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Abstract

We propose a new method to measure systemic risk in

the global insurance sector by analyzing interconnect-

edness among firms under different market conditions.

Using a semi‐parametric approach that relies on the

Spearman correlation and copula‐based partial depen-

dence, we assess relationships in relatively stable, ex-

tremely bullish, and extremely bearish markets. Our

approach provides a more flexible and robust frame-

work than traditional methods that rely on linear

correlation and the multivariate normal distribution.

We show that geographic proximity and shared stock

exchanges drive interconnectedness, while the Russo–
Ukrainian war had a notable impact on the sector's

network under relatively stable market conditions.

1 | INTRODUCTION

Systemic risk refers to the threat of financial instability spreading so widely that it disrupts the
functioning of the entire financial system, leading to significant economic consequences. The
2007–2008 global financial crisis is a key example of how financial instability can propagate
globally through the complex network of connections among financial institutions. Since the
onset of the 2007–2008 crisis, supervisors and regulators have developed tools and supervision
regimes to control systemic and moral hazard risks in both the banking and insurance sectors.
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Examples of policies related to the banking sector are those introduced by the Financial
Stability Board (FSB). The FSB developed a policy framework to address the “too‐big‐to‐fail”
risk, that is, the problem posed by systemically important financial institutions (SIFIs).1 In
2011, with the help of the Basel Committee on Banking Supervision (BCBS), the FSB identified
an initial group of global systemically important banks on which to apply the policy measures
drawn up (see FSB, 2011, 2023).2 While much attention has been devoted to banking sector
risk, insurance companies have increasingly come under scrutiny for their potential role in
propagating systemic instability. For example, Eling and Pankoke (2016) review systemic risk
in this sector, highlighting new methodological approaches and identifying future research
priorities in light of evolving insurance‐specific activities and regulatory changes. Indeed, since
the 2008 Federal Reserve bailout of AIG, the industry's largest player, the efforts to monitor and
mitigate systemic risk have intensified substantially (see, among others, Jobst, 2016,
Denkowska & Wanat, 2020, Clemente & Cornaro, 2022, and Jourde, 2022).3 For example, in
2013, the International Association of Insurance Supervisors (IAIS) developed an assessment
methodology to identify global systemically important insurers (G‐SIIs), which the FSB then
used in consultation with IAIS to designate an initial list of nine G‐SIIs (see FSB, 2023 and
IAIS, 2013a, 2013b).4 This study investigates systemic risk within the global insurance industry,
introducing an innovative approach to quantifying the interconnectedness among insurance
companies worldwide.

Over the last several years, academic research in insurance and risk management has
broadened substantially, reflecting the increasing complexity and interconnectedness of mod-
ern financial systems. Recent work has particularly emphasized cross‐sector linkages and the
rapidly evolving dimensions of environmental and climate‐related risks within the sector. This
focus is evident in studies such as Kraus (2024), which uses a text‐mining analysis to shed light
on environmental risk management and strategic disclosure practices in European banks and
insurers. Similarly, Kousky and Netusil (2023) empirically investigate the determinants of flood
insurance literacy and risk knowledge, offering critical insights into climate risk perception and
insurance demand, particularly concerning catastrophic weather events. A second important
direction in contemporary insurance research concerns the organizational and enterprise risk
management (ERM) response to crisis events. For instance, Dahmen (2023) explores the
mechanisms of organizational resilience, underlining the crucial role of robust ERM frame-
works for navigating severe and novel crisis situations.

Academic research on systemic risk has also flourished. Benoit et al. (2016) provide a survey
on systemic risk and identify two distinct approaches. The first one, labeled “source specific,” is

1SIFIs are financial institutions that, in case of distress or disorderly failure, would significantly affect the wider
financial system and economic activity because of their size, complexity, and systemic interconnectedness.
2The FSB conducts an annual review of this list in November, working closely with BCBS and national regulatory
authorities.
3The European Insurance and Occupational Pensions Authority (EIOPA) contributed by publishing a number of
discussion papers on systemic risk and macroprudential policy in insurance, and one target was the promotion of some
macroprudential tools in addition to the ones already existing in the Solvency II framework (see
EIOPA, 2017, 2018a, 2018b).
4This G‐SII group was updated annually based on new data until 2019. After that, the FSB suspended the updating
process in 2020 and applied a holistic framework for the assessment and mitigation of systemic risk in the insurance
sector developed by the IAIS in November 2019 (see FSB, 2023 and IAIS, 2019). The FSB announced in November 2022
that it would continue to base its considerations on systemic risk in the insurance sector through the IAIS holistic
framework (see FSB, 2022, 2023).
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based on confidential data. It considers different sources of systemic risk in isolation and
proposes targeted but complex regulatory tools. In contrast, the second approach—central to
our analysis—utilizes publicly available market data to generate global measures of systemic
risk. Grounded in the efficient market hypothesis, this global measure approach posits that
current market prices can serve as indicators of financial stability (or lack thereof). Broadly
speaking, two classes of measures are derived from observed prices.

The first class of measures employs the joint distribution of prices to derive tail or
probability‐based risk indicators, with several notable methodological approaches emerging,
starting with measures based on the expected shortfall. Acharya et al. (2016) propose the
marginal expected shortfall (MES) and the systemic expected shortfall (SES). MES is defined as
the marginal contribution of an institution to systemic risk, where the latter is measured as the
expected shortfall of the system. Building on MES, SES estimates the expected capital shortfall
of a bank during a broader financial system collapse.5 An alternative approach is represented by
measures derived from Value at Risk (VaR). An example is the ΔCoVaR of Adrian and
Brunnermeier (2016), which, for a given firm, is defined as the difference between the VaR of
the financial system conditional on the firm being in financial distress and the VaR of the
financial system conditional on the firm being in its median state. A third approach consists of
indicators based on estimates of implied joint default probabilities for financial institutions. For
instance, Segoviano and Goodhart (2009) view the bank system as a portfolio of banks and
determine empirical measurements of distress probabilities for each bank included in the
portfolio. Then, they compute the banking system's multivariate density and estimate some
banking stability measures. Alternatively, Giglio (2016) combines credit default swaps (CDS)
and bond price data to infer the probability of joint default of several banks and, without any
assumption about the shape of the joint distribution function, estimates bounds on the prob-
ability that several banks default together.6

The second class of global measures focuses on interconnectedness. Billio et al. (2012) study
systemic risk from a network perspective and develop several measures of interconnectedness.
Using Granger‐causality networks and principal component analysis applied to monthly returns
from hedge funds, banks, broker‐dealers, and insurance companies, they find an increase in
sectoral interdependence and that banks play a greater role in transmitting shocks than other
financial institutions. In the same vein, Diebold and Yılmaz (2014) use a vector autoregressive
framework to model stock returns and empirically estimate directional volatility connectedness
measures among major US financial institutions. In particular, they show the usefulness of ‘con-
nectedness thinking’ for systemic risk measurement. Recently, Shahzad et al. (2023) use partial
correlation analysis to construct influence quantities among firms in the global energy sector, and

5The SRISK measure proposed by Acharya et al. (2012) and Brownlees and Engle (2017) extends the MES by including
the liabilities and the size of the financial institution.
6Other works belonging to this latter category are those of Huang et al. (2009) and Oh and Patton (2018). Huang et al.
(2009) compute a systemic risk indicator based on a hypothetical portfolio consisting of debt instruments issued by
banks and with weights equal to the liabilities size of each bank. The systemic risk measure is defined as the expected
portfolio credit loss that exceeds a certain share of the banking sector's total liabilities. This expected loss is derived
from default probabilities extracted by CDS and forecasts of default correlations, and it takes the name of distress
insurance premium because it represents the actuarial premium of an insurance policy against the distress of the
hypothetical portfolio. Oh and Patton (2018) propose a new class of copula‐based dynamic models for high‐dimensional
conditional distributions they apply to a collection of daily CDS spreads on 100 US firms over the period 2006 to 2012.
Their analysis shows that systemic risk, measured as the joint probability of distress, has increased after the financial
crisis.
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they compute connectedness measures as defined by Diebold and Yılmaz (2014). Partial correlation
analysis is a tool to determine the correlation between two variables when conditioning on one or
several other variables, and it can be used to define the average influence that a firm exerts on
another one in a given financial system (see, among others, Kenett et al., 2010 and Kenett
et al., 2015). In addition to the Pearson correlation, Shahzad et al. (2023) apply partial correlation
analysis with the extreme downside correlation (EDC) and extreme upside correlation (EUC)
measures proposed by Harris et al. (2019). They use the Pearson coefficient to analyze the con-
nectedness in the energy sector under relatively stable market conditions, and the EDC and EUC to
analyze the connectedness under extremely bearish and bullish market conditions, respectively.

Building on Shahzad et al. (2023), we propose systemic risk measures under different market
conditions and apply them to the insurance sector. Specifically, our study does not investigate how
the insurance sector generates systemic risk for the entire economic system but aims to explore how
insurance companies are interconnected and hence systemically linked. Insurance companies form
a strongly connected network, not only because they engage in similar economic activities, but also
through their business, contractual, and financial relationships. Measuring systemic risk conditional
on market conditions is crucial, as systemic vulnerabilities often amplify during periods of market
turbulence. Our method is based on three association measures. We employ the Spearman corre-
lation to assess connectedness under relatively stable market conditions, and apply the extreme
downside and upside correlations, reformulated in terms of Spearman correlation, to examine
connectedness under extremely bearish and bullish market conditions, respectively. In addition to
the global versions of these association measures, we also need their partial versions, which can be
defined with the help of copula functions. These partial versions quantify the relationship between
two variables while excluding the influence of a third variable. Then, we quantify the influence of
company k on the relationship between companies i and j by computing the difference between the
global association measure between i and j and their partial association measure accounting for k 's
influence. Connectedness measures are then computed from these influence indexes.

Our approach has two significant advantages over those based on the partial Pearson
correlation. First, using the Spearman correlation, we can detect any monotonic relationship
between variables, not just linear ones, as with the Pearson correlation. Hence, our approach
gains flexibility by capturing a broader range of correlations. Second, our copula‐based method
of partial dependence can be used in any stochastic environment and is not limited to any
specific dependence structure between three variables. Indeed, the partial Pearson correlation
completely characterizes the dependence structure between two variables taking a third one
into account only in a Gaussian environment.

Clemente and Cornaro (2022) and Denkowska and Wanat (2020) also study systemic risk in
the insurance sector. We differ from their approaches at least in the way we measure systemic
risk. The systemic risk measure of Clemente and Cornaro (2022) is based on the difference
between the ES of a given insurance company and its marginal ES (i.e., its expected return
conditional on the return of another insurer being below its VaR). Denkowska and Wanat
(2020) capture systemic risk via tail‐dependence coefficients derived from a copula‐DCC‐
GARCH model. Our method instead quantifies systemic risk by measuring how each company
influences the pairwise relationships between all other companies in the system, using an
association measure to evaluate these relationships.7 An advantage of our approach is that it

7This approach is equivalent to that of Kenett et al. (2010) and applied by others, such as Kenett et al. (2015) and
Shahzad et al. (2023).
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allows capturing systemic risk in insurance companies in the case of relatively stable market
conditions, while both the approaches of Clemente and Cornaro (2022) and Denkowska and
Wanat (2020) are useful only to capture systemic risk during extreme market conditions. We
also make an incremental contribution with respect to Jourde (2022), since the measure of
connectedness developed by the author is based on a multifactor model of equity returns. In
our study, instead, we use a similar factor model only to derive the residuals and employ a
method that captures how each insurance company contributes to the interconnectedness
among the other companies. Similar to Shahzad et al. (2023), we use the triangulated maxi-
mally filtered graph (TMFG) algorithm of Massara et al. (2016) to obtain graphical represen-
tations of the interconnectedness among the insurance firms under the three market
conditions. The resulting plots help us assess the level of systemic risk in the insurance sector
and identify clusters of companies or single companies that play a prominent role in trans-
mitting risk under different market conditions.

Our results confirm that the country of belonging, or more broadly, the geographical
proximity, and the sharing of the stock exchange market are leading factors in establishing the
strongest connections among the 82 insurance companies used for the empirical analysis. In
addition, we find that, for the observation period from 30 November 2016 to 31 October 2023,
the transmission and receiving of influence in the insurance sector do not increase during
extremely bearish and extremely bullish market conditions compared to relatively stable
market conditions. We also conduct a dynamic analysis to determine how systemic risk,
measured through a total connectedness index, evolves throughout the sample period. This
time interval encompasses both the COVID‐19 pandemic and the Russo–Ukrainian war. Our
results indicate that the pandemic's impact on the insurance sector was limited to extremely
bullish market conditions and emerged only after 3 months from the initial outbreak. In
contrast, the combined effects of the war and the concurrent inflation surge influenced the
insurance sector's dependency network under relatively stable market conditions.

The rest of the paper is organized as follows. Section 2 presents the methodology devised to
measure the degree of interconnectedness at the firm level in a financial system. Section 3 provides
information about the considered data set and shows two types of analysis: a static analysis in
Section 3.1 and a dynamic analysis in Section 3.2. Finally, Section 4 concludes the paper.

2 | METHODOLOGY

We consider the returns of N insurance companies and denote by pi t, the adjusted closing price8 at
the end of day t for company i. The return over t t[ − 1, ] for the ith company is defined as







r

p

p
= log .i t

i t

i t

,
,

, −1

To control for the overall market conditions we use, for each company, the residuals of the
Fama‐French 3‐factor model, which has been modified to reflect the increased volatility in asset

8The adjusted closing price is the value of a single share at the close of a trading day modified to account for dividends,
stock splits, and new stock offerings.

IANIA ET AL. | 5

 15406296, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/rm

ir.70030, W
iley O

nline L
ibrary on [23/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



returns caused by the COVID‐19 pandemic. Indeed, since our dataset includes observations
over the pandemic period, the direct application of the Fama‐French model would not consider
the changes in shock volatility occurring in March 2020 and the following months. Specifically,
we apply the solution proposed by Lenza and Primiceri (2022) in the context of VAR models
and thus multiply the daily shocks in March, April, and May 2020 by the unknown parameters
s s,0 1, and s2, respectively, and those in the jth month after May 2020 by s ϕ1 + ( − 1) j

2 . Then,
the modified Fama‐French 3‐factor model for the ith firm is given by

r r α β r r β SMB β HML s− = + ( − ) + + + ϵ ,i t f t i i m t f t i t i t t i t, , ,1 , , ,2 ,3 , (1)

where rf t, is the risk‐free return rate at time t r, m t, is the return of the market portfolio at
time t SMB, t is the difference in the returns at time t of portfolios of small company stocks
and big company stocks, HMLt is the difference in the returns at time t of portfolios with
high Book‐to‐Market ratios and low Book‐to‐Market ratios, ϵi t, is the shock at time t , and st
is the residual volatility re‐scaling factor at time t and equals 1 up to 29/02/2020, s0 in
March 2020, s1 in April 2020, s2 in May 2020, and s ϕ1 + ( − 1) j

2 in the jth month after May
2020. We assume that all companies within the same geographical area have the same re‐
scaling factor st.

9 The parameters of the model can be estimated by a quasi‐maximum
likelihood procedure as explained in Appendix B. We denote by ei t, the estimated time t
residual for company i.

To study the connectedness links in the system formed by the N insurance companies,
we need to define an association measure between two variables and a partial version of it,
excluding the influence of a third variable. We consider three measures of association:
Spearman's rho and two extreme correlation measures, all defined in terms of two‐
dimensional copula functions. Appendix C provides a brief discussion of two‐dimensional
copula functions.

Given a two‐dimensional random vector E E( , )i j with marginal distribution functions FEi
and FEj and copula function Ci j, , Spearman's rho is defined as

 


   
 









ρ i j
U U

U U

u v dC u v

u du

u v dC u v uvdC u v

C u v dudv

( , ) =
cov( , )

var( ) var( )
=

( − 0.5)( − 0.5) ( , )

( − 0.5)

= 12 ( − 0.5)( − 0.5) ( , ) = 12 ( , ) −
1

4

= 12 ( , ) − 3,

S

i j

i j

i j

i j i j

i j

0

1

0

1

,

0

1
2

0

1

0

1

,
0

1

0

1

,

0

1

0

1

,

where the transformation U U F E F E( , ) = ( ( ), ( ))i j E i E ji j has Ci j, as the joint distribution function.
To assess the Spearman correlation in the left tail of E E( , )i j , we use a Spearman‐based analog of
the extreme downside correlation of Harris et al. (2019):

9We apply our methodology to companies from different geographical areas. Since the values of the three Fama‐French
factors vary with the geographical region, the same holds for the estimates of the parameters s s s, ,0 1 1, and ϕ.
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 



  







 


 


 






 








ρ i j p

u v dC u v

u du

p p p
C p p p p p C u p du

p C p v dv C u v dudv

( , ; ) =

( − 0.5)( − 0.5) ( , )

( − 0.5)

=
12

4 − 6 + 3
( , ) − +

1

4
+

1

2
− ( , ) +

+
1

2
− ( , ) + ( , ) ,

L

p p

i j

p

i j

p

i j

p

i j

p p

0 0
,

0

2

3 2 ,
2

0
,

0
,

0 0

where p is a small probability level, typically less than or equal to 10%. The correlation ρL takes values
in [0, 1] and measures the degree of dependence between Ei and Ej in the left tail. It can be
interpreted as a localized version of Spearman's rho, as it restricts the double integral in Spearman's
numerator to the square p[0, ]2, and applies a normalization that yields the value 1 when the
variables are perfectly positively dependent in that region. Therefore, ρL takes values close to 1 when
Ei and Ej exhibit strong positive dependence in the left tail, and values close to 0 when such
dependence is weak.

As observed by Shahzad et al. (2023), the extreme downside correlation can be modified to
compute the correlation at other quantile levels. Thus, we can quantify the Spearman corre-
lation in the right tail through the extreme upside correlation:

 


 


  







 


 


 






 








ρ i j p

u v dC u v

u du

p p p
u v dC u v

p p p
C p p p p p C u p du

p C p v dv C u v dudv

( , ; ) =

( − 0.5)( − 0.5) ( , )

( − 0.5)

=
12

4 − 6 + 4
( − 0.5)( − 0.5) ( , )

=
12

4 − 6 + 3
( , ) − +

1

4
+

1

2
− ( , )

+
1

2
− ( , ) + ( , ) ,

U

p p
i j

p

p p

i j
S

i j
S

p

i j
S

p

i j
S

p p
S

1−

1

1−

1

,

1−

1
2

3 2
0 0

,

3 2 ,
2

0
,

0
,

0 0

where p is again less than or equal to 10%, and Ci j
S
, is the survival copula associated to Ci j, , i.e.,

 ≤ ≤ ≥ ≥C u v U u U v U u U v( , ) = (1 − , 1 − ) = ( 1 − , 1 − ).i j
S

i j i j,

Like the correlation ρL, the measure ρU also takes values in [0, 1], but unlike ρL, it evaluates
the degree of dependence between Ei and Ej in the right tail.

To assess how the extreme downside and upside correlations, ρL and ρU , capture tail dependence,
we compute their values for some standard copula functions by numerically evaluating the integrals
in their definitions. For a fixed probability p = 5%, Table 1 presents the values of the dependence
measures ρL and ρU for two tail‐symmetric copulas, the Gaussian and the Student's t, and for two tail‐
asymmetric copulas, the Gumbel and the Clayton. The table also includes the corresponding ρS
values. For the tail‐symmetric copulas, ρL and ρU coincide and increase as the dependence parameter
ρ increases. It is worth noting that, for ρ fixed, the Student's t copula exhibits higher values of ρL and
ρU than the Gaussian copula, due to its heavier tails. For the tail‐asymmetric copulas, ρL and ρU
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differ. In particular, the Gumbel copula, characterized by strong upper‐tail dependence, exhibits ρU
values that are higher than the corresponding ρL values. Conversely, the Clayton copula, which
displays strong lower‐tail dependence, shows ρL values greater than ρU . In both cases, ρL and ρU
increase as the dependence parameter θ increases.

To define partial association measures for the dependence between Ei and Ej after removing
the effect of Ek, we refer to the concept of partial copula (see Gijbels et al., 2015). The partial
copula Ci j k, is a copula between two transformations that are independent of Ek and preserve
the dependence structure of Ei and Ej after the removal of Ek. Specifically, we consider the
copulas Ci k, and Cj k, and compute the two new variables

∂

∂
 U F U U

C U U

U
h i j= ( ) =

( , )
, = , ,h k U U h k

h k h k

k

,
h k (2)

which are both uniformly distributed on [0, 1] and independent of Uk, and thus of Ek. Their
copula, the partial copula Ci j k, , can be seen as the expectation of the conditional copula

⋅ ⋅C U( , )i j k k, with respect toUk (i.e., it coincides with the so‐called average conditional copula).
We then define the partial versions of the previous association measures as

 


  


  










 


 
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0

1

,
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0
,

0
,

0 0
,

3 2 ,
2

0
,

0
,

0 0
,

where Ci j k
S
, is the survival copula associated to Ci j k, .

TABLE 1 Values of the correlation measures ρ ρ,S L, and ρU for different copula functions. The probability
level p for ρL and ρU is 5%.

Copula ρS ρL ρU Copula ρS ρL ρU

Gaussian (ρ = 0.25) 0.2394 0.1239 0.1239 Gumbel (θ = 2) 0.6822 0.2931 0.6126

Gaussian (ρ = 0.50) 0.4826 0.2474 0.2474 Gumbel (θ = 5) 0.9432 0.6510 0.8650

Gaussian (ρ = 0.75) 0.7341 0.4485 0.4485 Gumbel (θ = 10) 0.9855 0.8167 0.9359

Student's t (ν ρ= 4, = 0.25) 0.2319 0.2204 0.2204 Clayton (θ = 2) 0.6822 0.7201 0.1365

Student's t (ν ρ= 4, = 0.50) 0.4690 0.3458 0.3458 Clayton (θ = 5) 0.8846 0.8794 0.2413

Student's t (ν ρ= 4, = 0.75) 0.7196 0.5293 0.5293 Clayton (θ = 10) 0.9582 0.9386 0.3715
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We can now recall some connectedness indexes to analyze the system composed of the N

insurance companies. Let ρ i j( , ) be any of the three association measures defined above between
companies i and j, and ρ i j k( , ) the corresponding partial association measure adjusted for the third
company k. Then, the influence of variable k on the association measure between i and j can be
measured by

 d i j k ρ i j ρ i j k( , ) = ( , ) − ( , ).

The average influence of variable k on variable i is given by

≠

 d i k
N

d i j k( , ) =
1

− 2
( , ).

j i k

N

,

(3)

Note that, in general, ≠d i k d k i( , ) ( , ) and hence the dependency matrix D with generic
element d i k( , ) is not symmetric. We can compute the total connectedness index as the sum,
divided by N , of all the off‐diagonal elements of the matrix D:

≠

 C
N

d i k=
1

( , ).
i

N

k i

N

=1

(4)

The contribution of variable i to the system can be measured by

→
≠

C i d j i( ) = ( , ),
j i

N

(5)

while the influence of the system to variable i by

←
≠

C i d i k( ) = ( , ).
k i

N

(6)

Finally, the net contribution of variable i to the system is obtained as

→ ←C i C i C i( ) = ( ) − ( ). (7)

When using Spearman's rho as the association measure, we assess systemic risk in the
insurance sector during relatively stable market conditions. In contrast, extreme downside and
upside correlations allow us to examine systemic risk under extreme bearish and bullish
market conditions, respectively.

2.1 | Estimation of ρ ρ,S L, and ρU

Computing the previous connectedness indexes requires estimating the non‐partial and partial
versions of the three association measures ρ ρ,S L, and ρU .

Given the time series e e t T{( , ), = 1, …, }i t j t, , , we first compute the values

 u F e u F e= ( ) and = ( ),i t E T i t j t E T j t, , , , , ,i j

IANIA ET AL. | 9
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for t T= 1, …, , where FE T,i and FE T,j denote the empirical distribution functions:

 ≤F u
T

e u h i j1( ) =
1

+ 1
( ), = , ,E T

t

T

h t,

=1

,h

and ⋅1( ) denotes the indicator function, which equals 1 if the condition inside is satisfied and 0
otherwise. Then, the three association measures ρ i j ρ i j p( , ), ( , ; )S L , and ρ i j p( , ; )U can
respectively be estimated as







≤ ≤

≤ ≤

≥ ≥

≥ ≥


 


 


 

ρ i j
u u

u u

ρ i j p
u u u p u p

u u p u u p

ρ i j p
u u u p u p

u u p u u p

1

1 1

1

1 1

( , ) =
( − 0.5)( − 0.5)

( − 0.5) ( − 0.5)

( , ; ) =
( − 0.5)( − 0.5) ( , )

( − 0.5) ( ) ( − 0.5) ( )

( , ; ) =
( − 0.5)( − 0.5) ( 1 − , 1 − )

( − 0.5) ( 1 − ) ( − 0.5) ( 1 − )
.

S
t

T
i t j t

t

T
i t t

T
j t

L
t

T
i t j t i t j t

t

T
i t i t t

T
j t j t

U
t

T
i t j t i t j t

t

T
i t i t t

T
j t j t

=1 , ,

=1 ,
2

=1 ,
2

=1 , , , ,

=1 ,
2

, =1 ,
2

,

=1 , , , ,

=1 ,
2

, =1 ,
2

,

For the partial versions of the three association measures, we need realizations of the variables

Ui k and Uj k, whose computation relies on the copulas Ci k, and Cj k, , respectively. Given the two
samples u u t T{( , ), = 1, …, }i t k t, , and u u t T{( , ), = 1, …, }j t k t, , , we select the best‐fitting theoretical
copulas from a predefined set according to specific criteria. This set of theoretical copula functions
includes the independence, Gaussian, Student's t, Clayton, Gumbel, Frank, and Joe copulas along
with ∘ ∘90 , 180 , and ∘270 rotations of the Clayton, Gumbel, and Joe copulas. We use the inversion of
Kendall's tau as an estimation method for each copula inside the set and adopt the Akaike Infor-
mation Criterion to select the best copula. The partial derivatives in (2), called h‐functions in the
copula jargon, have closed‐form expressions for all copulas considered in this study (see Schepsmeier
& Stöber, 2014). The components of the bivariate random vector  U U( , )i k j k are obtained as

∂
∂

u
C u u

u
h i j t T=

( , )
, = , , = 1, …, ,h k t

h k h k

k
u u

,
,

( , )h t k t, ,

where the two copulas Ci k, and Cj k, are estimates of Ci k, and Cj k, , respectively. Finally, the
estimates of the partial association measures are given by

 


≤ ≤

≤ ≤

≥ ≥

≥ ≥


 


 


 

 



 

 

   

   

   

   

ρ i j k
u u

u u
ρ i j p k

u u u p u p

u u p u u p
ρ i j p k

u u u p u p

u u p u u p

1

1 1

1

1 1

( , ) =
( − 0.5)( − 0.5)

( − 0.5) ( − 0.5)
( , ; )

=
( − 0.5)( − 0.5) ( , )

( − 0.5) ( ) ( − 0.5) ( )
( , ; )

=
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.
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3 | EMPIRICAL RESULTS

Our empirical analysis focuses on daily adjusted closing prices of 82 insurance companies across 23
countries10: Australia (4), Austria (2), Belgium (1), Bermuda (3), Canada (5), China (4), Denmark
(1), Finland (1), France (3), Germany (4), Hong Kong (3), Italy (3), Japan (5), Netherlands (3),
Norway (1), Poland (1), Singapore (1), South Korea (1), Spain (2), Switzerland (6), Taiwan (3),
United Kingdom (5), United States (20). Daily adjusted closing prices were obtained from Refinitiv
Eikon for the period spanning November 30, 2016, to October 31, 2023. All closing prices in foreign
currencies were converted to U.S. dollars using exchange rates from Refinitiv Eikon before cal-
culating daily returns. For each insurance company, Table A1 reports the company name (Name),
Refinitiv Eikon acronym (Symbol), company headquarters country (Country), stock exchange as
reported in Refinitiv Eikon (Exchange), the main statistics about returns over the entire sample
period, the Jarque‐Bera statistic to test the normality assumption, and, in the last column, the
Augmented Dickey‐Fuller (ADF) statistic to test for a unit root. The table is organized so that the
top 33 companies are based in Europe, the next 28 in North America, and the bottom 21 in Asia
Pacific. We observe, as expected, daily returns with means very close to zero for each insurance
company. The reported standard deviations range from 0.9% to 2.5% averaging 1.8%. We also notice
that the daily returns of most insurance firms exhibit negative skewness, indicating that the left tail
of the return distribution is longer or fatter than the right tail, hence implying that large negative
returns occur more frequently than large positive returns. All return series exhibit kurtosis values
exceeding three, suggesting leptokurtic distributions with heavier tails than the normal distribution.
Indeed, the reported values of skewness and kurtosis entail non‐normal distributions, as evidenced
by the Jarque‐Bera test statistics. Finally, the last column with the ADF statistics ensures that all the
return series are stationary at the 1% level. The sample period is characterized by the COVID‐19
pandemic, which was detected in China in December 2019 and spread globally in early 2020. It
remained a global health emergency until 5 May 2023, even though some developed countries
considered it an endemic disease as early as 2022. The sample period also includes the Russian
invasion of Ukraine, which began in February 2022 and was still ongoing at the end of the sample
period. Since the insurance companies in the sample belong to three broad geographical regions, to
compute the residuals from our modified Fama‐French 3‐factor model (see Section 2 for the
adjustment accounting for the increased residual variance due to COVID‐19), we use regional
Fama‐French factors for North America, Europe, Asia Pacific (excluding Japan), and Japan,
obtained from Kenneth French's website.11 Table 2 reports the estimates of the parameters s s s, ,0 1 2,
and ϕ of the modified Fama‐French 3‐factor model with standard errors reported in brackets. These
estimates confirm that March 2020, the initial month of significant global economic impact from
COVID‐19, witnessed an increased shock volatility across all four geographical areas. The growth is
sharper in Europe and North America than in Asia (Japan excluded) and Japan. High volatility
persisted in April and May 2020, albeit with diminished intensity compared to March 2020. We also
observe that shock volatility in Asia (Japan excluded) is higher in May 2020 than in April 2020
because s2 is greater than s1. Estimated values of the parameter ϕ, which controls the rate at which
shock volatility reverts to its pre‐pandemic level, are 0.96257, 0.96142, and 0.97826 for the geo-
graphical areas of North America, Asia (Japan excluded), and Japan, respectively. For Europe, the

10The number in parentheses indicates the number of companies from that country.
11The Fama‐French factors data can be downloaded from Kenneth French's data library (https://mba.tuck.dartmouth.
edu/pages/faculty/ken.french/data_library.html).
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estimate is 0.73307, indicating a more rapid return to pre‐pandemic volatility levels compared to the
other regions.

To show that controlling for the Fama‐French factors is essential for removing common
effects, Figure 1 presents a scatter plot of Spearman's correlation coefficients computed with the
returns (y‐axis) and those computed with the residuals from the modified Fama‐French 3‐factor
model (x‐axis). Since almost all points lay below the diagonal line, a significant portion of the
correlations among returns is explained by common factors. Therefore, an analysis based on
pure pairwise correlations requires first filtering the data with the Fama‐French factors.

The residuals from the modified Fama‐French 3‐factor model are expected to contain
information on the business, contractual, and financial interdependencies among the compa-
nies and can therefore be used to assess systemic risk in the insurance sector. To test this
conjecture, we conduct a small empirical analysis on a subgroup of 18 European insurance
companies.12 We focus on European insurers because, for only 18 of them, it was possible to
retrieve the following balance sheet information for the year 2022, one of the years included in
our sample period, from Moody's Analytics' InsuranceFocus database: premiums received (Life
and Non‐Life), reinsurance held expenses (Life and Non‐Life), cash and deposits with credit
institutions, bonds and other fixed‐interest securities, shares and other variable‐interest
instruments, mortgages and loans, and real estate. For each pair of companies, we compute
three measures of similarity: (i) a business similarity based on premiums received (Life and
Non‐Life); (ii) a contractual similarity based on reinsurance held expenses (Life and Non‐Life);
and (iii) a financial similarity based on cash and deposits with credit institutions, bonds and
other fixed‐interest securities, shares and other variable‐interest instruments, mortgages and
loans, and real estate. These measures are computed using cosine similarity. For instance,
considering the business dimension, we first normalize the two variables, premiums received
(Life) and premiums received (Non‐Life), so that, for each company, the values lie between 0
and 1. Then, if xi denotes the two‐dimensional vector containing the normalized values of
premiums received (Life) and premiums received (Non‐Life) for company i, and xj denotes the
corresponding vector for company j, the business similarity for the pair i j( , ) is given by

i j
x x x x

x x x x
sim( , ) =

+

+ +
.

i j i j

i i j j

,1 ,1 ,2 ,2

,1
2

,2
2

,1
2

,2
2

We use cosine similarity because it captures the angle between the corresponding vectors of
variables, and is therefore sensitive to the relative composition of the variables rather than their
absolute magnitude. Specifically, cosine similarity compares companies in terms of the struc-
ture of their activities or investments, and is thus suitable for identifying similarities in business
mix, reinsurance structure, and asset allocation. Our empirical analysis to test the presence of
information on business, contractual, and financial interdependencies then uses the Spearman
correlations computed from the residuals for the year 2022 and estimates the model

y i j β β i j β i j β i j( , ) = + sim ( , ) + sim ( , ) + sim ( , ) + ϵ,b c f0 1 2 3 (8)

where y i j ρ i j( , ) = tanh( ( , ))S , i.e., y i j( , ) equals the hyperbolic tangent of ρ i j( , )S , and
i j i jsim ( , ), sim ( , )b c , and i jsim ( , )f denote the business, contractual, and financial similarities,

12In Table A1, these 18 European insurance companies are marked with an asterisk beside their name.
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respectively, for the pair i j( , ). Table 3 reports the estimate of Model (8), showing that the
coefficients β1 and β2 are significant at the 5% level and β3 at the 10% level. These results
confirm that the 2022 residuals contain information about the business, contractual, and
financial interdependencies within the small subgroup of European companies considered in
the analysis. Regarding the negative estimate of β1, this result can be interpreted as evidence
that insurance companies with similar business structures tend to diversify more on the asset
side or to manage risks differently, thereby reducing the degree of co‐movement captured by
the model.

We recall that, to estimate the partial association measures  ρ i j k ρ i j k( , ), ( , )S L , and ρ i j k( , )U

between companies i and j after removing the influence of company k, our method first
estimates the copula functions Ci k, and Cj k, . The estimated copulas, Ci k, and Cj k, , are then used
to determine the realizations  u u t T{( , ), = 1, …, }i k t j k t, , of i and j not influenced by k, which in
turn are used to compute the estimates   ρ i j k ρ i j k( , ), ( , )S L , and  ρ i j k( , )U . A critical step of the
method, therefore, lies in estimating the copula functions Ci k, and Cj k, , which are obtained by
selecting the best‐fitting functions from a set of theoretical copulas according to the Akaike
Information Criterion. Table 4 reports the distribution of the 3321 copula functions estimated
across the 82 insurance companies under study, based on the residuals from our modified

TABLE 2 Estimates of the parameters s s s, ,0 1 2, and ϕ in the modified Fama‐French 3‐factor model for each
geographical area. Standard errors are reported in brackets.

s0 s1 s2 ϕ

Europe 3.22024 2.19115 1.69884 0.73307

(0.0916) (0.0647) (0.0472) (0.0194)

North America 4.37315 2.35695 1.53380 0.96257

(0.1239) (0.0673) (0.0193) (0.0024)

Asia (ex Japan) 2.15869 1.21321 1.42981 0.96142

(0.0856) (0.0565) (0.0265) (0.0036)

Japan 2.62289 1.36370 1.31597 0.97826

(0.1846) (0.0961) (0.0380) (0.0061)

FIGURE 1 Scatter plot between Spearman's correlation coefficients computed with the returns (y‐axis) and
those computed with the residuals from the modified Fama‐French 3‐factor model (x‐axis). The correlation
coefficients have been estimated using the observations over the entire sample period (30/11/2016– 31/10/2023).
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Fama‐French 3‐factor model applied to asset returns over the entire sample period, that is, from
November 30, 2016 to October 31, 2023. The table is organized so that upper‐tail‐dependence
copulas appear at the top, tail‐symmetric copulas in the middle, and left‐tail‐dependence co-
pulas at the bottom. Notably, a significant proportion, 25.59%, of the copulas are identified as
independence copulas, suggesting that some companies remain only weakly connected to each
other after removing the effect of the Fama‐French factors from the asset returns. The
remaining proportion of the tail‐symmetric copulas amounts to 48.05%, with the Student's t and
Frank copulas having proportions of 25.53% and 15.84%, respectively, and being those that
exhibit heavier tail dependence. The proportions of upper‐ and lower‐tail‐dependence copulas
are 8.04% and 18.30%, respectively. This indicates that a significant number of companies are
characterized by stronger dependence in only one tail, with lower‐tail dependence being more
common than upper‐tail dependence.

This copula distribution across the 82 globally dispersed insurance companies suggests that
companies sharing business markets within the same world regions and/or having contractual
and financial ties tend to exhibit dependence structures, identified through the Student's t and
Frank copulas, that are tail‐symmetric and characterized by heavy tails. Moreover, a mean-
ingful share of lower‐tail‐dependence copulas is observed, confirming that some companies
become more interconnected during periods of market turmoil. However, the sizable propor-
tion of independence copulas also supports the view that certain companies remain only
weakly connected once the effect of market‐wide factors is removed.

Given a system of N insurance companies and an association measure ρ, the number of
influence measures d i j k( , ) is ∕N N N( − 1)( − 2) 2. To identify the non‐trivial influences, we
apply the empirical statistical significance test proposed by Kenett et al. (2015), which we
briefly outline below. We fix M = 100 and proceed as follows:

1. Form M= 1, …, , we independently shuffle the time series e t T{ , = 1, …, }i t, of each company
i, thereby destroying the dependence structure across firms while preserving the marginal
distribution of each series;

2. We compute the influence measures  d i j k( , )m resulting from the reshuffled system at the
mth iteration;

3. The collection  d i j k m M{ ( , ), = 1, …, }m provides realizations of the influence measure under
the null hypothesis of cross‐company independence;

4. We use the empirical distribution  d i j k m M{ ( , ), = 1, …, }m to determine the significance
thresholds at the desired level.

For instance, given the residuals from the modified Fama‐French 3‐factor model applied to the
entire sample period and using Spearman's rho as the association measure, Figure 2 shows the

TABLE 3 Estimates of Model (8), assessing whether residuals from the modified Fama‐French 3‐factor
model contain information on the business, contractual, and financial interdependencies among the companies.
Standard errors are reported inside round brackets. ‘**’ and ‘*’ denote significance at the 5% and 10% level,
respectively.

β0 β1 β2 β3

0.20159 −0.27482** 0.14643** 0.26878*

(0.16081) (0.10997) (0.06597) (0.16193)
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distribution of  d i j k( , )m from the reshuffled data (the black curve) compared with d i j k( , ) from
the empirical time series (the blue curve). The dashed red vertical line corresponds to the 5%
two‐tailed significance threshold, that is, the 97.5% quantile of the distribution of  d i j k( , )m ).
Only influences exceeding this threshold in absolute value are considered non‐trivial. Table 5
reports the 5% two‐tailed significance thresholds for the three association measures ρ ρ,S L, and
ρU , which we use in the static analysis of Section 3.1 to identify non‐trivial influences. For ρL
and ρU , the thresholds are obtained by setting p = 5% in the formulas defining the measures.
Here, p specifies the extent of the left and right tails considered in the integrals, so that ρL and
ρU focus on the lower and upper tails of the joint distribution, respectively.

TABLE 4 Distribution of the 3321 copula functions estimated across the 82 insurance companies under
study, based on the residuals from the modified Fama‐French 3‐factor model applied to asset returns over the
entire sample period. The copulas are grouped by tail‐dependence type and tail symmetry, sorted in descending
order within each group. Values are expressed as percentages.

Copula Value Copula Value

Upper‐tail‐dependence copulas

Gumbel 4.43% Joe 2.50%

Rotated Clayton 270 degrees 0.66% Rotated Joe 270 degrees 0.45%

Tail‐symmetric copulas

Independence 25.59% Student's t 25.53%

Frank 15.84% Gaussian 5.45%

Rotated Clayton 90 degrees 0.51% Rotated Gumbel 90 degrees 0.42%

Rotated Gumbel 270 degrees 0.30%

Lower‐tail‐dependence copulas

Rotated Gumbel 180 degrees 7.20% Rotated Joe 180 degrees 3.79%

Rotated Clayton 180 degrees 3.49% Clayton 2.56%

Rotated Joe 90 degrees 1.26%

FIGURE 2 Distributions of  d i j k( , ) from the shuffled time series (black curve) and of d i j k( , ) from the
empirical time series (blue curve) when using Spearman's rho as the association measure. The curves are
computed from the residuals of the modified Fama‐French 3‐factor model applied to the entire sample period
(30/11/2016–31/10/2023). The dashed red vertical line corresponds to the two‐tailed 5% significance threshold.
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3.1 | Static analysis

We use the TMFG algorithm of Massara et al. (2016) to study dependence networks in the
insurance sector under relatively stable, extremely bearish, and extremely bullish market
conditions. The TMFG algorithm is a network‐filtering method that provides an approximate
solution to the weighted maximal planar graph problem. Specifically, it can be used to
visualize the dependence structure among companies, represented as nodes or vertices, and
the dependencies between pairs of stock returns, represented as edges. Figures 3, 4, and 5
display the dependence networks of the insurance company stock returns over the entire
sample period using Spearman's rho, the extreme downside correlation, and the extreme
upside correlation, respectively. For the latter two extreme correlations, the parameter p

controlling the extent in the left and right tails equals 5%. The edges connecting the com-
panies are determined through the asymmetric matrix D with generic element d i j( , ) of
Equation (3). Following Kenett et al. (2010), to keep information about the main direction of
influence and avoid multiple links, we set d j i( , ) = 0 if    d i j d j i( , ) > ( , ) and d i j( , ) = 0

otherwise. The thickness of the edges is proportional to the strength of the connection
between each pair of companies.

TABLE 5 Two‐tailed 5% significance thresholds for the three association measures, ρ ρ,S L, and ρU , obtained
from the shuffling of residuals from the modified Fama‐French 3‐factor model over the entire sample period
(30/11/2016–31/10/2023). These thresholds indicate the values of d i j k( , ) that can be considered statistically
significant. For ρL and ρU , the thresholds are calculated by setting p = 5% in the formulas defining the left‐ and
right‐tail contributions.

ρS ρL ρU

Threshold 0.002127 0.014873 0.014875

FIGURE 3 Dependence network of stock returns of insurance companies over the entire sample period
(December 2016 to October 2023) under relatively stable market conditions. There are 82 companies from 23
countries across three geographical regions (North America, Asia Pacific, and Europe). Spearman's rho ρS is
used to build the dependence network under relatively stable market conditions, and the triangulated maximally
filtered graph (TMFG) algorithm is applied to determine the significant links across the insurance companies.
The companies of a country are shown with the same color. The thickness of the edges is proportional to the
strength of the connection between each pair of companies. The green arrows mean a positive link, while the red
ones a negative link.
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Looking at Figure 3, we notice that the geographical area, or the stock exchange market,
explains the strongest connections among insurance firms. For instance, we can see thick edges
connecting U.S. and Bermudian companies at the middle bottom of the graph. These compa-
nies are all listed on the New York Stock Exchange (NYSE) or the Nasdaq Stock Market
(NASDAQ). Another small group of North American companies with thick edges is located at
the right of the graph, and it also includes the Swiss company Chubb listed on the NYSE. Other
clusters of companies with thick edges can always be explained through the geographical area,
such as the group of European companies at the right‐middle of the graph. Under extremely
bearish and bullish market conditions, we have similar results, that is, the geographical area or

FIGURE 4 Dependence network of stock returns of insurance companies over the entire sample period
(December 2016 to October 2023) under extremely bearish market conditions. There are 82 companies from 23
countries across three geographical regions (North America, Asia Pacific, and Europe). The extreme downside
correlation ρL is used to build the dependence network under extremely bearish market conditions, and the
triangulated maximally filtered graph (TMFG) algorithm is applied to determine the significant links across the
insurance companies. The companies of a country are shown with the same color. The thickness of the edges is
proportional to the strength of the connection between each pair of companies. The green arrows mean a
positive link, while the red ones a negative link.

FIGURE 5 Dependence network of stock returns of insurance companies over the entire sample period
(December 2016 to October 2023) under extremely bullish market conditions. There are 82 companies from 23
countries across three geographical regions (North America, Asia Pacific, and Europe). The extreme upside
correlation ρU is used to build the dependence network under extremely bullish market conditions, and the
triangulated maximally filtered graph (TMFG) algorithm is applied to determine the significant links across the
insurance companies. The companies of a country are shown with the same color. The thickness of the edges is
proportional to the strength of the connection between each pair of companies. The green arrows mean a
positive link, while the red ones a negative link.
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the stock market justifies the strongest connections among insurance firms. This similarity in
the dependence networks under the three market conditions can also be confirmed quantita-
tively: Spearman correlations between the asymmetric matrices D before the adjustment, which
preserves information about the main direction of influence, range from 0.41 to 0.62, while
after the adjustment, they range from 0.13 to 0.19. Thus, the connections among insurance
companies remain quite stable regardless of the market conditions, although the direction of
the main dependence is sensitive to the condition.

Figure 6 shows the relative importance of individual companies within the entire insurance
sector under three market conditions: stable (Panel a), extremely bearish (Panel b), and ex-
tremely bullish (Panel c). Each panel displays the to, from and net contribution measures
defined in Equations (5), (6), and (7), respectively. The to measure gives a size of the influence

(a)

(b)

(c)

FIGURE 6 To, from and net contribution measures between each insurance company and the system
represented by all the other companies under three market conditions over the whole sample period: relatively
stable conditions in (a), extremely bearish conditions in (b), and extremely bullish conditions in (c). The red line
with yellow dots in each panel represents the net contribution of each company to the remaining companies.
The insurance companies are ordered from the highest net transmitter of influence to the lowest net transmitter.
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that a company exercises on the system represented by all the other insurance companies, the
from one quantifies the influence that the system exerts on a company, and the net one is
simply the difference between the influence transmitted and received by an insurance com-
pany. For each bar plot, the companies are ordered according to the net measure. We observe
that North American and European companies display to and from bars higher than those of
the Asia‐Pacific companies under relatively stable market conditions. This remark agrees with
Figure 3, where we have groups of highly interconnected firms mainly composed of North
American and European companies. Under extremely bearish market circumstances, that is, in
Panel b, the levels of the to and from measures are lower than those under relatively stable
market conditions. Thus, adverse market circumstances do not exacerbate the interactions
among insurance companies. As in Panel b, Panel c shows a general decrease in influence
transmission and reception compared to stable market conditions. Moreover, we also observe
that some insurance companies, mainly from the Asia Pacific region, show one or both of the to
and from measures with slightly negative values. A negative to measure means that the com-
pany exerts an influence that makes all the other firms less interconnected among them, while
a negative from measure means that the market's influence makes the company less inter-
connected to the other firms. From these bar plots, the relative importance of the individual
companies does not change much across market conditions, both in terms of influence
transmitted (to measure) and received (from measure). However, some shifts are observed in
the role of net contributors, that is, companies that transmit more influence than they receive.
We confirm these visual impressions by computing the Spearman correlations between the
influence measures across the three market conditions. For the transmitted and received
influences, the correlations range from 0.61 to 0.91, indicating a fairly stable ranking of com-
panies. By contrast, the Spearman correlations for the net measures are much lower, ranging
from −0.02 to 0.23, which reflects the higher variability of companies' net roles.

3.2 | Dynamic analysis

In this section, we examine the evolution of the dependence networks among insurance
companies over the period under study. This period was marked by the health emergency
triggered by the COVID‐19 pandemic and Russia's invasion of Ukraine, which were among the
main causes of the inflationary surge that began in mid‐2021 and was still ongoing at the end of
the sample period. Hence, for the period of study, examining changes in the insurance sector's
interconnectedness over time is crucial. Specifically, we apply a rolling window approach
similar to those of Diebold and Yilmaz (2012), Diebold and Yılmaz (2014), and Shahzad et al.
(2023). Figure 7 shows three plots of the time‐varying total connectedness index defined in
Equation (4): Panel a displays the dynamics under relatively stable market conditions and uses
Spearman's rho to quantify the connectedness in the insurance sector; Panel b shows the time
evolution under extremely bearish market conditions and uses the extreme downside corre-
lation ρL with p = 5%; Panel c exhibits the time‐varying connectedness index under extremely
bullish market conditions and uses the extreme upside correlation ρU with p = 5%. We apply a
rolling window of 500 trading days to compute all the total time‐varying connectedness
indexes. In Appendix D, we provide a robustness analysis to motivate the choice of 500 tra-
ding days as the window size.

Figure 7 reveals that the COVID‐19 pandemic did not significantly affect the dependence
network of the insurance sector under relatively stable market conditions. Indeed, in Panel a,
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the curve of the total connectedness index does not show any abrupt change when COVID‐19
started to develop into a pandemic, that is, around February 2020, and emergency measures
were taken to prevent its spread. To explain this result, we argue that since the COVID‐19
outbreak disrupted virtually all economic sectors, controlling for the three Fama‐French factors
effectively removes its systematic impact on the insurance sector's network of dependencies.
We also note that the curve of the total connectedness index exhibits low values from February
2020 to February 2022, the period heavily affected by the COVID‐19 pandemic and charac-
terized by lockdowns in many developed countries. We justify this result as previously dis-
cussed: during this period, many sectors of the economy were similarly affected, and the
regression on the three Fama‐French factors removes the COVID‐19 influence on the depen-
dence network in the insurance sector. Even under extremely bearish market conditions, the
total connectedness index does not seem to be particularly influenced by the COVID‐19 pan-
demic. A different result emerges from Panel c, where the curve follows an upward trend
during the pandemic but only after 3 months from the coronavirus outbreak.

(a)

(b)

(c)

FIGURE 7 Time‐varying total connectedness index under three market conditions over the whole sample period:
relatively stable conditions in (a), extremely bearish conditions in (b), and extremely bullish conditions in (c). A rolling
window of 500 trading days is applied for the computation of the three total connectedness indexes.
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Russia's invasion of Ukraine, which began in late February 2022, affects the total con-
nectedness index under relatively stable conditions. Indeed, the curve in Panel a starts to
increase around February 2022 and follows this trend until the end of the period under study,
October 2023, when the Russian invasion was still ongoing. The upward trend of the curve in
this period can also be ascribed to the high inflation triggered by the fiscal stimuli previously
introduced to address the outbreak of COVID‐19 and by the reduction in the supply of gas and
oil caused by the Russian invasion of Ukraine. Under extremely bearish market conditions, the
influence of the Ukrainian war is relatively weak and emerges only after some time. Finally,
under extremely bullish conditions, the effect of the war appears to be absent.

The period from the start of the war in Ukraine to the end of the sample was marked by
rising interest rates, which affected insurance companies' market prices. Although our systemic
risk measures are based on the residuals from the Fama‐French 3‐factor model, these residuals
may still be influenced by changes in interest rates. This is because the Fama‐French model
removes only broad market effects and does not explicitly account for discounting, investment
income, or capital structure channels that are particularly relevant for the insurance sector. As
a result, our dynamic analysis might mistakenly interpret the observed increase in intercon-
nectedness as a rise in systemic risk, when in fact it is a consequence of the interest rate hikes.
To assess whether interest rate changes have driven the increase in interconnectedness, we
report in Table 6, for all three market conditions, the results obtained with the following model:

⋅ρ β β R β W β R WΔ = + Δ + + (Δ ) + ϵ ,t t t t t t0 1 2 3 (9)

where ρΔ t is the first difference of the systemic risk measure, RΔ t is the first difference of the U.S.
10‐Year Treasury yield, andWt is a dummy variable equal to 1 from the date 24 February 2022
onward, marking the start of the war. The results indicate that, under relatively stable conditions,
changes in interest rates did not have a statistically significant effect on systemic risk, whereas the
war had a clearly significant impact. For the extremely bearish scenario, we observe a negative
effect of interest rates on systemic risk during the war, although this effect is only marginally

TABLE 6 Estimates of Model (9) under three market conditions (relatively stable, extremely bearish, and
extremely bullish), assessing whether changes in interest rates contributed to the increase in interconnectedness
among insurance companies from the start of the Ukrainian war until the end of the sample period. Standard
errors are reported inside round brackets. ‘***’ and ‘*’ denote significance at the 1% and 10% level, respectively.

Stable Bearish Bullish

β0 −0.0002 −0.0008 0.0005

(0.0002) (0.0006) (0.0005)

β1 0.0011 −0.0006 0.0020

(0.0037) (0.0108) (0.0076)

β2 0.0015*** 0.0018* −0.0003

(0.0004) (0.0010) (0.0007)

β3 −0.0048 −0.0254* 0.0036

(0.0048) (0.0141) (0.0100)
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significant. Hence, the analysis suggests that the Ukrainian war had a weak influence on the
increase in systemic risk, and that interest rate hikes may have contributed to it. Finally, under
extremely bullish market conditions, the results suggest that neither interest rates nor the war
had a statistically significant effect on the interconnectedness of insurance companies.

To investigate the dynamics of the connectedness indexes, we explore whether their
behavior can be captured within a jump‐diffusion framework. We fit the Merton jump diffusion
(JD) model to the log‐returns of the total connectedness indexes. In continuous time, the model
specify that the asset or index of interest, S, evolves according to the following stochastic
differential equation:

dS S μdt σdB dZ= ( + + ),t t t t (10)

where Bt is a Brownian motion, Z Y= ( − 1)t i
N

i=1
t , where Nt is a Poisson process with intensity

λ and the Yi 's are i.i.d lognormally distributed random variables, that is, Y N m blog( ) ~ ( , )i
2 . We

estimate model (10) using the maximum likelihood method. The results of the estimation are
reported in Table 7. In the table, a comparison is made with respect to the lognormal (LN)
model, which does not feature the jump component dZt. Using the Akaike (AIC) and Bayesian
(BIC) information criteria, we find evidence that the JD models have a better fit compared to
the LN models. The Merton jump diffusion model better captures the behavior of the con-
nectedness indexes, which often exhibit sudden, extreme changes (jumps) not well represented
by simple lognormal processes. This finding is consistent with the fact that financial con-
nectedness often spikes during crises, reflecting abrupt contagion or systemic shocks. The JD
model quantifies both the frequency (λ) and size (b) of these jumps, allowing for more realistic
assessment of the likelihood and impact of rare, extreme events.

TABLE 7 Estimation of Model (10) for the total connectedness index under three market conditions
(relatively stable, extremely bearish, and extremely bullish). ‘***’ denotes significance at the 1% level.

Stable Bearish Bullish

JD LN JD LN JD LN

μ 0.0002 0.0005 0.0003 −0.0002 0.0018 0.0016

(0.0003) (0.0003) (0.0009) (0.0013) (0.0013) (0.0017)

σ 0.0028*** 0.0081*** 0.0219*** 0.0378*** 0.0165*** 0.0485***

(0.0004) (0.0002) (0.0010) (0.0009) (0.0025) (0.0012)

λ 0.9147*** 0.0778*** 0.8186***

(0.1716) (0.0257) (0.1702)

m 0.0003 −0.0065 −0.0002

(0.0004) (0.0140) (0.0023)

b 0.0078*** 0.1024*** 0.0471***

(0.0007) (0.0191) (0.0046)

LogLik 2858.2682 2775.9347 1765.4155 1515.9092 1435.1854 1312.2831

AIC −5706.5363 −5547.8695 −3520.8310 −3027.8184 −2860.3707 −2620.5663

BIC −5683.0142 −5538.4606 −3497.3090 −3018.4096 −2836.8486 −2611.1574
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4 | CONCLUSIONS

The method presented in this paper allows measuring systemic risk under relatively stable,
extremely bearish, and extremely bullish market conditions. Extending Shahzad et al. (2023)
Pearson correlation‐based approach, we employ Spearman's correlation to better capture
monotonic relationships between variables. The method resorts to copula theory to measure
the association between two variables after removing the influence of a third variable.

To study systemic risk in the worldwide insurance sector, the empirical analysis focuses on
the stock returns of 82 insurance companies spread over three geographical areas: North
America, Europe, and Asia‐Pacific. The observation period spans from November 30, 2016, to
October 31, 2023, encompassing significant global events including the COVID‐19 pandemic
and the Russo–Ukrainian war. The first empirical analysis is static and uses the entire sample.
The TMFG algorithm is employed to build planar graphical representations of the insurance
sector's dependence structure under three market conditions. The resulting plots highlight how
the geographical area and the stock exchange listing play an important role in explaining the
connection between insurance companies. In particular, strong links exist among North
American companies, European companies, or companies that, even though not located in the
same geographical area, are listed on the same exchange. Based on bar plots representing
the transmitted and received influence of each company, the North American and European
companies transmit and receive influence more than the Asia‐Pacific firms. The result is
consistent with the planar graphical representations. Moreover, under extremely bearish and
extremely bullish conditions, the transmitted and received influence in general does not
increase, that is, extreme market conditions do not exacerbate the interactions among insur-
ance firms. Using a dynamic analysis based on rolling window, we find that COVID‐19 pan-
demic affects systemic risk in the insurance sector only under extremely bullish market
conditions and some time after the outbreak. It does not impact the dependence network under
the other two market conditions. We explain these results by noting that the pandemic dis-
rupted all the economic sectors, and thus the regression on the Fama‐French factors removes
much of its influence from the stock returns. Instead, we detect the influences of the Russo‐
Ukrainian war and the inflation surge on the dependence network under relatively stable
market conditions.

The methodology presented in this paper can be extended in two directions. The first is to make it
fully parametric by computing the three association measures, Spearman's rho, extreme downside
correlation, and extreme upside correlation, with formulae based on copula functions. The second
direction concerns the possibility of defining associationmeasures that are time‐varying, which would
eliminate the subjectivity of window size selection in the dynamic analysis.
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APPENDIX B: THE MODIFIED FAMA ‐FRENCH 3 ‐FACTOR MODEL
We first rewrite Equation (1) in matrix form for the n companies belonging to the same
geographical region:

y γ x ϵs= ′ +t t t t (B1)

where y r r r r= ( − , …, − )′t t f t n t f t1, , , , , x r r SMB HML= (1, − , , )′t m t f t t t, , ,












γ

α α

β β

β β

β β

=

…

…

…

…

,

n

n

n

n

1

1,1 ,1

1,2 ,2

1,3 ,3

and

ϵ N Σ= (ϵ , …, ϵ )′ ~ (0, )t t n t1, , . Setting ∕ ∕∼∼y y x xs s= , =t t t t t t , and dividing both sides of (B1) by st
gives

∼∼y γ x ϵ= ′ + .t t t (B2)

Denoting by ν s s s ϕ= ( , , , )′0 1 2 the vector of parameters in the re‐scaling coefficients st, the
likelihood function of model (B1) is given by

 






( )y γ ν y γ x y γ xL π s sΣ Σ Σ( , , ) = (2 ) exp −

1

2
( − ′ )′ ( − ′ ) .

t

T
n

t
t

T

t t t t t

=1

−
2

2 − 1
2

=1

2 −1

Using (B2) and ignoring the constant terms

∝ ∼ ∼∼ ∼  





  









y γ ν y γ x y γ xL sΣ Σ Σ( , , ) exp −
1

2
( − ′ )′ ( − ′ ) .

t

T

t
n T

t

T

t t t t

=1

− −
2

=1

−1 (B3)

Based on the last equation, and upon defining
∼
Y and

∼
X as the matrices obtained by staking

∼ ∼y y′, …, ′
T1 and ∼ ∼x x′, …, ′T1 , respectively, we immediately see that



 

∼

∼ ∼

∼∼ ∼

∼ ∼

γ ν X X X Y

ν Y X γ ν Y X γ ν
T

Σ

( ) = ( ′ ) ′

( ) =
1
( − ( ))′( − ( ))

−1

give the maximum likelihood estimators of γ and Σ, as functions of ν. Substituting the above
estimates into (B3) yields the concentrated likelihood

   ∝
∼ ∼∼ ∼ 






y γ ν ν ν Y X γ ν Y X γ νL s
T

Σ( ( ), ( ), )
1
( − ( ))′( − ( ))

t

T

t
n

T

=1

−
−
2

which can be numerically maximized with respect to ν.

APPENDIX C: TWO ‐DIMENSIONAL COPULA FUNCTIONS
In this appendix, we provide a brief introduction to two‐dimensional copula functions and refer
the reader to the textbooks by Nelsen (2006) and McNeil et al. (2015) for a comprehensive
treatment, including extensions to the multivariate case.
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A two‐dimensional copula function C is a distribution function on [0, 1]2 with standard
uniform marginal distributions. Hence, C is a mapping from the unit square into the unit
interval that satisfies the following three properties:

1. C u C v( , 0) = (0, ) = 0;
2. C u u( , 1) = and C v v(1, ) = ;
3. for all ∈u v u v( , ), ( , ) [0, 1]1 1 2 2

2 such that ≤u u1 2 and ≤v v1 2, it holds that

≥C u v C u v C u v C u v( , ) − ( , ) − ( , ) + ( , ) 0.2 2 1 2 2 1 1 1

Observe that the second property ensures that the marginals are uniformly distributed, while
the third one ensures that, if U V( , ) is a random vector with distribution function C, then the
probability  ≤ ≤ ≤ ≤u U u v V v( , )1 2 1 2 is non‐negative.

The importance of copula functions lies in Sklar's Theorem, which states, first, that any
multivariate distribution function can be expressed in terms of its marginals and a copula
function, and second, that copula functions can be used in conjunction with univariate dis-
tributions to construct multivariate distribution functions. In the two‐dimensional case, the
first part of the theorem states that if F is a distribution function with marginals F1 and F2, then
there exists a copula function →C : [0, 1] [0, 1]2 such that

∈ ∞ ∞F x y C F x F y x y( , ) = ( ( ), ( )), , [− , ].1 2 (C1)

If the marginals are continuous, then C is unique; otherwise, C is uniquely determined on
F FRan × Ran1 2, where FRan 1 and FRan 2 denote the ranges of the two marginals F1 and F2,

respectively. The second part of the theorem states that if →C : [0, 1] [0, 1]2 is a copula
function and F1 and F2 are univariate distribution functions, then the function defined in (C1) is
a two‐dimensional distribution function with marginals F1 and F2.

For any two‐dimensional copula function C, it can be shown that the following
bounds hold:

≤ ≤u v C u v u vmax{ + − 1, 0} ( , ) min{ , },

where the two bounding functions, u vmax{ + − 1, 0} and u vmin{ , }, are themselves copula
functions, known as the countermonotonicity copula and the comonotonicity copula, respec-
tively. The countermonotonicity copula is the copula function of two random variables that are
perfectly negatively dependent, while the comonotonicity copula is the copula function of two
random variables that are perfectly positively dependent. Another fundamental copula function
is the independence copula, defined as u v uvΠ( , ) = .

We now present four examples of copula functions:

1. The two‐dimensional Gaussian copula is the copula function associated with a random vector
following a bivariate normal distribution. Denoting by ρ the correlation coefficient between the
two components of the random vector, it can be shown that the Gaussian copula is given by

∞ ∞
  






C u v

π ρ

s ρst t

ρ
s t( , ) =

1

2 1 −
exp −

− 2 +

2(1 − )
d d ,

u v
Ga

−

Φ ( )

−

Φ ( )

2

2 2

2

−1 −1
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where Φ−1 denotes the inverse of the standard normal distribution function Φ. The Gaussian
copula coincides with the independence copula when ρ = 0. In the limiting cases →ρ 1 and
→ρ −1, it converges to the comonotonicity and countermonotonicity copulas, respectively.

Hence, the Gaussian copula provides a flexible dependence structure ranging from perfect
positive to perfect negative dependence, with the parameter ρ controlling the strength and
direction of dependence.

2. The two‐dimensional Student's t copula is given by

∞ ∞
 











( )
( )

C u v
νπ ρ

s ρst t

ν ρ
s t( , ) =

Γ

Γ 1 −
1 +

− 2 +

(1 − )
d d ,ν ρ

t u t v
ν

ν

ν

,
t

−

( )

−

( )
+ 2

2

2
2

2 2

2

− +2
2ν ν

−1 −1

where ∈ν ρ> 0, (−1, 1), Γ denotes the gamma function, and tν
−1 is the inverse of the

distribution function of a standard univariate t‐distribution with ν degrees of freedom. For
fixed ν, the Student's t copula converges to the comonotonicity copula as →ρ 1, and to the
countermonotonicity copula as →ρ −1, similar to the Gaussian copula. However, unlike the
Gaussian copula, the Student's t copula does not reduce to the independence copula when
ρ = 0 and ∞ν < .

3. The two‐dimensional Gumbel copula is given by

≤ ∞∕( )C u v u v θ( , ) = exp −[(−ln ) + (−ln ) ] , 1 < ,θ θ θGu 1

where the parameter θ controls the strength of dependence: θ = 1 yields the independence
copula, and the limit of C u v( , )Gu as → ∞θ is the comonotonicity copula.

4. Finally, the two‐dimensional Clayton copula is given by

≤ ∞∕C u v u v θ( , ) = ( + − 1) , 0 < ,θ θ θCl − − −1

where the parameter θ again controls the strength of dependence: θ = 0 should be inter-
preted as the limit of C u v( , )Cl as →θ 0, which yields the independence copula, and the
limit of C u v( , )Cl as → ∞θ is the comonotonicity copula.

Figure C1 shows scatterplots for the four copula functions described above. Each two‐
dimensional distribution assumes standard normal marginals to highlight tail behaviors, with
the following parameters: the Gaussian copula uses ρ = 0.7; the Student's t copula uses ρ = 0.7

and ν = 4; the Gumbel copula uses θ = 2; and the Clayton copula also uses θ = 2. The
Gaussian and Student's t copulas are characterized by tail symmetry, as reflected in the figure
by similarly shaped lower and upper tails. It is also worth recalling that the Student's t copula
exhibits heavier tails than the Gaussian copula for ∞ν < and approaches the Gaussian copula
as → ∞ν . In contrast, the Gumbel copula is tail‐asymmetric, with a heavier upper tail than
lower tail. This is clearly visible in the figure, where the scatterplot for the Gumbel copula
shows a higher concentration of points in the upper tail than in the lower tail. Similarly, the
Clayton copula is also tail‐asymmetric but, unlike the Gumbel copula, features a heavier lower
tail than upper tail. This is confirmed by the figure, in which the scatterplot for the Clayton
copula displays a higher concentration of points in the lower tail than in the upper tail.
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APPENDIX D: ROBUSTNESS ANALYSIS
This appendix assesses the robustness of the choice of rolling window for the dynamic analysis
of Section 3.2. Figure D1 shows three panels: Panel a refers to relatively stable market con-
ditions, Panel b extremely bearish market conditions, and Panel c extremely bullish market
conditions. In each Panel, the green curve corresponds to our baseline setting with 500
trading days, the red one to the setting with 375 days, and the blue one to the setting with
250 days. The curves in Panels a and c are very close implying a high robustness of the results
for any size of the rolling window. Instead, Panel b reveals a slightly more pronounced
divergence between the curves, with the largest gap occurring between the blue and green
curves. Thus, a small window size might produce little reliable results for the dynamic analysis
under extremely bearish market conditions. The choice of 500 trading days as window size
should guarantee robust results for all three market conditions. Table D1 reports Pearson
correlations for the time series plotted in Figure D1. The correlations confirm that the curves

FIGURE C1 Examples of dependence structures for four copula families with standard normal margins.
Gaussian and Student's t copulas exhibit symmetric tail dependence, while Gumbel and Clayton copulas display
asymmetric tail dependence, with heavier upper and lower tails, respectively.
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are sufficiently close when the sizes are 500 and 375 days for each market conditions scenario.
Indeed, for these two window sizes, the smallest correlation is 0.757.

(a)

(b)

(c)

FIGURE D1 Robustness of the choice of rolling window. In each Panel, the green curve corresponds to our
baseline setting with 500 trading days, the red one to the setting with 375 days, and the blue one to the setting
with 250 days.

TABLE D1 Pearson correlations for the time series plotted in Figure D1.

Stable conditions Bearish conditions Bullish conditions

500 days 375 days 250 days 500 days 375 days 250 days 500 days 375 days 250 days

500 days 1 0.938 0.941 1 0.757 0.464 1 0.905 0.833

375 days 1 0.938 1 0.698 1 0.851

250 days 1 1 1

IANIA ET AL. | 35

 15406296, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/rm

ir.70030, W
iley O

nline L
ibrary on [23/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense


	Systemic risk in the insurance sector: A semi-parametric approach based on Spearman's rho
	1 INTRODUCTION
	2 METHODOLOGY
	2.1 Estimation of ρS,ρL, and ρU

	3 EMPIRICAL RESULTS
	3.1 Static analysis
	3.2 Dynamic analysis

	4 CONCLUSIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT
	REFERENCES
	APPENDIX
	LIST OF INSURANCE COMPANIES
	APPENDIX
	THE MODIFIED FAMA-FRENCH 3-FACTOR MODEL
	APPENDIX
	TWO-DIMENSIONAL COPULA FUNCTIONS
	APPENDIX
	ROBUSTNESS ANALYSIS




