain



Granger causality specirum

Granger causality spectrum

Figure K.3. Granger Causality in the time domain: Life insurance penetration to GDP pc
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Granger causality specirum

Figure K.4. Granger Causality in the time domain: Life insurance penetration to GDP pc (continued)
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Figure L.2. Granger Causality in the time domain: GDP pc to Non-life insurance penetration (continued)
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Figure L.4. Granger Causality in the time domain: Non-life insurance penetration to GDP pc (continued)
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M Robustness test



Table M.1: Robustness Test Results — Life insurance penetration

Country . . . .
Czechia Greece Italy Latvia Norway Slovenia Spain
Parameter
Intercept OLS-/QR+ | OLS+/QR+| OLS-/QR- | OLS+/QR- | OLS+/QR- | OLS+/QR-| OLS-/QR -
Population OLS-/QR - - OLS-/QR - - — OLS-/QR - -
GDP per capita OLS-/QR - - OLS +/QR - - OLS+/QR- | OLS-/QR- -
Inflation - - - OLS +/QR + - - -
Unemployment OLS+/QR+ | OLS+/QR+ | OLS-/QR+ - OLS+/QR- | OLS-/QR- | OLS-/QR+
Banking sector OLS -/QR - - - OLS-/QR- | OLS+/QR + - -
LT Interest rate OLS+/QR+ | OLS+/QR + - OLS-/QR- | OLS-/QR- | OLS+/QR + -
Business Confidence - — OLS+/QR+ | OLS-/QR + — OLS+/QR+ | OLS-/QR-
Consumer Confidence — OLS +/QR + - - OLS +/QR + - -
Uncertainty OLS-/QR - - - - OLS +/QR - - -
Pandemic Uncertainty - — - OLS-/QR- | OLS+/QR + - -
Insurance penetration | OLS-/QR- | OLS-/QR- | OLS+/QR+ | OLS-/QR- - - OLS-/QR -
lag 1

Insurance penetration - OLS-/QR- | OLS-/QR- | OLS-/QR- — OLS-/QR- | OLS-/QR-
lag 2

Insurance penetration - OLS-/QR- | OLS+/QR+ | OLS-/QR - — - OLS-/QR -
lag 3

Insurance penetration | OLS +/ QR + - - OLS+/QR+ | OLS+/QR + - -
lag 4

Insurance penetration — - - OLS +/QR - — - -
lag 5

Insurance penetration - — - - — - OLS +/QR +

lag 8




Table M.2: Robustness Test Results — Nonlife insurance penetration

Country . . . .
Czechia Denmark Greece Italy Latvia Norway Slovenia Spain
Parameter
Intercept OLS+/QR+ | OLS-/QR- |OLS+/QR-|OLS+/QR+|OLS+/QR+ | OLS-/QR- | OLS+/QR- | OLS+/QR+
Population OLS-/QR- | — - OLS +/QR + - OLS+/QR+ | OLS+/QR- | OLS+/QR +
GDP per capita OLS-/QR- | OLS-/QR - - OLS-/QR- | OLS-/QR- | OLS-/QR- | OLS-/QR- | OLS-/QR-
Inflation - - OLS -/QR - - OLS-/QR- | OLS+/QR- | OLS+/QR + —
Unemployment - - — OLS+/QR+ | OLS-/QR- | OLS+/QR+ | OLS+/QR + —
Banking sector OLS+/QR+ | OLS+/QR + — OLS +/QR + - OLS+/QR+ | OLS-/QR+ | OLS-/QR +
External trade OLS+/QR+ | OLS-/QR- — OLS+/QR- | OLS+/QR+ | OLS+/QR- | OLS-/QR- -
Business Confidence - OLS +/QR - - — - - OLS-/QR+ | OLS+/QR +
Consumer Confidence | OLS-/QR- | OLS-/QR - - — - OLS+/QR+ | OLS+/QR+ | OLS-/QR -
Uncertainty OLS-/QR- | OLS-/QR- | OLS+/QR - - OLS-/QR - - OLS +/QR - -
Pandemic Uncertainty - - - - - - OLS -/QR - -
Insurance penetration | OLS-/QR- | OLS+/QR+ | OLS-/QR- | OLS-/QR- | OLS-/QR- |OLS+/QR+ | OLS-/QR- | OLS-/QR-
lag 1
Insurance penetration OLS-/QR- | OLS-/QR+ | OLS-/QR- | OLS-/QR- | OLS-/QR- |OLS+/QR+ | OLS-/QR- | OLS-/QR-
lag 2
Insurance penetration OLS-/QR- | OLS+/QR- | OLS-/QR- | OLS-/QR- | OLS-/QR - - OLS-/QR- | OLS-/QR-
lag 3
Insurance penetration | OLS-/QR- | OLS+/QR + - - OLS-/QR - - - OLS+/QR +
lag 4
Insurance penetration — OLS +/QR - — - OLS +/QR - — - -
lag 5
Insurance penetration - OLS -/QR - - - OLS-/QR - - - -
lag 6
Insurance penetration — OLS +/QR - - - — - - -
lag 7
Insurance penetration - OLS-/QR + - — OLS-/QR - - - -

lag 8
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