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This paper studies systemic-risk connectedness in the European insurance sector at three levels of granularity:
across major segments of financial markets, across insurance subsectors, and across individual insurance
companies. Using a common connectedness framework applied to returns, volatility, value-at-risk, and expected
shortfall, we document that insurers are an important component of systemic-risk connectedness, especially
during stress episodes. We also provide reduced-form evidence on economically relevant channels in the

European institutional setting: aggregate insurer spillovers co-move with term spreads, sovereign spreads,
and funding stress, and firm-level insurer-to-bank spillovers vary with sovereign risk and domestic sovereign-
bond home bias in a way consistent with a balance-sheet channel. The analysis further reveals substantial
heterogeneity across subsectors and identifies a stable core of systemically central insurers in firm-level

networks.

1. Introduction

The insurance market is a crucial component of the financial sys-
tem. Beyond their traditional role in risk transfer and diversification,
insurance companies are major institutional investors, holding large
portfolios of government and corporate bonds, equities, and alternative
assets. In the aggregate, insurance companies in the European Union
held approximately 10 trillion euro in assets at the end of 2024.
These portfolios are the ultimate backing for insurers’ liabilities, which
amounted to approximately 8.5 trillion euro in the same period. In
terms of market capitalization, the European insurance sector accounts
for about 5% of broad equity market capitalization, while the banking
sector accounts for a further 10%. Given their size and interconnected-
ness, insurers are not only exposed to financial market fluctuations and
systemic risk, but can also amplify or mitigate financial instability.!

This paper quantifies the interconnections between the insurance
market and other financial markets from a systemic-risk perspective.
We first study relationships between the insurance sector and other
key segments of the financial markets—equities, bonds, and banks. We
then analyze the insurance sector itself, distinguishing five subsectors

— insurance brokers, life and health insurance, multiline insurance,
property and casualty insurance, and reinsurance — and their inter-
dependencies. Finally, we examine the network of individual insurance
companies.

Our empirical analysis is based on the framework of Diebold and
Yilmaz (2008, 2014), applied to a broad set of performance and risk
indicators. Rather than proposing a new systemic-risk measure, we
use established connectedness tools to compare results across returns,
volatility, value-at-risk (VaR), and expected shortfall (ES), and to assess
whether conclusions are robust across these dimensions.

The focus on European insurers is motivated by a distinctive in-
stitutional setting. Insurers operate under a broadly common regula-
tory architecture (most notably Solvency II), but face heterogeneous
sovereign environments and heterogeneous exposures to domestic gov-
ernment bonds. This differs from much of the U.S.-focused evidence,
where insurers are often characterized by common exposure to a sin-
gle sovereign benchmark and greater emphasis on common corporate
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and structured-credit exposures (Ellul et al., 2022; Foley-Fisher et al.,
2023). In Europe, the combination of a common regulatory framework
and cross-country variation in sovereign risk provides a useful labo-
ratory to study mechanism-consistent relationships between sovereign
stress, portfolio composition, and spillovers.

This setting is economically relevant because insurance business
models are naturally exposed to interest-rate and sovereign-risk chan-
nels. Insurers typically hold long-duration fixed-income assets to back
long-duration liabilities, and many life insurance products embed guar-
antees that make insurers particularly sensitive to shifts in discount
rates and credit conditions. In addition, in several European countries
insurance products are distributed through banks, creating links be-
tween insurers and the banking system. These features suggest that
insurers can act as shock absorbers in some episodes, but also become
transmitters of risk when market conditions deteriorate.

Extreme — but not uncommon — events such as the 2007-2009
subprime crisis, the European sovereign debt crisis, and the COVID-19
pandemic illustrate how vulnerabilities in one segment of the financial
system can quickly propagate across sectors. During these episodes,
insurance firms faced declining asset values, liquidity pressures, and
heightened uncertainty, with implications for solvency and market
stress. A recent example is the Eurovita crisis in Italy, which followed
the rapid increase in interest rates in 2022 and 2023. Although Eurovita
was a mid-sized institution, its distress had significant repercussions
for the Italian insurance market and for the banks distributing its life
insurance products. The episode was contained only after coordinated
action by large insurers and distributing banks, supported by public
authorities. The Eurovita case highlights how even a relatively small
insurer can generate broader financial stress through interconnected
portfolios, distribution channels, and confidence effects, underscoring
the importance of assessing the systemic role of non-bank financial
intermediaries such as insurers.

We collect a comprehensive dataset to study systemic risk and
connectedness in the European insurance market. Our sample spans
January 3, 2000 to October 22, 2024. First, we use the Euro Stoxx
Insurance Equity Index as a proxy for the European insurance sec-
tor. This capitalization-weighted index includes insurance stocks from
countries in the European Monetary Union (EMU). We also use the Euro
Stoxx Banks Index as a proxy for the Euro area banking sector, the
EMU Benchmark Government Bond 10-year Index as a proxy for the
Euro area government bond market, and the Euro Stoxx Europe 600 ex
Financials Index as a proxy for the broader European equity market.
Excluding financial firms from the equity benchmark avoids overlap
with the insurance and banking indexes. These four indexes serve as our
aggregate proxies for the insurance, banking, bond, and equity markets.

Second, we collect data for all publicly listed insurance companies
in the Euro area and in geographically proximate regions, including the
UK, Switzerland, and Turkey. We use the Bloomberg sectoral classifi-
cation to assign insurers to five subsectors: insurance brokers, life and
health insurance, multiline, property and casualty, and reinsurance. For
each subsector, we compute a capitalization-weighted daily log-return
series and then estimate time-varying conditional volatility, VaR, and
ES.

At the aggregate level, we find a strong comovement between the
total spillover index and the insurance sector’s “contribution to others”
across all four indicators. All spillover indices increase markedly dur-
ing stress episodes. Around the introduction of Solvency II, insurers’
contribution declines for several indicators, although this evidence is
correlational and may reflect concurrent macro-financial developments.
During the COVID-19 pandemic, the insurance sector’s contribution to
systemic risk rises sharply across all dimensions. After the pandemic, as
the ECB began tightening monetary policy in response to high inflation,
return-based spillovers decline more clearly, while risk-based spillovers
remain more persistent. To provide additional economic interpretation
for this time variation, we relate weekly ES-based spillovers from
aggregate insurance to macro-financial explanatory variables in the
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Online Appendix. We find that the term spread, sovereign spread,
and funding stress are the most informative variables, while a broad
global risk-appetite proxy (the change in the VIX) is not statistically
significant.

To further investigate a mechanism suggested by the European
institutional setting, we run a firm-level panel exercise on individual
insurance companies. Using EIOPA exposures (available starting in
2017Q4), we construct a country-level home-bias measure defined as
the total holdings of domestic government bonds by insurers in a
given country divided by the total assets of insurers in that country,
and interact it with a country-level sovereign spread. In specifications
with firm and time fixed effects, and controlling for leverage, the
relationship between sovereign stress and insurers’ spillovers to banks
varies systematically with home bias: the coefficient on sovereign stress
is negative, while the interaction between sovereign stress and home
bias is positive and statistically significant. This implies that sovereign
stress is associated with lower insurer-to-bank spillovers for insurance
companies in countries with low home bias, but that this effect weakens
and could reverse for insurers in countries with high home bias. We in-
terpret this result as suggestive evidence consistent with a balance-sheet
channel, rather than causal identification.

At the insurance subsector level, we uncover substantial heterogene-
ity. Insurance brokers generally exhibit low “contribution to others”,
meaning that they are relatively sensitive to shocks from other subsec-
tors but transmit less risk themselves. In contrast, multiline insurers
emerge as primary channels through which shocks are propagated,
consistent with their broader and more diversified business models. Life
and health insurers and property and casualty insurers display interme-
diate levels of interconnectedness, with “to” and “from” spillovers that
suggest mutual reinforcement. Reinsurers, despite their risk-absorption
role, become especially important during stress episodes, when their
contribution to aggregate spillovers rises significantly.

We then zoom in to the individual-firm level. By mapping the inter-
connections among listed insurance companies, we construct weighted
and directed networks for each risk indicator. These networks reveal
a core cluster of systemically important firms that repeatedly emerges
across the return-, volatility-, VaR-, and ES-based networks. Companies
such as Aegon, Allianz, Generali, Zurich, Aviva, and Swiss Re are
consistently identified as highly central in terms of “contribution to
others”, suggesting that shocks affecting these firms may be more
likely to propagate through the system. The network topology also
reveals both subsector and geographic clustering. For example, Turkish
insurers tend to cluster together, suggesting the importance of local
market or regulatory conditions, while firms from smaller markets
(e.g., Slovenian insurers) sometimes form relatively isolated clusters.

We extract central communities from the four firm-level networks
using the Louvain algorithm, a widely used modularity-optimization
method for community detection (Traag, 2015). Modularity measures
how well a network is partitioned into groups with dense internal con-
nections and sparse connections across groups. The Louvain algorithm
starts with each node as its own community and iteratively reallo-
cates nodes across neighboring communities whenever this increases
modularity. Once no further improvement is possible, the network
is collapsed into communities and the procedure is repeated on the
reduced graph. We focus on the largest community in each network,
and the intersection of these largest communities yields a core group
of eight insurance companies. Notably, this intersection closely aligns
with the list of Global Systemically Important Insurers (G-SlIIs) iden-
tified by the Financial Stability Board from 2013 to 2016, before the
official suspension of that designation.

These results are informative for supervisors and market partic-
ipants, with important caveats. The evidence supports the use of
spillover metrics as monitoring tools and to prioritize where deeper
supervisory analysis may be warranted (for example, central firms
or subsectors under stress). This is particularly relevant in Europe,
where discussions on financial stability continue to address the role
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of sovereign exposures, the possible development of a common safe
asset, and the prudential treatment of government bonds. At the same
time, they are market-price-based and reduced-form measures, so we
interpret the results as descriptive evidence and mechanism-consistent
correlations, to be complemented by balance-sheet and institutional
analyses when drawing policy conclusions.

This paper contributes to the literature on systemic risk. Diebold
and Yilmaz (2008), Billio et al. (2012), Adrian and Brunnermeier
(2016), Acharya et al. (2016), and Brownlees and Engle (2017) offer
alternative frameworks to investigate and quantify systemic risk and
market interconnectedness. Most of these studies focus on U.S. non-
insurance financial institutions, with the exception of Billio et al.
(2012), which considers U.S. insurance companies and finds that banks
play a much more critical role in transmitting shocks, and Chodorow-
Reich et al. (2021), which studies U.S. life insurers and argues that
their ability to act as “asset insulators” allows them to absorb transitory
market fluctuations, albeit at the cost of fragility in crisis periods. In
addition, Engle et al. (2014) examines systemic risk among European
financial companies using the SRISK model of Brownlees and Engle
(2017), finding that systemic risk is larger than for U.S. counterparts.
Other contributions include Ellul et al. (2022), which argues that U.S.
life insurers invest in similar high-risk and illiquid bonds, increasing the
risk of systemic fire sales in response to common shocks; Foley-Fisher
et al. (2023), which argues that life insurers are becoming shadow
banks through rising exposure to risky corporates and collateralized
loan obligations; Paulson and Rosen (2016), which emphasizes the role
of insurers’ corporate bond purchases in stabilizing markets during
distress; Miihlnickel and Weil3 (2015), which studies mergers and
systemic risk in insurance; Bernal et al. (2014), which uses CoVaR to
compare banks and insurers in the Eurozone and the U.S.; and Bierth
et al. (2015), which shows that insurers’ systemic risk contribution is
generally modest but rises sharply during crises. Borri and Di Gior-
gio (2022) and Bonaccolto et al. (2023) also use CoVaR to estimate
spillovers in European sovereign debt and banking markets, respec-
tively. Foley-Fisher et al. (2020) theoretically studies self-fulfilling runs
in the insurance sector. Relative to this literature, our paper provides a
multi-layer analysis of connectedness in the European insurance sector
— across markets, subsectors, and firms — using a common frame-
work applied to returns and tail-risk measures, and complements this
evidence with a Europe-specific mechanism exercise linking sovereign
stress, domestic sovereign-bond home bias, and insurer spillovers.

The rest of the paper is organized as follows. Section 2 discusses
the network model used to estimate interconnections among financial
intermediaries and describes the data. Section 3 presents the empirical
results. Section 4 concludes.

2. Methodology and data

This section first describes the model used to estimate spillovers in
the insurance market. Next, it presents the data used in the empirical
analysis.

We investigate spillovers by estimating the Generalized Forecast
Error Variance Decomposition (GFEVD) model of Diebold and Yilmaz
(2008, 2012, 2014). We extend the GFEVD model to four indicators of
risk and performance, and apply it to different degrees of granularity
of the insurance market, and to interconnected markets, such as the eq-
uity, banking and bond markets. The four indicators we consider are all
based on equity prices and are the stock returns and their log-volatility,
the value-at-risk (VaR), and the expected shortfall (ES). Specifically,
volatility is estimated via the Generalized AutoRegressive Conditional
Heteroskedasticity (GARCH) model (Bollerslev, 1986), VaR via the
Conditional AutoRegressive VaR (CAViaR) model (Engle and Man-
ganelli, 2004), and ES via the Conditional AutoRegressive ES (CARES)
model (Taylor, 2007). These four indicators offer a comprehensive
framework to analyze the performance and risk in the insurance mar-
ket. The methodological details regarding the construction of these
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indicators are provided in Section A of the Online Appendix. It is
important to clarify the interpretation of the connectedness measures.
The GFEVD-based spillover and network statistics used in this paper
are reduced-form measures of statistical interdependence, not structural
causal effects. They capture the strength and direction of forecast-
error linkages across variables, but they do not identify the underlying
shocks or the structural mechanisms through which shocks propagate.
Accordingly, we interpret the empirical results as evidence on plausible
transmission patterns and mechanism-consistent associations, rather
than causal effects.

2.1. Generalized forecast error variance decomposition

Let X, ..., X, be n real-valued variables, whose realizations at time ¢
are the entries of the nx 1 vector x, = [x, - x,,’,]', witht=1,...,T. The
Forecast Error Variance Decomposition (FEVD) builds on the following
Vector AutoRegressive (VAR) model:

P
X; = (x+2ﬁix,_i+e,, (€8]
i=1
where f; is an n X n matrix of parameters that determine the VAR
dynamics, @ = [a; --a,]" is an n x 1 vector of intercepts, and €, ~
N(0, X) is an n x 1 vector of errors that follow a multivariate Gaussian
distribution, such that E(e,e’) = 0 and s # ¢ (Liitkepohl, 2007; Pesaran
and Shin, 1998).

The VAR model defined in Eq. (1) has the following infinite moving
average representation:

o
X =p+ ) D, 2
i=0
where p is the unconditional expected value of x,, and @; is obtained
from the following recursions:

D, =p1P_ 1+ PP+ +B,Pi,, 3

with @, being an n x n identity matrix, and @; = 0 if i < 0 (Pesaran and
Shin, 1998).2

In this paper, we use the Generalized FEVD (GFEVD), proposed
by Pesaran and Shin (1998), that, in contrast to the FEVD resulting
from orthogonalized impulse response functions, does not depend on
the ordering of the variables in x,. In particular, given a forecast horizon
h, we define the (i, j)th entry of the n x n GFEVD matrix as follows:

_ 2
gjjl Zlh=0 (eﬁde Zej)

@
Tl (€]@, Z@]e;)

‘9i,j(h) =

where [0}, - 0,,] = diag(Z), and e; is an n x 1 selection vector whose
entry j is equal to one, whereas its other elements are zeros (Diebold
and Yilmaz, 2014).

0, ;(h) defined in Eq. (4) is a measure of spillover from element
to element i. More precisely, it is the proportion of the h-step ahead
forecast error variance of variable i which is accounted for by the
innovations in variable j, with i,j = 1,...,n. Note that Z;’zl 0, ;(h) is
not necessarily equal to one for each row i (Lanne and Nyberg, 2016;
Gross and Siklos, 2019; Bax et al., 2024). We then normalize 6, ;(h) as
follows:

0, ;(h)
Yoy 0

for i =1,...,n. The coefficients 51-, ; are the central object of estimation

and capture the spillovers in the system of equations in the VAR.
Following Diebold and Yilmaz (2014), Lanne and Nyberg (2016),

Gross and Siklos (2019), and Bax et al. (2024), among others, we

6, (h) = 100, Q)

2 In the empirical analysis, we determine the lag order p in Eq. (1) by the
Bayesian Information Criterion (BIC).
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compute three different indicators from the 5,3 ; (h) values. First, we
refer to the contribution “from others” to node i:

ey ="8,;(h). (6)
o

Second, we refer to the contribution “to others” of node ;:

B.y(hy= 2,0, (). @)
i=1
i#j

Finally, we denote the “total” spillover index:

n n
o= 8,;h), (®)
T
which captures the sum of all the spillovers across nodes, and thus
is a measure of the interconnectedness of a market, or set of nodes,
which we also refer to as a “system”. As with other reduced-form con-
nectedness measures based on market data, these statistics summarize
forecast-error variance linkages but do not separately identify direct
propagation channels from simultaneous responses to common shocks
(e.g., broad interest-rate or risk-appetite factors).

We use the GFEVD model described above to study the presence
and propagation of spillovers within three different systems. The first
system includes the insurance, equity, banking and bond markets. The
second system, which consists of five insurance subsectors (i.e., in-
surance brokers, life health, multiline, property and casualty, and
reinsurance), allows the investigation of spillovers across the main
subsectors of the insurance market. Because of the relatively small
number of variables in x, (4 and 5, respectively) in both the first and
second system, we estimate the parameters of the VAR model in Eq. (1)
using the Ordinary Least Squares (OLS) method.

In contrast, the number of estimates n significantly increases in the
estimation of the third system, which is the system with the highest
degree of granularity in our analysis. In this case, we investigate the
network of individual insurance companies, and we address the curse
of dimensionality using regularization methods applied to the GFEVD
framework. These methods offer the benefit of balancing a slight in-
crease in bias, with a significant reduction in variance (Bonaccolto
et al., 2023). In the FEVD and GFEVD framework, Demirer et al.
(2017) advocated the Least Absolute Shrinkage and Selection Oper-
ator (LASSO) introduced by Tibshirani (1996), and Gross and Siklos
(2019), the Elastic Net (ELNET) introduced by Zou and Hastie (2005).
We choose to apply LASSO, as it provides sparser solutions, allowing
us to identify the most relevant links within the estimated network.
However, as discussed by Fan and Li (2001), LASSO typically provides
biased estimates, overshrinking the selected variables. We follow Bax
et al. (2024), and address this issue by employing the post-LASSO
approach described below.

In a first step of the post-LASSO method, we LASSO-select the
relevant regressors of the jth equation of the VAR model given in (1)
by minimizing the following loss function:

T P 2 P
L;= Z (xj,t - = Z ﬂi[j,:]Xt—i> + 4; Z IBirj, a1l (©)]
1=pt1 i=1 i=1

where By; .; is the jth row of B, ||By; I, is the #;-norm of B; .,
and 4; > 0 is a tuning parameter that determines the sparsity of the
solutions: the larger 4;, the greater the number of coefficients set to
zero (Hastie et al., 2009; Murphy, 2012), with j =1,...,n.°

We select those regressors whose slope coefficients resulting from
the minimization of the loss function in Eq. (9) are different from zero.
In a second step of the post-LASSO method, we estimate the slope

® In our empirical analysis, the value of 4; is determined using five-fold
cross-validation.
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coefficients of the LASSO-selected covariates using the standard OLS
estimator, while the slope coefficients of the regressors which are not
LASSO-selected in the first step are set to zero.

2.2. Data

We collect a comprehensive dataset to investigate systemic risk and
connectedness in the European insurance market. First, we use the Euro
Stoxx Insurance Equity Index to proxy for the European insurance mar-
ket. This is a capitalization-weighted index which includes insurance
stocks from countries in the European Monetary Union (EMU). As of
March 2025, the Euro Stoxx Insurance equity index has a total market
capitalization of approximately 471 billion euro, about 5.6% of the
market capitalization of the aggregate Euro Stoxx Equity Index. The
median company in the index has a capitalization of approximately 12
billion euro, and Germany, France and Italy have the highest country
weights, respectively equal to 56.5%, 18.6% and 10.2%. Moreover,
we use the Euro Stoxx Banks Index, with a market capitalization of
approximately 914 billion euro as of March 2025, as representative of
the European banking market, and the EMU Benchmark Government
Bond 10-year Index as representative of the European government bond
market. Furthermore, we use the Stoxx Europe 600 ex Financials Equity
Index, which removes financial firms from the Stoxx Europe 600 Index,
to capture the residual part of the Euro equity market. This exclusion
prevents a potential overlap with the indexes for the insurance and
banking markets. We collect daily price data for these four indices
from January 3, 2000 to October 22, 2024 and compute log-returns,
which are then also used in the estimation of the conditional volatility,
value-at-risk and expected shortfall.

Furthermore, we collect daily stock prices for all publicly listed
insurance companies in the European Economic Area, as well as in geo-
graphically proximate countries such as the United Kingdom, Switzer-
land, and Turkey.* From these prices, we compute daily log-returns.
The resulting dataset is unbalanced, as some insurance companies
entered the market after the beginning of our sample period (January
3, 2000), while others exited before its end (October 22, 2024).

We adopt the Bloomberg’s sectoral classification to assign insurance
companies to one of the following five subsectors: insurance brokers,
life and health insurance, multiline, property and casualty, and rein-
surance.” Table A.2 in Section C of the Online Appendix reports the
complete list of the insurance companies included in our dataset along
with their subsector classification. Figure A.1, also in Section C of the
Online Appendix, plots the evolution in the number of insurance com-
panies clustered by subsector for which daily log-returns are available.
The figure indicates a general positive trend in the number of insurance
companies. In particular, the number of companies in the insurance
brokers subsector increases from 2 to 13, with a median value of 7. For
the other subsectors, we observe the following initial and final number
of insurance companies: 9 and 32 for life and health insurance; 20
and 47 for multiline; 8 and 37 for property and casualty; 4 and 10 for
reinsurance.

4 Specifically, we select our sample using the equity screening function
in Bloomberg and applying filters to include all listed insurance companies
in Eastern and Western Europe. We acknowledge that focusing only on
listed companies provides a broad but not fully representative sample of the
insurance sector, especially for countries with significant unlisted insurance
companies. Implicitly, we assume that the behavior of listed and unlisted insur-
ers is broadly similar, an assumption that appears reasonable both theoretically
(given similar objective functions) and empirically (given broadly comparable
business practices).

5 The Bloomberg classification corresponds to the field INDUSTRY_SUB-
GROUP, which assigns each stock based on the primary source of its total
revenues. For example, a company is classified under the life and health
insurance sector if a majority of its revenues originates from life and health
insurance activities.
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Table 1

This table presents summary statistics for the logged return series (in per-
centages). Panel A refers to the main market indices: the equity indices for
insurance, banking, non-financial stocks, and government bonds. Panel B refers
to insurance stock-level data. Specifically, the table reports the mean, standard
deviation, and the 5th, 50th, and 95th percentiles. For the insurance subsectors
we consider value-weighted indices, while “All” refers to simple average across
all the individual insurance stocks. The number of individual assets (N) and
daily observations (T) are also reported. The sample period spans from January
3, 2000, to October 22, 2024.

Data source: Datastream.

Mean Std Q5 Q50 Q% N T

Panel A: main market indices

Insurance equity index 0.002 1.731 -2.609 0.023 2487 1 6472
Bank equity index —-0.012 1.899 -2927 0.007 2777 1 6472
Stocks ex Fin. Equity Iidex 0.009 1.119 -1.798 0.031 1.658 1 6472
Govt bond index 0.006 0.370 -0.596 0.007 0.560 1 6472
Panel B: insurance stock-level data

Insurance brokers 0.047 1.882 -2.319 0.000 2.493 7 6472
Life health 0.010 1.528 -2.380 0.039 2160 20 6472
Multiline 0.013 1.412 -2.097 0.039 1.961 38 6472
Property and casualty 0.026 1.564 -2.295 0.053 2.175 26 6472
Reinsurance 0.012 1.626 -2.342 0.045 2.207 7 6472
All 0.012 2375 -3.253 0.004 3.295 70 5584

Moreover, for each of the five subsectors of the insurance market,
We compute the daily logged return as the weighted average of the
log-returns of the insurance companies within that subsector. Specif-
ically, the daily weight of each company within a given subsector is
determined by its market capitalization on day ¢, divided by the total
market capitalization of all companies in the same subsector on the
same day. In case a given company presents missing values on a given
day ¢, we set its daily logged return and weight equal to zero. From the
logged return time series, we also estimate the time-varying conditional
volatility, value-at-risk, and expected shortfall time series using the
GARCH, CAViaR, and CARES models.

Table 1 reports descriptive statistics about the data used in the
empirical analysis. Panel A refers to the main market indices, while
Panel B to the insurance stock-level data. The summary statistics for the
main market indices indicate differences in return characteristics across
asset classes. The mean log-returns (in percentages) vary, with the
Insurance Index (0.002) and Bank Index (—0.012) exhibiting lower val-
ues compared to Stocks ex-Financials (0.009) and Government Bonds
(0.006). The standard deviation is highest for the banking (1.899)
and insurance (1.731) equity indices, while government bonds exhibit
the lowest volatility (0.370). The 5th and 95th percentiles highlight
the extent of downside and upside risks, with the banking market
displaying the widest dispersion (—2.927 to 2.777). For the insurance
stock-level data in Panel B, the equally-weighted broad (All) mean
return is high (0.012), and higher than the mean return on the main
market indices. This indicates that small capitalization insurance stocks
performed better than large capitalization insurance stocks, with the
caveat that the Euro Stoxx Insurance Equity Index include only EMU
stocks. For the insurance sub-sectors, the highest return is for insurance
brokers (0.047), followed by property and casualty. The insurance
brokers subsector has also the highest volatility (1.882) among the five
subsectors. Finally, for the insurance stock-level data, we also report the
number of stocks in each sub-sector. The sub-sectors with the largest
number of components, in our sample, are multiline (38) and property
and casualty (26), while insurance brokers (7) and reinsurance (7) are
the sub-sectors with the smallest number of components.

Fig. 1 plots the daily log-return associated with the Euro Stoxx
Insurance Equity Index (left subplot) and the cumulated returns of the
main equity indices (right plot). The figure highlights two interesting
stylized facts. First, the daily log-returns of the insurance equity index
reveal heteroskedasticity and volatility clustering (Cont, 2001), and
the frequency of large tail events, such as the COVID-19 pandemic,
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which produced the largest daily loss of —17.4% on March 12, 2020.
This evidence motivates the construction, from the log-returns, of time-
varying additional measures of risk, such as the conditional volatility,
value-at-risk, and expected shortfall. Second, the cumulated return
series of the three main equity indices reveals the high co-movement,
but also marked difference in performance over the sample considered.
Moreover, the figure reveals the particularly high correlation, across
these markets, of the largest tail events.

3. Empirical analysis

This section presents the empirical results from the estimation of the
GFEVD model. We first present the results for the insurance, banking,
equity, and government bond markets in Section 3.1. Section 3.2 then
presents a firm-level panel analysis of sovereign risk, home bias, and in-
surer spillovers in the European institutional setting, while Section 3.3
provides a descriptive comparison of spillover patterns around the
introduction of Solvency II. Section 3.4 considers spillovers across
insurance subsectors, while Section 3.5 presents the findings for the net-
work of individual insurance companies. Finally, Section 3.6 presents
additional results and extensions.

We estimate the model both unconditionally, using the full-sample,
as well as conditionally, with dynamic estimates based on rolling
windows. For the dynamic estimates, we consider a rolling window size
of 250 daily observations (i.e., approximately one year) and a one-day
forward step.

Following Gross and Siklos (2019) and Bax et al. (2024), we set
the forecast horizon h in Eq. (4) equal to 10, which is a reasonable
choice from a risk management viewpoint (Diebold and Yilmaz, 2014).
We determine the lag order p on the basis of the Bayesian Information
Criterion (BIC) computed on the underlying VAR model. The selected p
values vary according to the system of interest and the performance or
risk measure that is adopted to estimate the GFEVD model. Specifically,
in the system comprising the insurance, banking, bond, and equity
markets, the chosen values of p are 1 (GFEVD on log-return time series),
3 (conditional log-volatility), 1 (CAViaR), and 5 (CARES). In the case
of the five insurance subsectors, the corresponding p values are 1, 1,
1, and 3, respectively. Finally, for individual insurance companies, p is
always set to 1 across all estimations.

3.1. Insurance and other financial markets

In this section, we present the results obtained from the estima-
tion of the GFEVD model at the most aggregated level, investigating
spillovers across the insurance, banking, government bond, and equity
markets. Specifically, we consider spillovers using the log-return, the
conditional log-volatility, the CAViaR, and the CARES.

Fig. 2 summarizes the results of the dynamic spillover estimates. It
shows the evolution of the total spillover index (blue-dashed line, left
vertical axis) across the insurance, banking, bond, and equity markets,
for each of the four performance and risk indicators. In parallel, the
figure plots the evolution of the insurance sector’s “contribution to
others” index (red-solid line, right vertical axis), capturing the extent
to which shocks originating in the insurance market spill over to the
remaining markets. To support the interpretation, the figure includes
vertical colored bands that highlight key economic episodes: gray
bands correspond to NBER U.S. recession periods (specifically, the dot-
com bubble, the subprime crisis, and the COVID-19 pandemic); the
pink band marks the European sovereign debt crisis (May 2010 to
June 2012); and the green band denotes the period of ECB monetary
tightening (July 2022 to September 2023).

A first observation is the strong comovement between the total
spillover index and the insurance sector’s contribution to others across
all four indicators. The unconditional correlation coefficients are 0.90,
0.75, 0.81, and 0.92, respectively, pointing to a tight link between
overall systemic risk and the insurance sector’s role in its propagation.



G. Bonaccolto et al. Journal of Financial Stability 84 (2026) 101546

2.0 -Bank-- Insurance - Stocks ex Financials

0.10

0.05

0.00

-0.05

-0.10

00 02 05 08 I 13 16 19 22 24 00 02 05 08 1 13 16 19 22 24

Fig. 1. This figure plots the logged daily return time series for the Euro Stoxx Insurance equity index (left plot) and the cumulated return indices for the Euro
Stoxx Insurance equity index (green line), together with the banking (red line) and equity ex-financial indices (blue line). The gray shaded bars correspond to
NBER recessions, the pink shaded bar corresponds to the European sovereign debt crisis, from May 2010 to June 2012, and the green shaded bar refers to the
ECB interest rate increase, from July 2022 to September 2023. The sample is from January 3, 2000 to October 22, 2024. (For interpretation of the references

to color in this figure legend, the reader is referred to the web version of this article.)

Source: Data are from Datastream.
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Fig. 2. This figure plots the evolution of the contribution to others of the European insurance sector (red-solid line), as defined in Eq. (7), and of the total spillover
index (blue-dashed line), as defined in Eq. (8), resulting from the estimation of the GFEVD model on the log-return (top-left panel), conditional log-volatility
(top-right panel), CAViaR (bottom-left panel), and CARES (bottom-right panel) time series. The total spillover index is represented on the left vertical axis, while
the contribution to others of the insurance sector is represented on the right vertical axis. The dynamic estimation is based on a 250-day rolling window and
1-day ahead forecast. The gray shaded bars correspond to NBER recessions, the pink shaded bar corresponds to the European sovereign debt crisis, from May
2010 to June 2012, and the green shaded bar refers to the ECB interest rate increase, from July 2022 to September 2023. The sample goes from January 3, 2000

to October 22, 2024. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Notably, all spillover measures tend to rise sharply during the major
economic stress episodes highlighted in the figure, such as the NBER
recessions. We emphasize that this comovement may reflect both inter-
connectedness/propagation and common exposure to dominant shocks,
so we interpret it as reduced-form evidence rather than a structural
decomposition of transmission channels.

Second, the figure shows that all spillover indices increased
markedly following the end of the 2001 recession (associated with
the dot-com bubble) and have remained at structurally higher levels
since, with only a modest decline toward the end of the sample.
This suggests a long-term shift in the systemic interconnectedness of
financial markets, which could be due to the relevant changes in

technology, internet development and digitalization that made much
more rapid the responses of agents and markets to new information.
A closer comparison between the total spillover index and the in-
surance sector spillover index reveals further insights. In relative terms
(i.e., relative to their own vertical scales in Fig. 2), spillovers in returns
remained lower for the insurance sector compared to the total spillover
index until the European sovereign debt crisis. Since then, however, the
insurance sector’s spillovers have generally remained relatively more
elevated. In contrast, for all risk indicators, the insurance-sector index
appears more elevated relative to its own scale throughout most of
the sample, highlighting the sector’s comparatively strong role in risk
transmission. Because the two series are plotted on different vertical
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Table 2

This table reports summary statistics of systemic risk spillovers across sub-samples and different performance

and risk indicators. Panel A to D refer to log-return, log-volatility, CAViaR and CARES, respectively. For each

sub-sample, the table reports the start and end dates, the number of trading days within each period, the mean

value of the total spillover index, and the mean contribution to others of the insurance sector. The dynamic

GFEVD is estimated using a 250-day rolling window with a step of one day ahead.

Period Start End Days Total Insurance
Panel A: Log-Return

Dot-com bubble 01/03/2001 30/11/2001 197 171.36 44.83
Sub-prime crisis 03/12/2007 30/06/2009 412 245.35 71.17
EU Sovereign debt crisis 03/05/2010 01/06/2012 545 258.88 73.29
COVID-19 03/02/2020 30/04/2020 64 209.69 66.83
ECB interest rate increase 21/07/2022 21/09/2023 306 182.00 59.16
Normal times 03/01/2000 22/10/2024 4699 211.55 64.76
Panel B: Log-Volatility

Dot-com bubble 01/03/2001 30/11/2001 197 151.07 33.45
Sub-prime crisis 03/12/2007 30/06/2009 412 203.05 76.89
EU Sovereign debt crisis 03/05/2010 01/06/2012 545 226.91 76.46
COVID-19 03/02/2020 30/04/2020 64 195.52 85.08
ECB interest rate increase 21/07/2022 21/09/2023 306 187.45 65.00
Normal times 03/01/2000 22/10/2024 4699 179.78 63.69
Panel C: CAViaR

Dot-com bubble 01/03/2001 30/11/2001 197 174.29 45.78
Sub-prime crisis 03/12/2007 30/06/2009 412 211.43 70.87
EU Sovereign debt crisis 03/05/2010 01/06/2012 545 237.05 74.17
COVID-19 03/02/2020 30/04/2020 64 230.14 78.15
ECB interest rate increase 21/07/2022 21/09/2023 306 206.95 66.16
Normal times 03/01/2000 22/10/2024 4699 197.09 63.64
Panel D: CARES

Dot-com bubble 01/03/2001 30/11/2001 197 163.92 35.70
Sub-prime crisis 03/12/2007 30/06/2009 412 218.67 72.27
EU Sovereign debt crisis 03/05/2010 01/06/2012 545 238.54 70.47
COVID-19 03/02/2020 30/04/2020 64 220.55 71.98
ECB interest rate increase 21/07/2022 21/09/2023 306 190.95 58.89
Normal times 03/01/2000 22/10/2024 4699 195.56 60.73

axes, these comparisons should be interpreted as relative comovement
patterns rather than absolute magnitudes; in absolute terms, the total
spillover index is always larger.

Toward the end of the sample, an interesting divergence emerges
across the different spillover indicators. During the COVID-19 pan-
demic, the insurance sector’s contribution to systemic risk spiked
sharply across all dimensions. While spillovers based on returns grad-
ually declined after the crisis, those derived from risk measures —
namely volatility, value-at-risk, and expected shortfall — exhibited a
more complex and persistent pattern. Specifically, all three risk-based
indicators show that both the total spillover index and the insurance
sector index rose substantially during the pandemic, with the latter
increasing relatively more. This elevated spillover from the insurance
sector is consistent with significant stress in the industry and stronger
co-movement with other markets during the episode, although the
reduced-form connectedness measures cannot separately identify direct
transmission from common shocks.

Following the immediate pandemic shock, spillover indices for risk
measures temporarily receded but surged again when the ECB began
raising interest rates in response to unexpectedly high inflation. These
rate hikes disproportionately affected the insurance sector, given its
exposure to long-duration fixed-income assets, whose valuations de-
clined as interest rates rose. As inflationary pressures later eased and
market expectations shifted toward lower future rates, the spillover
indices gradually declined, approaching levels observed at the start of
the sample period.

These findings underscore the importance of looking beyond return-
based measures when analyzing systemic risk. While return spillovers
suggest a steady post-pandemic decline, risk-based indicators reveal a
more nuanced and dynamic picture of financial contagion, highlighting
the value of incorporating higher-order risk metrics in systemic risk
assessments.

The evidence discussed above is summarized in Table 2, where we
report the average values of the two indicators shown in Fig. 2 across
different periods of financial and economic stress. The table presents
results for the different performance and risk indicators, namely log-
returns (Panel A), log-volatility (Panel B), CAViaR (Panel C), and
CARES (Panel D).

Several patterns emerge from the data. First, the total spillover
index exhibits significant increases during crisis periods relative to
normal times across all four indicators. This pattern is consistent
with heightened interconnectedness of financial markets during periods
of systemic distress. Second, the insurance sector’s contribution to
spillovers also rises substantially in these periods, particularly for risk-
based indicators (Panels B to D). Notably, during the COVID-19 crisis,
the insurance sector’s contribution to total spillovers reached its highest
levels across all risk measures, underscoring the sector’s heightened
vulnerability and systemic importance in times of severe financial
turmoil.

The ECB’s interest rate hikes present a different dynamic. While
the total spillover index increased compared to normal times, its rise
was more contained than in previous crises, likely reflecting a more
gradual market adjustment. However, the insurance sector’s contri-
bution remained elevated, particularly for log-volatility and CAViaR,
highlighting the sector’s sensitivity to interest rate changes due to its
exposure to long-duration fixed-income assets. As financial conditions
stabilized following the peak of inflationary pressures, spillover indices
began to decline, nearing levels observed in normal times. Overall,
these findings emphasize the need to analyze spillovers across multiple
dimensions of risk beyond returns, as systemic stress can manifest
more prominently through volatility, tail risk, and systemic fragility
measures.

So far, we have compared the dynamics of the total spillover index
and the impact of the insurance sector. We now directly contrast the
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Fig. 3. This figure plots the evolution of the spillover index for the broad equity, insurance, banking, and bond markets. The four panels correspond to estimation
of the GFEVD model on log-returns (top left), conditional volatility (top right), CAViaR (bottom left) and CARES (bottom right). The dynamic estimation is based
on a 250-day rolling window and 1-day ahead forecast. The gray shaded bars correspond to NBER recessions, the pink shaded bar corresponds to the European
sovereign debt crisis, from May 2010 to June 2012, and the green shaded bar refers to the ECB interest rate increase, from July 2022 to September 2023. The
sample goes from January 3, 2000 to October 22, 2024. (For interpretation of the references to color in this figure legend, the reader is referred to the web

version of this article.)

systemic importance of the insurance sector with that of other financial
markets — banking, bond, and equity markets — as illustrated in Fig.
3. Once again, we observe pronounced spikes in systemic contribu-
tions during major financial crises, with these spikes becoming more
pronounced as we shift from log-returns (top-left panel) to risk-based
measures.

A key takeaway from the figure is that spillover measures based on
log-returns exhibit more muted fluctuations compared to those based
on risk indicators, underscoring the importance of looking beyond
return-based spillovers to assess systemic risk. Across all periods, the
insurance sector consistently maintains a high contribution to systemic
risk, comparable to that of the banking and equity markets. The bond
market, on the other hand, has a relatively lower systemic impact
during stable periods but sees a sharp increase during financial crises,
such as the US subprime crisis.

In the most recent period, characterized by the ECB’s interest rate
hikes, we observe a divergence in systemic contributions across sectors.
While the insurance, banking and government bond markets experi-
enced a substantial increase in their contributions, coinciding with
tighter financial conditions, the contributions of the equity markets
ex-financials declined. This divergence highlights sector-specific sensi-
tivities to rising interest rates: insurance companies, banks and bonds
are more directly exposed to changes in monetary policy and yield
curves, while the rest of the equity market — despite being typically
described as a long-duration asset — saw a relative decline in systemic
impact.

3.2. Sovereign risk, home bias, and insurer spillovers

The previous sections document that insurers are systemically rel-
evant in Europe and that their spillovers are strongly time-varying.
We now move from description to mechanism. The key economic
question is whether sovereign-risk shocks transmit differently across
insurers depending on portfolio composition. This is a particularly

relevant test in Europe, where sovereign risk is heterogeneous across
countries and insurers differ substantially in their exposure to domestic
government bonds (International Monetary Fund, 2018). This institu-
tional setting contrasts with the U.S., where insurers hold claims on a
common sovereign benchmark (U.S. Treasuries), which mechanically
limits cross-country variation in sovereign-credit exposure; consistent
with this contrast, U.S.-focused studies emphasize common exposures
to corporate-credit and structured-credit markets rather than cross-
country sovereign-credit heterogeneity (Ellul et al., 2022; Foley-Fisher
et al., 2023).

To measure this channel, we use country-level exposures from
EIOPA. Specifically, for each country and quarter, starting in 2017Q4,
we compute HomeBias as total holdings of domestic government
bonds by insurers in that country divided by total insurer assets in
that country. This is the same home-bias variable used in the panel
regressions below. Fig. 4 shows the evolution of this measure together
with sovereign spreads for four representative countries (Germany,
Italy, France, and Spain). At the beginning of the sample, insurers’
domestic government-bond share ranges from below 5% in Germany to
above 40% in Spain. Although these shares decline over time, sizable
cross-country heterogeneity remains at the end of the sample, with
Spain still above 35% and Italy around 25%. Over the same period,
Italy displays the highest sovereign spread in the group, declining from
about 3% to around 1%.

The empirical design exploits two features of the European setting.
First, sovereign stress is not uniform across countries, so the spread over
Germany varies meaningfully over time and across insurers’ home juris-
dictions. Second, insurers exhibit heterogeneous home-bias intensity in
government-bond portfolios. If this balance-sheet channel is relevant,
the effect of sovereign stress on insurer spillovers should depend on
HomeBias, captured by the interaction HomeBias X SovSpread.

Table 3 reports pooled estimates and estimates with company and
time fixed effects for spillovers from insurers to banks, bonds, and
equities. All panel specifications include a measure of leverage Lev,
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Fig. 4. This figure plots the evolution of domestic government bond share and sovereign spread for insurance companies in Germany, Italy, France, and Spain.
Top panel: share of domestic government bonds in insurers’ total assets (HomeBias). Bottom panel: sovereign spread relative to Germany (SovSpread). Data are
country-level and from EIOPA exposure statistics and Bloomberg. Sovereign spreads are for the 10-year maturity. The sample starts in 2017Q4.

from Bloomberg, to control for company-specific time-varying riskiness.
The pooled specification combines within-company and cross-company
variation. By contrast, company fixed effects absorb time-invariant
insurer characteristics (e.g., business model and persistent risk profile),
while time fixed effects absorb shocks common to all firms (e.g., broad
macro-financial conditions). Relative to pooled estimates, the fixed-
effects specification isolates within-insurer variation over time, net of
aggregate shocks.

Our interpretation focuses on the bank-spillover equations in the
specification with company and time fixed effects. In Panel A (CARES),
the coefficient on SovSpread is negative and significant (-2.543),
while the interaction HomeBias X SovSpread is positive and significant
(3.936). In Panel B (Log-Ret), the same pattern holds: SovSpread =
—1.154 (significant) and HomeBias X SovSpread = 2.321 (significant).
Thus, higher sovereign stress is associated with lower insurer-to-bank
spillovers for insurance companies in countries with low home bias,
but this effect weakens and can reverse for insurers in countries with
higher home bias. The implied sign-switch thresholds, —fg,,spread/
PHomeBiasxSovSpread> ar€ approximately 0.646 in Panel A (CARES) and
0.497 in Panel B (Log-Ret). In the estimation sample used for Table 3,
the home-bias measure ranges from 0.000 to 0.583 (with pgs = 0.522
and pyy = 0.583). Thus, the threshold lies outside the observed support
in Panel A (CARES), while in Panel B (Log-Ret) it lies within the upper
tail of the sample.

Outside banks, coefficients are less stable in the fixed-effects spec-
ification, consistent with a bank-centered sovereign-risk transmission
channel. This evidence complements the aggregate time-series results
reported in the Online Appendix (Table A.1), where we relate weekly
ES-based spillovers from aggregate insurance to macro-financial ex-
planatory variables. In those regressions, the term spread, sovereign
spread, and funding stress are the most informative variables, while
a broad global risk-appetite proxy (the change in the VIX) is not
statistically significant. As a robustness check, Appendix Table A.5
reports the same panel regressions with standard errors clustered at
the country level, which is a relevant alternative because the key

explanatory variables (sovereign spreads and home bias) vary at the
country level; the CARES results remain qualitatively consistent, while
the Log-Ret estimates are less precisely estimated (though with similar
signs), as expected given the limited number of country clusters in the
sample.

3.3. Spillover patterns around the introduction of Solvency II

During our sample period, a major regulatory reform of the Eu-
ropean insurance sector came into effect: Solvency II, introduced on
January 1, 2016. Solvency II reshaped the prudential framework for
insurers by tightening capital requirements, introducing risk-sensitive
solvency ratios, and strengthening risk management and disclosure
standards. Because our framework considers different measures of per-
formance and risk, it is well suited to documenting whether insurers’
role in risk transmission changed around this regulatory transition. We
emphasize, however, that this is a descriptive comparison: changes
between 2015 and 2016 may also reflect contemporaneous macro-
financial developments, including the ECB’s monetary policy stance,
changes in bank-resolution expectations, the Brexit referendum, and
shifts in sovereign-risk perceptions.

Table 4 reports systemic risk contributions before (2015) and after
(2016) the introduction of Solvency II. Between 2015 and 2016, the
contribution of insurers to other sectors declined across log-volatility
and the tail-risk measures (CAViaR and CARES), while remaining
broadly stable in returns. By contrast, contributions from banks and
bonds increased substantially, particularly under the tail-sensitive indi-
cators, while equities displayed a more mixed pattern. These patterns
are consistent with a relative decline in insurers’ measured contribution
to tail spillovers in the immediate post-reform period, but they should
not be interpreted as causal effects of Solvency II.

More generally, these results illustrate the usefulness of our econo-
metric framework for tracking how spillover patterns evolve around
major regulatory and macro-financial events, especially when focusing
on volatility and tail-risk measures rather than returns alone. Table A.4
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This table reports panel-regression estimates of directional spillovers from insurers to Bank, Bond, and Equity
markets. The dependent variable is the directional spillover from insurance to each destination market. Columns
labeled TWFE report two-way fixed-effects estimates (firm and time fixed effects). Robust standard errors are
one-way clustered at the firm level and reported in parentheses.

Pooled TWFE
Bank Bond Equity Bank Bond Equity
Panel A: CARES
Lev 0.342%** 0.081*** 0.307*** 0.015 —-0.039 —-0.031
(0.122) (0.031) (0.104) (0.086) (0.025) (0.074)
Home bias 22.075%** 5.381 % 16.889%** -10.667 -9.880 -16.157
(4.578) (1.089) (4.094) (32.131) (7.149) (27.659)
Sov spread 2.059%* 0.812%** 3.577%** —2.543%%* 0.136 —0.566
(0.803) (0.213) (0.875) (0.814) (0.189) (0.906)
Home bias x Sov spread —5.629%** —1.877%** —8.136%** 3.936%* —-0.240 0.926
1.757) (0.451) (1.940) (1.550) (0.396) (1.670)
N 33882 33882 33882 33882 33882 33882
Firm FE No No No Yes Yes Yes
Time FE No No No Yes Yes Yes
Panel B: Log-Ret
Lev 0.372%* 0.097** 0.313** —-0.072 —-0.025 —-0.063
(0.147) (0.045) (0.126) (0.091) (0.047) (0.048)
Home bias 24.331%%* 6.6567"* 23.8227%%* 14.784 8.231 31.109
(6.796) (1.703) (5.803) (24.664) (6.300) (19.708)
Sov spread 2.427%** 0.851%** 4.024*** —-1.154* —-0.268 —-0.429
(0.849) (0.305) (0.945) (0.685) (0.318) (0.698)
Home bias x Sov spread —6.5447%* —1.786%** o 2.321* 0.560 0.697
(1.957) (0.675) (1.243) (0.631) (1.269)
N 33236 33236 33236 33236 33236
Firm FE No No No Yes Yes Yes
Time FE No No No Yes Yes Yes
* p<0.10.
** < 0.05.
wixp < 0.01.

Table 4

Systemic risk contributions around the introduction of Solvency II. This table
reports the contribution to others of the insurance, equity, bank and bond
markets estimated in 2015 (Panel A) and in 2016 (Panel B). The contribution
to others is reported for the log-return, the log-volatility, the CAViaR and
the CARES risk measures. The insurance market regulation Solvency II was
introduced January 1, 2016. Panel C reports the percentage variation in the
contribution to others between 2015 and 2016.

Contribution to others

Log-Return Log-Volatility CAViaR CARES
Panel A: Year 2015
Insurance 67.53 70.22 72.14 71.72
Equity 62.04 55.57 66.51 53.39
Bank 63.28 46.51 49.99 51.71
Bond 8.82 5.57 2.65 9.05
Panel B: Year 2016
Insurance 68.92 57.93 53.65 61.33
Equity 52.39 63.06 67.44 52.96
Bank 68.55 73.02 72.11 70.80
Bond 13.44 19.35 10.34 20.96
Panel C: Percentage Variation (%)
Insurance 2.05 -17.50 —25.63 -14.49
Equity -15.56 13.48 1.38 —-0.80
Bank 8.32 57.00 44.23 36.92
Bond 52.28 247.17 290.19 131.62

in the Online Appendix shows that the same qualitative patterns are
broadly similar when we use three-year windows before and after 2016.

3.4. The subsectors of the insurance market
In this section, we present the results from the estimation of the

GFEVD model applied to the different insurance subsectors: insur-
ance brokers, life and health, multiline, property and casualty, and

10

reinsurance. For each sector, we construct a value-weighted portfolio
containing the insurance stocks using the sector-categorization from
Bloomberg.

We start with the analysis of the results from the unconditional
estimates, based on the full-sample, and summarized in Table 5. The
four panels of the table refer to the spillovers in terms of returns (Panel
A), conditional volatility (Panel B), CAViaR (Panel C) and CARES (Panel
D).

A joint examination of the four spillover matrices in Table 5 shows
distinct patterns in the transmission of systemic risk across insurance
subsectors. A robust pattern is the prominent role of the multiline
insurance subsector, which consistently generates high spillovers —
measured by 8, ;(h) — to all other subsectors except insurance brokers.
Insurance brokers appear to be the most isolated segment, exhibit-
ing low spillover values both in terms of contributions received and
transmitted. Excluding brokers, the spillovers from multiline to other
subsectors range from 22.24 (to property and casualty in Panel B)
to 26.04 (to life and health in Panel C), significantly exceeding the
spillovers originating from other subsectors. The systemic relevance
of multiline insurers confirms results for an earlier sample of global
financial institutions in Kaserer and Klein (2019).

The systemic relevance of the multiline subsector is further high-
lighted by its contributions to others, éu_j(h), where it is the only
subsector consistently exceeding a value of 70. Notably, it reaches its
peak at 81.22 in Panel C (CAViaR). The contrast between multiline and
the other subsectors becomes even more pronounced when considering
net contributions, calculated as the difference between contributions
to and from others, 4, _ () = ] iea(h). While all other subsectors either
exhibit negative values or remain close to zero, multiline consistently
registers strongly positive net contributions, ranging from 11.97 in
Panel A (log-returns) to 16.99 in Panel C (CAViaR). These results
underscore the central role of the multiline subsector in the systemic
risk dynamics of the insurance market.
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Table 5

This table summarizes the spillover matrix across the European insurance
subsectors estimated by the GFEVD model. Furthermore, for each subsector,
it reports the contribution to others, the contribution from others, and the
net contribution. Finally, the table reports the total spillover index. Panel A
to D refer to log-return, log-volatility, CAViaR and CARES, respectively. The
model is estimated for the following subsectors: insurance brokers (Ins.Bro.),
life health (Lif.Hea.), multiline (Mul.Lin.), property and casualty (Pro.Cas.),
and reinsurance (Reins.). The sample goes from January 3, 2000 to October
22, 2024.

To From
Ins.Bro. Lif.Hea. MulLin. Pro.Cas. Reins. Contr. from others
Panel A: Log-Return
Ins.Bro. 79.23 4.39 7.24 4.13 5.01 20.77
Lif.Hea. 2.29 36.06 23.74 19.37 18.54 63.94
Mul.Lin. 3.13 21.32 3273 20.48 22.34 67.27
Pro.Cas. 2.17 19.78  23.38 36.72 17.95 63.28
Reins. 2.47 18.60  24.89 17.52 36.52 63.48
Contr. to others 10.07 64.09 79.24 61.50 63.84 Spillover index:
Net contribution -10.70 0.15 11.97 -1.78 0.36 278.74
Panel B: Log-Volatility
Ins.Bro. 94.51 1.30 1.86 1.50 0.83 5.49
Lif.Hea. 0.59 42.43  24.04 16.81 16.13 57.57
Mul.Lin. 0.59 20.40  40.42 18.37 20.23 59.58
Pro.Cas. 0.53 16.92  22.24 45.27 15.04 54.73
Reins. 0.36 16.30 24.21 15.20 43.93 56.07
Contr. to others 2.07 54.91 72.35 51.88 52.22  Spillover Index:
Net Contribution -3.42 -2.66 12.77 -2.85 -3.85 233.44
Panel C: CAViaR
Ins.Bro. 87.44  2.88 4.51 2.61 2.56 12.56
Lif.Hea. 0.69 35.55 26.04 18.71 19.01 64.45
Mul.Lin. 0.76 2098  35.77 20.26 22.23 64.23
Pro.Cas. 0.65 17.91 24.97 38.76 17.72 61.24
Reins. 0.37 17.91 25.70 17.45 38.57 61.43
Contr. to others 2.47 59.67  81.22 59.02 61.52 Spillover index:
Net contribution -10.09 -4.78  16.99 -2.22 009 263.90
Panel D: CARES
Ins.Bro. 84.24  3.16 4.28 5.51 281 15.76
Lif.Hea. 1.62 38.19 24.38 17.34 18.47 61.81
Mul.Lin. 1.92 20.24 36.17 20.28 21.39 63.83
Pro.Cas. 2.38 15.51 23.55 41.24 17.32  58.76
Reins. 1.43 17.16  24.82 18.38 38.21 61.79
Contr. to others 7.35 56.07 77.03 61.52 60.00 Spillover index:
Net contribution -841  -574  13.20 2.76 -1.79 261.95

These findings suggest that both balance sheet size and the nature
of the business model — particularly the distinction between finan-
cial and non-financial activities — are relevant for the transmission
of systemic risk. In this context, the broad diversification typical of
multiline insurers, as well as their role (shared with reinsurers) as
ultimate risk absorbers through reinsurance, appears to have a limited
mitigating effect. The large balance sheets of these subsectors, rather
than diversification per se, appear more closely associated with their
central position in our spillover measures.

Turning to the total spillover index, 8(h), the highest value of 278.74
is observed when estimating the GFEVD model on log-return time series
(Panel A), indicating that return-based spillovers are more pronounced
compared to risk-based measures.

After analyzing the unconditional estimates, we now focus on the
dynamic estimates of the spillover for the five subsectors of the in-
surance market. Fig. 5 summarizes the results, plotting the dynamic
estimates for log-returns (left panel) and conditional log-volatilities
(right panel).®

6 The results obtained from the CAViaR and CARES time series are
qualitatively similar and available upon request.
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Fig. 5 shows that the impacts of the subsectors are not constant over
time, but are affected by the important events that occurred during the
analyzed period, and that we cited above. The estimates obtained from
log-returns appear more stable and smoothed, whereas those derived
from log-volatilities are more volatile and exhibit significant spikes,
which often coincides with the relevant events highlighted with the
colored bars.

The dynamic estimates are consistent with the earlier finding that
the multiline subsector (black line) has the largest spillover impact
in the insurance market. In particular, the contribution to others of
the multiline subsector is persistently above that of the remaining
subsectors, and is largest during the US subprime financial crisis and
the COVID-19 pandemic. Interestingly, during the COVID-19 pandemic
related economic shock, the relative importance of the reinsurance
sector increased sharply and, in the case of the spillovers in terms of
log-volatility, reached a high-value above 100. Finally, the insurance
brokers’ sector contribution to risk is the lowest, although it also rises
sharply in periods of financial and economic distress.

3.5. Insurance companies

In this section, we consider spillovers in the insurance market using
a granular sample containing individual insurance stocks.

To address the issue of an unbalanced sample of insurance stocks,
we implement a two-step strategy. First, we replace missing values with
zeros, implicitly assuming that an insurance stock did not contribute to
spillovers on those particular days. This assumption is consistent with
the idea that if no data is available for a company on a given day, it
had no significant market impact or did not trigger any notable events.
Second, we filter time series by retaining only those in which nonzero
log-returns exceed 30% of observations, corresponding to at least 1941
trading days. This criterion ensures that the presence of zero log-returns
does not unduly distort the results. A total of 70 companies meet this
requirement, as indicated in Table 1 and by the value “1” in the fourth
column of Table A.2 in C.

We first estimate the GFEVD model for the 70 companies we se-
lected. Next, we investigate their interconnections and spillovers using
a directed network. Note that, because of the large number of parame-
ters of the model estimated on individual stocks, we estimate the VAR
parameters using the post-LASSO regression method.

We construct four directed and weighted networks from the GFEVD
estimation, each corresponding to a different variable: log-return
(Fig. 7), conditional log-volatility (Fig. 8), CAViaR (Fig. 9), and CARES
(Fig. 10). Each network consists of 70 nodes, representing the selected
insurance companies, which are visually distinguished by color ac-
cording to their respective subsectors: insurance brokers (green), life
and health insurers (orange), multiline insurers (blue), property and
casualty insurers (red), and reinsurers (violet). The size of each node
j is proportional to 4, _ ;(h) from Eq. (7), emphasizing companies with
greater systemic impact. Similarly, the width of a directed link from
node j to node i is proportional to 6, ; (h) from Eq. (5).

The estimated spillovers are densely clustered around zero, as illus-
trated in Fig. 6, which presents the distributions of 9,-, j(h) in absolute
value (excluding self-loops). The four boxplots reveal that a subset of
spillovers is substantially larger, forming a right tail that deviates from
the bulk of the data—suggesting economically meaningful heterogene-
ity in spillover intensities within the network. To enhance clarity and
highlight the most relevant spillovers, we exclude from Figs. 7-10 all
links whose absolute value is below the third quartile of their respective
distributions. We use the 75th percentile as the baseline threshold be-
cause it strikes a balance between retaining a sufficiently rich network
and filtering out weak, noisy links, thus improving interpretability of
the network structure

The networks in Figs. 7-10 are visualized using the Fruchterman
and Reingold (1991) force-directed algorithm, a widely used approach
for network layout optimization. This algorithm simulates a physical
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Fig. 5. This figure plots the evolution of the impact (quantified by the contribution to others) of the insurance brokers (Ins.Bro.), life health (Lif.Hea.), multiline
(Mul.Lin.), property and casualty (Pro.Cas.), and reinsurance (Reins.) subsectors, resulting from GFEVD estimated on the log-return (left panel) and conditional
log-volatility (right panel) time series. The dynamic estimation is based on a 250-day rolling window and 1-day ahead forecast. The gray shaded bars correspond
to NBER recessions, the pink shaded bar corresponds to the European sovereign debt crisis, from May 2010 to June 2012, and the green shaded bar refers to the
ECB interest rate increase, from July 2022 to September 2023. The sample goes from January 3, 2000 to October 22, 2024. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. Boxplots of the absolute values of éi,/ (h), with i,j = 1,...,70 and i # j, resulting from the GFEVD estimation at the level of individual insurance
companies on four different variables: log-returns (Log-Ret), conditional log-volatility (Log-Vol), conditional Value-at-Risk (CAViaR), and conditional Expected
Shortfall (CARES). The boxes include companies above the bottom 5% and below the top 95% of the distribution. The horizontal lines denote the median.

system where nodes repel each other while edges act as attractive
forces, pulling connected nodes together. As a result, highly inter-
connected companies form tightly clustered groups, whereas loosely
connected firms are positioned toward the periphery (Bax et al., 2024).

Figs. 7-10 reveal several key stylized facts. First, a well-defined
core group of insurance companies consistently plays a central role
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across all four networks. Most of these firms belong to the multi-
line insurance sector, including Aegon, Ageas, Allianz, Unipol, and
Zurich. Additionally, Aviva, Baloise, Generali, and Prudential emerge
as central players within the life and health insurance industry. In
the property and casualty sector, AXA, Coface, Topdanmark, and Tryg
are prominent, with the latter three positioned at the periphery of
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Fig. 7. Network of insurance companies, color-coded by subsector — insurance brokers (green), life and health (orange), multiline (blue), property and casualty
(red), and reinsurance (violet) — based on the GFEVD model estimated on the logged return time series. (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of this article.)

the core cluster. The reinsurance subsector is also well represented,
with Hannover Riick, Miinchener Riick, and Swiss Re forming a central
group. This core set of firms remains largely consistent across the
networks, with only minor variations. For instance, Direct Line and
Talanx appear centrally in Fig. 7 but become more peripheral in Fig. 8,
where they are still interconnected but relatively isolated from the main
cluster. Notably, AXA consistently stands out as the most systemically
important company across all networks, maintaining a central position.

Another important pattern is the strong clustering of companies
within the same subsector, reinforcing intra-sectoral interconnected-
ness. Additionally, a significant “country effect” is evident. Turkish
insurers — including Aksigorta, Anadolu Hayat Emeklilik, Anadolu
Sigorta, Ray Sigorta, and Tiirkiye Sigorta — form a distinct, isolated
cluster, exhibiting strong mutual interconnections across all four net-
works. A similar phenomenon is observed for the Slovenian insurers
Pozavarovalnica Sava and Zavarovalnica Triglav, which are closely
linked yet remain disconnected from the broader network. Although
they belong to different subsectors — reinsurance and life and health
insurance, respectively — their geographical proximity is consistent
with a country-specific component in their interconnectedness. This
country-based clustering is particularly pronounced in Fig. 7.

In the construction of Figs. 7-10, we exclude all links with absolute
values below the third quartile of their respective distributions. To
assess the robustness of this choice, and in particular the most critical
aspect concerning the intersection of the central communities, we re-
estimated the networks using alternative thresholds at the 60th and
90th percentiles, in addition to the 75th percentile baseline. This is a
demanding exercise, since the range from the 60th to the 90th per-
centile spans nearly half of the distribution’s support. We find that our
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estimates are not only robust to the choice of threshold, but also display
a clear continuity across specifications: a stable core of systemically
central insurers—Aviva, Legal & General, and Prudential—consistently
emerges, while the surrounding set of firms evolves smoothly as the
cutoff is relaxed or tightened. As expected, the intersection becomes
more inclusive and denser when the threshold is set at the 60th
percentile, admitting a larger set of firms, namely Allianz, Baloise,
Chubb, Hannover Rueck, Helvetia, Muenchener Rueckversicherungs-
Gesellschaft, Swiss Life, Swiss Re, Vaudoise Assurances, Willis Towers
Watson, and Zurich, in addition to those identified using the 75th
percentile. At the more restrictive 90th percentile only the most central
“hard core” of firms remains (Aviva, Legal & General, and Prudential).
This pattern is economically intuitive and confirms that the identifica-
tion of key systemic insurers—and in particular the intersection of the
central communities—is robust to the choice of threshold. These results
are described in Table A.3 in the Online Appendix.

The identification of central insurance companies becomes even
more precise through the application of the Louvain community de-
tection algorithm (see, among others, Palowitch, 2019; Hegde et al.,
2025). To implement this approach, we first convert each network in
Figs. 7-10 from directed to undirected, meaning that link direction
is no longer considered. In the resulting undirected networks, a link
between nodes i and j exists if, in the original directed network, there
is a link from i to j, from j to i, or both. The weight of each undirected
link is then computed as the sum (6,_;(h) +6;_;(h)). We then apply
the Louvain algorithm to identify communities within each network,
focusing on the largest community (i.e., the one containing the most
nodes). The intersection of the largest and most central communities
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Fig. 8. Network of insurance companies, color-coded by subsector — insurance brokers (green), life and health (orange), multiline (blue), property and casualty
(red), and reinsurance (violet) — based on the GFEVD model estimated on the logged conditional volatility time series. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

detected across all four networks yields a core group of eight insurance
companies: Aegon, Aviva, Ageas, Storebrand, Generali, AXA, Legal &
General, and Prudential.

This intersection of central communities highlights a subset of insur-
ers with a pronounced systemic impact, consistently emerging as key
players across all networks. Notably, this group aligns closely with the
list of Global Systemically Important Insurers (G-SIIs) published by the
Financial Stability Board (FSB) from 2013 to 2016, when the designa-
tion of G-SIIs was officially suspended, as reported in Table 6. In this
table, European insurers are highlighted in bold and italic, while non-
European firms — American International Group, MetLife, Prudential
Financial, Inc., and Ping An Insurance (Group) Company of China Ltd.
— are not present in our sample of insurance companies in Eastern
and Western Europe. An advantage of our methodology is that it relies
solely on publicly available stock market data, whereas the FSB’s clas-
sification is based on a broad range of proprietary indicators, including
firm-specific exposures, cross-jurisdictional activities, and off-balance-
sheet positions. Despite these methodological differences, our results
show substantial overlap with the FSB’s multi-criteria assessment, sug-
gesting that the approach can provide a useful market-based screening
tool for systemic relevance, rather than a substitute for balance-sheet-
based supervisory assessments. These results complement those in Chen
and Sun (2020), which uses a tail risk network based on CoVaR to
identify systemically relevant insurance companies.

There are, however, some differences. For instance, Allianz, which
appears in Table 6, is absent from our final intersection. However, it
is worth noting that Allianz is part of three out of the four central
communities identified by our method. Conversely, three companies

Table 6

This table reports the list of Global Systemically Important Insurers (G-SIIs)
provided by the Financial Stability Board from 2013 to 2016; European
companies are written in bold and italic text.

2013 2014 2015 2016
Allianz Allianz Aegon Aegon
American Int. American Int. Allianz Allianz
Generali Generali American Int. American Int.
Aviva Aviva Aviva Aviva

AXA AXA AXA AXA

MetLife MetLife MetLife MetLife

Ping An Ins. Ping An Ins. Ping An Ins. Ping An Ins.

Prudential F.I.
Prudential Plc

Prudential F.I.
Prudential Plc

Prudential F.I.
Prudential Plc

Prudential F.I.
Prudential Plc

in our intersection—Ageas, Storebrand, and Legal & General—are not
included in the FSB’s list of G-SIIs. Despite these discrepancies, our
findings suggest that our approach provides a useful proxy for systemic
importance, successfully identifying most of the insurers classified by
the FSB while relying solely on publicly available market data.

An important question is whether the systemic impact of the ana-
lyzed insurance companies is purely driven by their size. To investigate
this, we use average market capitalization over the analyzed period
as a proxy for firm size. Fig. 11 presents a boxplot of these market
capitalizations, highlighting in red the eight most systemically impor-
tant companies identified through our intersection. While these firms
are generally large (positioned above the median size), size alone does
not fully explain their systemic relevance. Notably, although AXA is
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Fig. 9. Network of insurance companies, color-coded by subsector — insurance brokers (green), life and health (orange), multiline (blue), property and casualty
(red), and reinsurance (violet) — based on the GFEVD model estimated on the CAViaR time series. (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)

the most central institution in our analysis, other companies with
comparable or even larger market capitalization do not necessarily
exhibit the same systemic importance in the networks shown in Figs.
7-10.

This finding underscores that being large is not sufficient to be
systemically central in our network-based measures. Instead, measured
systemic importance is more closely associated with interconnectedness
and the structure of financial dependencies within the insurance sys-
tem. Firms with extensive linkages and central positions in the network
can exhibit a greater systemic footprint in our spillover measures,
regardless of their absolute size.

3.6. Robustness checks

In this section, we conduct a series of robustness checks to evaluate
the stability of our results with respect to key parametric and empirical
choices made in the previous sections. We focus on the individual
insurance company level, which presents the greatest challenge among
the three aggregation levels—financial markets, insurance subsectors,
and individual firms—due to the significantly larger number of vari-
ables, potentially increasing result variability. To address the curse of
dimensionality, we apply the post-LASSO method for estimating the
VAR parameters, as discussed in Section 2.

Maintaining the same setup as in Section 3.5, we re-estimate the
GFEVD model on the 70 insurance companies for the balanced sample.

15

For simplicity, this section focuses on the GFEVD model estimated on
log-return time series.”

We begin by assessing the impact of varying the forecast horizon A
in Eq. (4) on our estimates. While the previous sections adopted A = 10,
we now extend the analysis to 2 = 15 and & = 20, keeping the lag order
fixed at p = 1. The top panel of Fig. 12 displays the values of 4, _ (R,
as defined in Eq. (7), which measures the contribution of company j
to others, for j = 1,...,70 and A = 10, 15,20. The bottom panel of Fig.
12 presents the net contributions, computed as the difference between
contributions to and from others, for the same set of companies.

The results remain remarkably stable across different values of &,
with only minor variations among the three cases. This consistency
reinforces the robustness of our approach, indicating that our method-
ology effectively isolates and quantifies systemic spillovers without
being overly sensitive to the choice of forecast horizon.

We draw similar conclusions regarding the lag order. In particular,
Fig. 13 presents the estimates obtained from the GFEVD model with a
forecast horizon of 4 = 10, based on VAR parameters estimated using
lag orders p = 1, p = 2, and p = 3. The estimates remain nearly identical
across the different values of p.

Our final robustness check examines the impact of data frequency.
While our empirical analysis is based on daily log-returns, we now

7 Estimates obtained from conditional log-volatility, CAViaR, and CARES
time series, as well as those derived from aggregated financial markets and
insurance subsectors, are available upon request.
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Fig. 11. Distribution of the average market capitalization of the 70 insurance companies included in the networks given in Figs. 7-10. Market capitalization is in
millions of euros. The gray box includes companies with a market capitalization above the bottom 5% and below the top 95% of the distribution. The horizontal

line is the median.
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Fig. 13. Contributions to others and net contributions of the 70 insurance companies identified with a value of “1” in the fourth column of Table A.2 in C. The

results are derived from the GFEVD model with » =
and 3. The VAR parameters are estimated using the post-LASSO method.

assess how the results change when the frequency is reduced to weekly
log-returns. Fig. 14 compares the contributions to others and net contri-
butions of the selected insurance companies, obtained from estimating
the GFEVD model using both daily and weekly log-returns.

Compared to Figs. 12 and 13, the differences between the bars for
each company in Fig. 14 are relatively larger. However, these variations
remain minimal, reinforcing the robustness of our methodology across
different data frequencies.
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10, estimated on daily log-return time series for different lag orders (p) in the underlying VAR model: 1, 2,

4. Conclusions

This paper studies systemic-risk connectedness in the European
insurance sector at three levels of granularity: across major financial
markets, across insurance subsectors, and across individual insurance
companies. Using a common connectedness framework applied to re-
turns, volatility, VaR, and ES, we document that insurers are an im-
portant component of the European financial system and that their
spillovers are strongly time-varying, especially during stress episodes.
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Fig. 14. Contributions to others and net contributions of the 70 insurance companies marked with the value “1” in the fourth column of Table A.2 given in C.
The results are obtained from the GFEVD model (h = 10) estimated on the weekly log-return time series, setting p = 1 in the underlying VAR model. The VAR

parameters are estimated using the post-LASSO method.

In the aggregate time-series analysis, spillovers from insurance are
more strongly associated with the term spread, sovereign spread, and
funding stress, while a broad global risk-appetite proxy is less infor-
mative. In addition, a firm-level panel exercise on individual insurers
shows that the association between sovereign stress and insurer-to-bank
spillovers varies with domestic sovereign-bond home bias: sovereign
stress is associated with lower insurer-to-bank spillovers for insurers
in countries with low home bias, but this relationship weakens and
could reverse in countries with very large home bias. We interpret
these findings as suggestive evidence consistent with a balance-sheet
channel in the European institutional setting, while emphasizing that
the evidence is reduced-form and not causal.

At the firm level, the network analysis identifies a stable core of
highly central insurers across multiple risk indicators, and the overlap
with the historical G-SII list provides an economically meaningful
external benchmark for the connectedness measures. More broadly, our
findings support the use of spillover metrics as monitoring tools that
can help supervisors prioritize deeper analysis, for example by iden-
tifying central firms, vulnerable subsectors, or periods of heightened
tail-risk transmission.

At the same time, these measures are market-price-based and
reduced-form, and therefore do not separately identify structural chan-
nels or causal policy effects. For this reason, we view our results
as disciplined descriptive evidence and mechanism-consistent correla-
tions, to be complemented by balance-sheet and institutional analysis
in policy applications. This is particularly relevant in Europe, where
ongoing discussions on financial stability continue to address the role
of sovereign exposures, the possible development of a common safe
asset, and the prudential treatment of government bonds.

Furthermore, the recent Draghi report underscores the importance
of the Capital Markets Union while highlighting the challenges posed
by fragmented European capital markets and heterogeneous supervi-
sory competences across member countries. In light of our findings, a
stronger European supervisory capacity to monitor and assess systemic
spillover risks in the insurance sector appears increasingly important.
Such a function could be strengthened within the existing European
Systemic Risk Board framework or, more ambitiously, assigned to a
dedicated European insurance supervisory authority for the largest
and most systemically significant institutions, broadly analogous to the
centralized model already in place for banks.
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