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Abstract

This thesis analyzes systemic risk and volatility spillovers in the global rein-
surance market by utilizing Bayesian Vector Autoregressive (BVAR) modeling
with network analysis. The financial impact of the reinsurance sector in the
overall stability remains relatively unexplored in systemic risk literature, with
uncertain and discordant findings. We addressed this gap by studying 27 publicly
listed global reinsurance companies over the period October 2015 to May 2025,
using daily stock prices to construct Yang-Zhang volatility series. We then
employed a BVAR framework with hierarchical Minnesota, SUR and SOC priors,
estimated through Metropolis-Hastings MCMC sampling. The adjacency matrix
is derived using Generalized Forecast Error Variance Decomposition (GFEVD)
and is used as the basis for graph theoretic analysis and the pairwise volatility
association of the companies. The static analysis identified a highly integrated
reinsurance network, with a Total Connectedness of 74.28, low modularity, and
disassortative structure, with European companies identified as the main source
of variance contributors, and Asian firms as principal recipients. The dynamic
analysis was based on a 250-day rolling window BVAR estimation across 349
windows, uncovering a bimodal regime structure of standard equilibrium and
high connectivity. We find that asset-side shocks of financial and geopolitical
origin tend to amplify the overall reinsurance market connectedness. Finally
we cross-validate the network centrality rankings against independent market-
based tail-risk measures and BVAR stress-test propagation. The topological
hubs identified by the network coincides with the firms flagged as systemically
important by these independent measures, confirming that centrality captures
an economically meaningful dimensions of systemic risk rather than an abstract
topological property. At the same time, no firm exhibits a positive capital
shortfall under any scenario, indicating that systemic risk in reinsurance arises
from interconnection and shock propagation rather than from financial leverage
or capital insufficiency.



Introduction

Reinsurance and Systemic Risk

The global reinsurance market, with dedicated capital exceeding $766 billion
and written premiums approaching $1.75 trillion, constitutes a critical layer
of the financial system’s risk-absorption infrastructure (Gallagher Re 2024;
International Association of Insurance Supervisors 2025). By accepting risk
from primary insurers and redistributing it through retrocession chains and
insurance-linked securities, reinsurers create a dense web of bilateral obligations
that spans continents, asset classes, and regulatory jurisdictions. While this
interconnectedness enhances capital efficiency and enables the underwriting of
risks that would otherwise be uninsurable, it simultaneously creates channels
through which localized distress can propagate across the network.

The systemic relevance of the insurance sector remains contested. Tradi-
tional analyses, grounded in the pre-funded, loss-indemnity nature of insurance
liabilities, argue that core insurance activities pose limited systemic risk because
insurers do not engage in maturity transformation and policyholder claims are
contingent rather than demand-payable (Cummins and Weiss 2014; The Geneva
Association 2010). However, this assessment breaks down when institutions
engage in non-traditional activities and, critically, when the interconnectedness
of reinsurance and retrocession networks creates contagion channels that are
opaque to outside observers (Battiston et al. 2012; Chen, Iyengar, and Moallemi
2013). The failure of a single node in such a network can trigger cascading
reassessments of counterparty exposure, amplifying the initial shock beyond
what aggregate statistics would predict (Park and Xie 2014).

The reinsurance sector is particularly suited to network-based systemic risk
analysis for three reasons. First, unlike banking, where bilateral exposures
are increasingly reported to trade repositories, reinsurance cession data remain
proprietary and unavailable to researchers, motivating the use of market-based
proxies to infer connectedness (Billio et al. 2012). Second, the sector’s exposure
to both asset-side risks (investment portfolio losses during equity or bond market
declines) and liability-side risks (catastrophe claims, pandemic losses) creates
distinct transmission channels whose systemic implications differ qualitatively.
Third, the concentration of global reinsurance capacity in a small number of
firms raises the question of whether these hubs constitute Systemically Important
Financial Institutions (SIFIs) whose distress would impose externalities on the
broader financial system (Battiston et al. 2016; V. V. Acharya et al. 2016).

Despite a growing body of work on systemic risk in banking and insurance
(Billio et al. 2012; Adrian and Brunnermeier 2016; Brownlees and Engle 2016;



V. Acharya, Engle, and Richardson 2012), the reinsurance sector has received
comparatively limited attention. Existing studies tend to treat reinsurers as
a subset of the broader insurance industry rather than analyzing the sector’s
unique network structure, or focus on single measures of systemic risk without
cross-validating across complementary methodologies. This thesis addresses that

gap.

Research Questions and Contributions
This thesis investigates three interrelated questions:

1. Network structure: What is the topology of the global reinsurance
volatility network, and which firms occupy structurally critical positions
as variance transmitters, receivers, or bridges?

2. Dynamic evolution: How does the network’s connectedness, topology,
and firm-level hierarchy evolve over time, and do structural breaks in the
system align with identifiable economic events?

3. Systemic importance: Do the firms identified as topological hubs through
the network analysis also rank as the most systemically important when
assessed through independent tail-risk measures (ACoVaR, MES) and
shock propagation scenarios?

The methodological contribution is the cross-validation of Generalized Fore-
cast Error Variance Decomposition (GFEVD) derived network centrality against
independent market-based tail-risk measures, applied to a single, consistently
defined sample of 27 global reinsurers over the period October 2015 to May
2025. The GFEVD, embedded within a Bayesian Vector Autoregression (BVAR)
model with hierarchical Minnesota priors, produces a directed, weighted adja-
cency matrix that approximates the network of volatility spillovers (Diebold and
Yilmaz 2014; Giannone, Lenza, and Primiceri 2015). This network is analyzed
using graph-theoretic methods to identify centrality, community structure, and
topological properties both statically and through a rolling-window estimation
of 349 overlapping windows. The BVAR-derived network measures are then
cross-validated against market-based systemic risk indicators to test whether
topological prominence translates into genuine systemic importance.

The analysis confirms this hypothesis: network centrality and the indepen-
dent tail-risk measures converge on the same European core, establishing that
topological prominence is a genuine marker of systemic importance. It further
reveals a dissociation between systemic centrality and financial fragility, locating
the sector’s systemic risk in its interconnection rather than in balance-sheet
leverage.

Thesis Outline

The thesis is organized as follows.

Chapter 1 provides the institutional background on the reinsurance industry,
covering the mechanics of proportional and non-proportional contracts, co-
reinsurance and layering structures, and the current state of the global reinsurance
market. It concludes by establishing the theoretical link between reinsurance



interconnectedness and systemic risk, motivating the empirical analysis that
follows.

Chapter 2 presents the methodology and data. The sample of 27 publicly
listed reinsurers is described, including sample selection criteria, coverage, and
limitations such as survivorship bias and non-synchronous trading. The chapter
details the Yang-Zhang drift-independent volatility estimator used to construct
the input series, the BVAR specification with Minnesota, Sum-of-Coefficients,
and Single-Unit-Root priors estimated via Metropolis-Hastings MCMC, and the
GFEVD framework that transforms the estimated model into a connectedness
matrix.

Chapter 3 reports the static network analysis. The GFEVD-derived adja-
cency matrix is analyzed for global topology, node-level centrality, and community
structure via Louvain detection. Robustness is assessed across multiple sparsifi-
cation thresholds. The chapter identifies European reinsurers as the dominant
variance contributors and documents a disassortative, globally integrated network
with low modularity.

Chapter 4 extends the analysis to a dynamic setting through rolling-window
BVAR estimation. It traces the evolution of the Total Connectedness Index
across 349 windows, identifies structural breaks via Bai-Perron and OLS-CUSUM
tests, and introduces a persistent-versus-reactive centrality classification that
uncovers systemically important firms invisible to the static analysis. Five event
studies test how different transmission channels (asset-side versus liability-side)
reshape the network hierarchy.

Chapter 5 complements the topological analysis with market-based
systemic risk measures. ACoVaR quantifies each firm’s marginal contribution
to system-wide tail risk; dynamic MES captures vulnerability under extreme
market stress; SRISK combines market sensitivity with balance-sheet leverage
to estimate expected capital shortfall. A BVAR-based stress testing exercise via
Generalized Impulse Response Functions produces a Systemic Impact Index
for each firm. The chapter concludes with a cross-validation of the network
centrality measures against these independent systemic risk indicators, testing
the central hypothesis that topological hubs are also the most systemically
important institutions.

Note that all source code, data, and scripts for this thesis are available on the
project’s GitHub repository: €) adb-coding/network-connectedness-volatility-
spillover.

An interactive HTML version of this thesis is available online at the project
website.



https://github.com/adb-coding/network-connectedness-volatility-spillover
https://github.com/adb-coding/network-connectedness-volatility-spillover
https://adb-coding.github.io/network-connectedness-volatility-spillover/
https://adb-coding.github.io/network-connectedness-volatility-spillover/
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Chapter 1

Introduction to Reinsurance

1.1 Reinsurance

Financial theory suggests that the use of reinsurance, under the conditions
of capital market equilibrium, is redundant and not necessary for diversified
and widely held firms. These entities are able to pool risks internally and
access capital markets for financing when needed, representing a reinsurance
specific application of the broader principle of corporate hedging irrelevance under
frictionless capital markets (Modigliani and Miller 1958; Doherty and Tinic 1981).
However, as shown in Mayers and Smith (1982), market imperfections such as
bankruptcy costs, tax convexity, and agency conflicts create a rational corporate
demand for insurance and risk transfer. Froot, Scharfstein, and Stein (1993)
further demonstrate that costly external financing makes hedging strategies
value-enhancing: by smoothing internal cash flows, reinsurance enables insurers
to fund investment opportunities without resorting to expensive capital markets.
These theoretical foundations establish reinsurance as a rational response to
real-world frictions. In this context, reinsurance plays an instrumental role in
enhancing diversification beyond the boundaries of solely insurance, providing
financial and operational flexibility in addition to the transfer of risk.

From a financial perspective, reinsurance impacts an insurer’s surplus man-
agement and financing capacity. Since insurers must establish unearned premium
reserves upon collecting premiums, their ability to underwrite new policies is
limited by surplus levels. Reinsurance mitigates such constraint by reducing the
amount of unearned premium reserves requirements, increasing the underwriting
capacity, both in terms of single-risk exposure and the volume of contracts
written. This allows insurers to underwrite policies that might otherwise exceed
their risk tolerance or capital base, and to remain competitive in high-volume
lines of business.

An additional benefit is the stabilization of loss experience over time. Due to
economic, environmental, and portfolio-specific factors, underwriting results can
vary significantly on a yearly basis. Reinsurance enables insurers to smooth these
fluctuations, functioning similarly to a contingent capital mechanism whereby
reinsurers absorb part of the losses in bad years and receive premiums in better
years (Webb, Property, and Underwriters 1984). This rationale is formalized by
Plantin and Rochet (2007), who model the optimal demand for reinsurance as a
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function of the insurer’s liability structure and regulatory capital constraints,
showing that reinsurance serves as a risk transfer mechanism rather than a
generic contingent capital facility.

Catastrophe protection is another key driver for reinsurance usage. In the
event of natural disasters or other extreme events, reinsurance shields the primary
insurer from potentially severe financial consequences. Furthermore, reinsurance
provides underwriting assistance through access to specialized expertise, advanced
actuarial data, and claims management capabilities. This knowledge is especially
valuable for insurers that expand into new product lines, geographic territories,
or unconventional risk classes. Reinsurance also facilitates the entry and exit
from specific markets, facilitating the cessation of operations in certain lines
of business, allowing the transfer of entire portfolios without sudden contract
cancellations, which could result in reputational and regulatory backlash.

Before proceeding further, the next sections briefly describe the types of
reinsurance protections and contracts that characterize the business model, to
better understand the advantages they offer, but also the complexities that the
underwriting process includes. We start by introducing the different types of
agreements in reinsurance.

1.2 Facultative and Treaty Reinsurance

Reinsurance agreements can be broadly categorized as facultative or treaty
reinsurance, which differ in application, risk exposure, contractual complexity,
and strategic purpose. Facultative reinsurance covers individual risks on a case-
by-case basis, while treaty reinsurance involves the cession of all risks within a
defined class of policies through a predetermined agreement (Outreville 1998).
The distinction reflects different risk-management strategies and degrees of
control retained by the primary insurer: facultative provides highly customized
coverage for large or unusual risks, whereas treaty emphasizes automation and
scalability, transferring homogeneous risks with reduced transactional friction.

1.2.1 Facultative Reinsurance

Facultative reinsurance is a transactional form in which the ceding insurer offers
a specific individual risk to a reinsurer, who has the discretion to accept or
decline all or part of it (Thompson 1966).

Each contract is negotiated separately and each risk individually underwritten,
with no binding obligation on either party: the primary insurer is not required
to cede the risk, nor the reinsurer to accept it. This mutual optionality makes
facultative reinsurance a flexible tool for non-standard exposures or risks falling
outside existing treaty agreements.

Since each risk is addressed individually, the reinsurer can tailor terms,
pricing, and conditions to the specific exposure, enabling accurate risk selection
and premium adequacy in high-severity or complex underwriting situations such
as industrial facilities, large infrastructures, or natural catastrophes.

This granularity comes at a cost: each contract entails extensive underwriting
review and detailed documentation, often across several rounds of negotiation
with multiple reinsurers. Facultative placement is therefore labor-intensive
and administratively burdensome, making it less suitable for high-frequency
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or commoditized lines of business. It also supplements treaty arrangements,
covering exposures that exceed treaty limits or fall outside their scope and
thereby reducing risk concentration within the insurer’s book

In practice, facultative agreements are generally short-term and often struc-
tured as single-event transactions tied to the duration of the insurance policy,
providing transaction-specific coverage for exceptional risks.

1.2.2 Treaty Reinsurance

Treaty reinsurance is a blanket arrangement whereby the reinsurer agrees in
advance to accept a defined portion of all risks within a specified portfolio of
policies written by the ceding company. This automatic acceptance makes it the
pivot for efficient, scalable risk transfer in the industry (Rejda and McNamara
2021).

The treaty specifies the business and risks covered, attachment points, limits,
premium-sharing quotas, and claim procedures, and is legally binding over a fixed
period. It is designed to improve operational efficiency and to foster long-term
partnerships supporting the growth of the insurer’s underwriting activity.

By dispensing with risk-by-risk negotiation, treaty arrangements reduce
administrative cost and transaction time, letting primary insurers focus on core
underwriting. They smooth loss exposure over time and foster deeper cedant—
reinsurer relationships, often bundling value-added services such as actuarial
support, product development, and portfolio analysis.

The main drawback is adverse selection - the cedant may load dispropor-
tionately risky policies into the treaty - which is why reinsurers require detailed
portfolio analytics and due diligence before committing. A second limitation is
the lack of flexibility: once in force, the treaty applies uniformly across the port-
folio, leaving little scope to exclude or tailor individual risks. Despite this, treaty
reinsurance remains the preferred method for managing routine, high-volume
exposures.

Reinsurance agreements, whether in facultative or in treaty form, can be
categorized as proportional or non-proportional type.

1.3 Proportional and Non-proportional Reinsur-
ance

Under proportional reinsurance, one or more reinsurers take a pre-agreed per-
centage share of the premiums and liabilities of each policy, so the reinsurer’s
premium share is directly proportional to its claims obligation; the reinsurer
also pays the cedant a commission, expressed as a percentage of the original
premium, toward administrative and acquisition costs.

Non-proportional forms of reinsurance - meaning coverage with no fixed
or pre-determined split of premiums and losses - are mainly used to provide
protection against the biggest and accumulated losses that can potentially
jeopardize insurer’s solvency. Non-proportional reinsurance requires that all
losses up to a certain amount are covered by the primary insurer, while claims
exceeding that amount are covered by the reinsurer up to a pre-agreed limit.

12



1.3.1 Proportional

The most frequently used proportional agreements are the quota share and the
surplus share agreement.

1.3.1.1 Quota-share reinsurance

Quota share contracts are a form of proportional reinsurance, in which a fixed
percentage of the primary insurer’s risk is transferred to one or more reinsurers.
This agreement typically applies to the entire portfolio under the treaty. The
reinsurer receives a premium rate proportional to the percentage of claims
covered, minus a ceding commission paid to the insurer as a way to cover the
acquisition and administrative costs resulting from the acquisition of the business
(Outreville 1998).

Assuming a payout function Y for a policy p, Y? = P — X', where P
represents the written premium, and XF is the random loss with a maximum
claim of z,,,,

xP_ 17 in the case of claim 0 <z <z,,,,
0 otherwise

the payout functions can be represented as:

Yi=(1—-A)P—(1—-A)X"+cAP (1.1)

for the primary insurer and
Y" = AP — AXF —cAP (1.2)

for the reinsurer, where A € (0,1) is the retention ratio and (1 — A) is the
ceded ratio by the primary insurer, while ¢ is the commission rate paid by the
reinsurer to the insurer as a percentage of the written premiums.

Quota-share smooths underwriting results and reduces volatility in the in-
surer’s retained loss distribution, making it well suited to high-volume, homo-
geneous lines such as property, liability, or business interruption insurance. Its
drawback is the loss of profitability from ceding a significant share of premiums.

1.3.1.2 Surplus-share reinsurance

Surplus share reinsurance is another form of proportional reinsurance but differs
in its conditional application. Instead of applying a fixed percentage to all
policies, the insurer retains a fixed monetary amount, known as the retention
limit. Any amount exceeding the retention limit is ceded to the reinsurer. The
proportion of intervention for each policy is determined by the ratio of the
surplus (the amount exceeding the retention), to the total amount written by
the policy. This implies that the ceded proportion varies by policy, depending
on the size of the exposure.

This type of agreement is advantageous for insurers that want to retain full
control over smaller risks while sharing larger exposures that could potentially
undermine their solvency or capital. Surplus-share, compared to quota-share
reinsurance, allows for more detailed control over which risks are transferred and
greater management of the loss distribution’s volatility.
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Figure 1.1 provides a graphical representation of the differences between
the two types of proportional agreement: figure a shows the scenario of the
quota-share, with A = 40%; figure b shows the amounts ceded and retained, for
the same policies, in the case of a surplus-share agreement. Only policies above
the retention line will see the intervention of the reinsurer.

a) Quota—-Share b) Surplus—Share

100
< Retention (SNl
S
o
S
< 50 I I

0

1 2 3 4 5 1 2 3 4 5
Policy

loss . ceded . retained

Figure 1.1: Comparison of the Quota-share and Surplus-share reinsurance con-
tracts.

1.3.2 Non-proportional

Non-proportional reinsurance agreements typically take one of these three forms:
o Excess-of-loss
o Catastrophe

e Stop-Loss

1.3.2.1 Excess-of-loss

Excess-of-loss (XoL) reinsurance is a type of non-proportional reinsurance, in
which the reinsurer provides coverage only for losses that exceed a pre-specified
threshold, known as the priority or retention, up to an agreed limit. This
arrangement is typically used to mitigate the financial impact of large infrequent
losses.

The reinsurer bears the portion of claims z that lies between the priority d
and the limit M, resulting in the following payout structure:

Reinsurer Payout = min(M, max(z — d,0)) (1.3)
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For instance, in a “€10M XS €5M” contract, the primary insurer retains
losses up to €5M, while the reinsurer covers the following €10M in losses. Losses
greater than €15M are uncovered by the reinsurer, and will be borne by the
primary insurer.

Excess—of-Loss Reinsurance Contract

Reinsurer Claim Size

d d+M Xinax
Total Claim Size

Figure 1.2: Function of the losses faced by the reinsurer when the total loss
crosses the priority level. Reinsurer is obliged to repay up to the limit amount
agreed with the insurer.

XoL contracts diverge into two different categories, to serve two separate
types of needs: excess of loss per-risk, and excess of loss per-event. The former is
the traditional reinsurance product in which the reinsurer indemnifies the primary
insurer for the loss amount of all the individual policies affected defined in the
treaty agreement who exceed the priority amount. The reinsurer’s contribution
is limited by its cover obligations, and typically an annual limit of the total
amount refundable is established. The per risk agreement is effective to mitigate
risks against large single losses, but is inadequate for protection against high
frequency or cumulative losses. To address this lack of capability, excess of loss
per-event contracts are more suitable, as the unit of loss is not the individual loss
per policy, but rather the aggregate loss caused by an event within the insurance
portfolio covered by the treaty. This arrangement represents an effective risk
reduction against large losses made up of the sum of potentially hundreds of
small losses (SwissRe 2015).

Excess-of-loss contracts are preferred for their efficiency in capital manage-
ment, especially in portfolios with high exposure volatility (Boyer and Dupont-
Courtade 2015), and are used especially to provide coverage against events or
risks of an unusual nature, which involve potential losses that can undermine
the solvency of the primary insurer.
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1.3.2.2 Catastrophe Reinsurance

Catastrophe reinsurance (Cat-XL), is another type of non-proportional reinsur-
ance arrangement that aims at covering the portfolio of insurers against claims
arising from a single accident, such as natural disasters (earthquakes, hurricanes,
floods) or other large-scale man-made accidents. Catastrophe reinsurance ad-
dresses the correlation of risks where a single event triggers the simultaneous
claims across multiple policies, potentially threatening the insurer’s solvency. A
catastrophe is usually defined in terms of a given number of claims within a time
interval of a given duration, or based on the amount of total claims caused by
the single event.

Transfer of risk arising from catastrophic event among market participants is
essential if we look at the total economic losses caused in 2024: according to the
Banerjee et al. (2025) report, the amount was $328 billion, for a total insured
losses of $146 billion. Around 43% of the total losses, and insured losses arising
from natural catastrophes totaled $137 billion, with a year-on-year increase from
2023 of $22 billion, in line with the 5-7% annual growth rate (in real terms)
of the recent years. Major causes of insurance loss are still the “major perils”
events, such as earthquakes and hurricanes, that typically mark the “peak loss”
years, like in 2011 due to the Japan earthquake ($169 B insured losses) or in
2005 for the Katrina hurricane ($166 B insured losses). However, recent years
have seen an increase in the impact of “secondary perils” events, such as severe
convective storms (SCS), floodings, or wildfires, due to the increase in severity
and frequency of such events, with studies providing clear evidence for the role
of man-made climate change in this transition (Munich Re 2025).

1.3.2.3 Stop-loss

Stop-loss reinsurance is another form of non-proportional reinsurance, in which
the reinsurer covers the excess of the aggregate losses of a portfolio over a
pre-agreed threshold. Stop-loss reinsurance provides protection against the
accumulation of numerous small or medium-sized losses that could undermine
the financial capability of the insurer.

In a stop-loss agreement, the retention level is defined as a fixed monetary
amount or as a loss ratio, that is, a percentage of the earned premiums from
the covered business. The reinsurer only becomes liable if the total incurred
losses exceed the defined retention level over the contract period. Typically, the
contract also identifies a limit over which payments are no longer provided. This
type of protection is suitable especially for lines of business with high frequency
but typically low losses (like motor insurance), new or volatile lines of business,
or for insurers seeking to stabilize underwriting results in adverse years.

Mathematically, the repayment function of the insurer X* and of the reinsurer
X" can be expressed as follows:

XP, if X7 < A
Xi={A, ifA<XP<A+L (1.4)
XP—L, if XP>A+L
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0 if XP <A
X'=<XP—-A ifA<XP<A+L (1.5)
L if XP>A+L

where XP? denotes the total aggregate losses of the primary insurer’s portfolio
under the contract, A is the retention level (defined here as a fixed monetary
amount) of the primary insurer, and L is the maximum coverage limit provided
by the reinsurer. Note that here A denotes a monetary retention level, distinct
from the dimensionless retention ratio A € (0,1) used in equations 1.1 and 1.2.
The same symbol is retained following actuarial convention.

Stop-loss is among the most complex arrangements to negotiate: the covered
business must be precisely defined to monitor the retention level, and losses must
be aggregated across multiple policies and lines. Reinsurers therefore require
detailed actuarial projections, robust reserving, and frequent audit monitoring
(SwissRe 2015).

1.4 Co-reinsurance and Layering

Reinsurance contracts involve high capital commitments, uncertainty regarding
potential losses, and complex negotiations due to information asymmetries,
agency problems, and moral hazard concerns. To mitigate concentration risk
and improve capital efficiency, insurers typically adopt strategies to spread risks
among multiple reinsurers. That is why most reinsurance agreements involve
the use of co-reinsurance and layering.

1.4.0.1 Co-reinsurance

Co-reinsurance refers to the practice in which multiple reinsurers underwrite
the same layer of a given risk, each assuming a specified percentage share of
the liability. The reinsurers involved in the agreement participate collectively
in both claim settlement and premium sharing, based on the proportion of the
contract.

This approach allows the primary insurer to reduce its counterparty risk, by
not relying on a single reinsurer for a specific layer, and is particularly used in the
coverage for high-severity portfolios with large aggregate exposures. For example,
consider an insurer ceding any losses exceeding €100,000 to a co-reinsurance
agreement involving three reinsurers. If the loss incurred by the insurer is
€280,000, the €180,000 in excess will be split equally between reinsurers, with
a €60,000 claim each. However, co-reinsurance can also be structured with
asymmetric participation, in which the share of the excess loss underwritten
by each reinsurer varies. Figure 1.3 provides a graphical representation of the
different contributions of reinsurers in the symmetric and asymmetric agreements
for the same claim size.

1.4.0.2 Multi-layering

In contrast to co-reinsurance, multi-layering involves structuring the reinsurance
program in distinct tranches to multiple reinsurers, who cover different layers of
loss. These contracts are typically of non-proportional form, such as excess of
loss or stop-loss reinsurance.
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Figure 1.3: Representation of the division of claims between the reinsurers in
the case of symmetric and asymmetric co-reinsurance.

Under a layering strategy, the primary insurer retains losses up to a predefined
retention level. Losses that exceed this level are passed sequentially to reinsurers
responsible for specific ranges or layers. Thus, each reinsurer faces different risk
exposures, with different severity and probability, depending on the covered
layer. This setup is ideal to construct a tailored risk-transfer structure, with
low-severity claims being managed internally or through lower layers, while
high-severity, but with low-frequency losses are transferred to reinsurers willing
to assume tail risks, as represented in Figure 1.4. Separating total liability into
distinct layers increases the attractiveness of the entire contract, since it allows
each reinsurer to choose the degree of volatility and exposure it seeks, and also
reduces each reinsurer’s risk, since they are only responsible for the part of the
loss included in the layer (Boyer and Dupont-Courtade 2015).

1.5 The Reinsurance Market

The previous sections have outlined the functional mechanics of reinsurance,
from facultative placement to complex treaty layers. However, to fully grasp the
role of reinsurance in the global economy, one must view it not as a collection of
isolated bilateral agreements, but as a dense, interconnected market structure,
absorbing volatility for primary insurers and redistributing it across a global
network of capital.

1.5.1 Market Volume and Capitalization

As of 2025, the global reinsurance market has continued its trajectory of robust
growth. The total dedicated reinsurance capital has reached approximately $766
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Figure 1.4: Probability density of the random claim payment of a policy with
multiple layers covered by different reinsurers. Higher layers correspond to higher
claim size and higher risk taken.

billion, driven by both traditional equity capital and a surging alternative capital
structure (Gallagher Re 2024). The market has seen a particular expansion
in third-party capital, which is estimated to exceed $144 billion, largely fueled
by record issuance of Catastrophe Bonds (Cat Bonds) and other Insurance-
Linked Securities (ILS) (Banerjee et al. 2025). This influx of capital has led
to a “softening” of pricing in certain retrocession markets during the mid-2025
renewals, creating a favorable environment for buyers despite the increase in
frequency of loss events.

With the rise of ILS, the distinction between traditional reinsurance and
capital market has blurred. By securitizing insurance risks into tradeable assets
like Cat Bonds, the industry has tapped into a deeper pool of institutional
capital. While this collateralized retrocession mitigates some counterparty risk,
it also links the insurance market more directly to broader financial market
trends, potentially correlating insurance losses with financial market liquidity
shocks.

Also the “retrocession spiral” phenomenon, in which reinsurers retroceed the
risk to multiple reinsurers, can obscure the true accumulation of risk. Although
retrocession is vital for capital efficiency, it introduces significant counterparty
risk and opacity. As noted by SwissRe (2015) and expanded in recent network
literature (Battiston et al. 2012), the failure of major retrocessionaires could
trigger a cascade of defaults, transmitting financial distress across the entire
network, as happened in the London Market Spiral in the late 1980s. This
interconnectedness makes the reinsurance market a complex financial network,
where the stability of the whole depends also on the resilience of its most
connected and exposed nodes.

It is worth noting, despite the new business model and financial products
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that insurance and reinsurance companies have begun to offer, their core model
remains substantially different from that of the typical banking sector. The
consequences for the regulatory regimes, the supervisory authorities, and the
systemic risk that characterize the industry therefore differ significantly. As
banks take in short-term callable deposits and convert them into long-term,
illiquid loans, borrowing short and lending long, insurance and reinsurance
companies do the reverse. They collect premiums up front and pay claims later,
which makes these institutions pre-funded by construction. Moreover, their
liabilities are not callable on demand, as banks’ deposits are, but are paid only
in the event of a claim. Substitutability is also higher than in the banking sector:
if an underwriter fails, its capacity can usually be replaced by competitors.

These differences between the banking and (re)insurance business models
imply that the two sectors are governed by different regulatory regimes, with
different systemic measures and supervisory activities. The next section briefly
introduces the regulatory architecture of the (re)insurance sector.

1.5.2 Regulatory Framework

Reinsurance is not governed by a dedicated “reinsurance regulator”; reinsurers
are instead supervised as insurance undertakings under the same prudential
regimes that apply to primary insurers, with an additional systemic risk overlay
imposed when a firm is large and internationally active. Four overlapping layers
can be distinguished:

o The Financial Stability Board (FSB) determines whether and how
the insurance sector is treated as a source of global systemic risk, and it
owns the cross-sector resolution standard embodied in the Key Attributes
of Effective Resolution Regimes;

o The International Association of Insurance Supervisors (IAIS)
builds the technical framework to assess the systemic importance and draft
the Insurance Core Principles;

e Regional and jurisdictional prudential regimes, such as Solvency II in the
European Union and the UK, or the NAIC! in the US, set the binding
capital and supervisory requirements that apply to firms;

e Finally, a layer of group-wide supervision for internationally active
insurance groups (IAIG), which sits above solo-entities and is the
specific target of the Insurance Capital Standards.

The regulatory assessment of the insurance sector and its systemic risk has
evolved over the years. Initial investigations of key systemic institution in the
reinsurance sector were performed using an entity-based approach. The FSB,
applying the IAIS methodology, designated nine Global Systemically Important
Insurers (G-SIIs), keeping this list updated from 2013 to 2016. However, no
reinsurer was ever identified as G-SII. Systemic importance was scored against
five categories under a weighting scheme that assigned 45% of the weight to

IThe transposition was necessary to comply with the usage of the R package igraph, used
to perform the presented analysis.

20



Non-Traditional Non-Insurance activities (NTNI) and a further 40% to intercon-
nectedness, with size accounting only for 5% of the weight, inverting the G-SIB
methodology used to identify systemically important banks.

As the entity-based approach received numerous criticisms, since 2019 the
TAIS adopted an activity-based approach, recognizing that systemic risk can
arise from the collective exposures of many insurers rather than only from
the disorderly failure of one. It rests on an enhanced set of macroprudential
supervisory measures embedded in the Insurance Core Principles; on an annual,
data-driven Global Monitoring Exercise that scans the sector for build-ups of
risk; and an assessment of whether supervisors can apply the measures.

Running alongside the systemic-risk overlay, the European Union and the
UK adopted the Solvency II to constrain firms. It is based on three pillars -
quantitative requirements calibrated to a 99.5% one-year Value-at-Risk, internal
control and Own Risk and Solvency Assessment, and mandatory disclosure - and
subjects reinsurers to the same requirements of primary insurers. Reinsurance
serves as a risk mitigation tool, allowing a cedant to reduce its capital require-
ments, while simultaneously creating a new counterparty risk, captured in the
counterparty-default-risk module. The system becomes safer as the risk is not
eliminated, but spread into the system.

However, these regulatory frameworks focus on the ability of reinsurers to
sustain an extremely rare loss, calibrating their measures to solvency rather than
to contagion. The work that follows tries to measure the contagion effects.

1.5.3 Future Challenges

Before proceeding further, it is notable to identify the challenges that the
reinsurance sector faces in 2026 and in the coming years, as the multi-crisis
environment with traditional natural catastrophe risks are compounded by
emerging and evolving threats:

e Climate Change and Secondary Perils: The industry is witnessing
a structural shift where secondary perils are becoming primary drivers
of loss. Global insured losses from natural catastrophes are projected to
reach $145 billion in 2025, with climate change acting as a “permanent
stress test” on portfolio resilience (Banerjee et al. 2025).

e Cyber Risk: Cyber coverage represents a unique systemic threat due to
its lack of geographical boundaries and rapidly evolving technologies. The
cyber insurance market is expanding rapidly, with global written premiums
amounting to $15 billion for the year 2024, an increase of 7% from the
previous year (National Association of Insurance Commissioners 2025).
Between 50 to 65% of the premiums coming from cyber security policies are
ceded to reinsurers, highlighting the crucial role of the reinsurers’ sector in
sustaining market capacity, but increasing the potential for accumulation
risk — where a single event (e.g., a cloud service outage) triggers simultane-
ous claims globally — and creating difficulties in monitoring the portfolios
of primary insurers, posing concrete challenges to control aggregation and
capacity risks.

o Artificial Intelligence (AI): Al presents a dual-edged challenge. While it
enhances underwriting efficiency, it also introduces new liability landscapes
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(e.g., algorithmic bias, deepfakes) and empowers more sophisticated cyber-
attacks, creating volatile risk profiles that lack historical data for accurate
pricing.

The complexity described above challenges traditional “siloed” analysis meth-
ods. The debate regarding the systemic nature of reinsurance is ongoing. Tra-
ditional views, grounded in the pre-funded, loss-indemnity nature of insurance
liabilities, argue that core insurance liabilities pose limited systemic risk (Cum-
mins and Weiss 2014; The Geneva Association 2010). However, as Cummins and
Weiss (2014) demonstrate, this assessment breaks down when insurers engage in
non-traditional activities and, critically, when interconnectedness of reinsurance
and retrocession networks creates channels through which localized distress can
propagate.

The reinsurance structures described in the previous sections translate di-
rectly into such contagion channels. When a primary insurer cedes risk via a
proportional treaty, its solvency becomes partially contingent on the reinsurer’s
ability to honor claims. In layered excess-of-loss programs, the failure of a
reinsurer covering a layer of the agreement exposes the cedant to unhedged
tail risk. The retrocession spiral compounds this: risk is not eliminated but
redistributed through bilateral obligations, where the ultimate bearer of risk is
often unidentifiable from publicly available data (Battiston et al. 2012; Park
and Xie 2014). As Chen, Iyengar, and Moallemi (2013) show, this network
opacity means that the failure of a node can trigger cascading reassessment
of counterparty exposure, amplifying an initial shock beyond what aggregate
statistics would predict.

The lack of transparency of retrocession networks poses a fundamental empir-
ical challenge: bilateral reinsurance exposures are proprietary and unavailable by
researchers. This motivates the use of market-based data to infer connectedness.
Following Billio et al. (2012), who demonstrate that statistical associations in
stock returns capture meaningful linkages between financial institutions, this
thesis employs equity return volatility as a proxy for the latent risk transfer
relationships described above. It must be acknowledged, however, that Billio et
al. (2012) study banks and hedge funds: in that context, equity co-movement
plausibly reflects interbank lending and derivative exposure. For reinsurers,
co-movement may instead reflect shared catastrophe-event exposure, common
investment portfolio marks, or index membership. V. V. Acharya et al. (2016)
further validate market-based systemic risk measures for the banking sector;
their applicability to reinsurers rests on the non-traditional activity channels
documented by Cummins and Weiss (2014), which create bank-like contagion
pathways. While equity volatility remains an imperfect proxy, it constitutes
the best available market-observable signal given the proprietary nature of
reinsurance treaty data.

Therefore, the following chapters adopt the Generalized Forecast Error Vari-
ance Decomposition (GFEVD) framework of Diebold and Yilmaz (2014), em-
bedded within a Bayesian Vector Autoregression (BVAR) model. The GFEVD
decomposes the forecast error variance of each reinsurer’s volatility into con-
tributors from all others, yielding a directed, weighted adjacency matrix that
approximates the network of volatility spillovers. The resulting network is then
analyzed using graph-theoretic methods to identify which reinsurers occupy
structurally critical positions, and whether the global reinsurance market ex-

22



hibits the hub-dominated, disassortative topology that would make it vulnerable
to targeted shocks (Battiston et al. 2016).
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Chapter 2

Methodology and Data

2.1 Methodology

As discussed before, the reinsurance industry is founded on the principle of risk
sharing among market participants. While this mechanism provides various
benefits, as stated in Chapter 1, it also introduces interdependencies among
participants that could spread financial distress, creating substantial systemic
risk. Although financial networks are frequently analyzed and subject to research,
the existence of systemic risk arising from interconnection and interdependence is
still debated, especially for insurance and the reinsurance sector. The goal of this
research is to construct a network based on forecast error variance decomposition
in order to quantify risk spillovers, assess the stability of the system, and identify
systemic risk in the industry.

The research proceeded by first selecting possible internationally influential
reinsurance companies and collecting market price data during the analysis
period. Yang-Zhang volatility was then calculated on the retrieved data. A
statistical BVAR model was chosen, after comparing it with frequentist analogous
VAR models. The connectivity measure deriving from the generalized forecast
error variance decomposition is calculated, to later construct and analyze the
network. The methodology used and the empirical results are reported in this
chapter.

2.2 Data Selection

The original dataset of reinsurance companies considered consists of the top
50 global reinsurance groups for the year 2024 according to the rating agency
A.M. Best'. The retained dataset was obtained considering only companies that
satisfied two criteria:

« are publicly listed on a stock exchange

e their continuous daily trading data are available on Yahoo Finance for the
period October 2015 to March 2025.

IThe transposition was necessary to comply with the usage of the R package igraph, used
to perform the presented analysis.
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Of the original 50 groups, 27 companies were retained, while 23 were excluded.
Table 2.1 shows the reinsurers that were considered for the network construction,
the Country in which they are established, the gross written premiums (GWP),
and the market capitalization (Mkt Cap) expressed in billion USD. Of the 27
companies composing our dataset, 5 are set in the American continent (4 in
the US, 1 in Canada), 6 are set in Bermuda, 8 in Europe, 7 in Asia, and 1 in
Australia, ensuring to capture various markets’ dynamics.

For the other 23 companies excluded, 15 are not listed or private companies,
5 are listed companies but their trading data are available for a period shorter
than the required one, one was delisted as it was acquired by another financial
company, and two were removed as their ticker did not purely represent the
reinsurance sector. Detailed information of the excluded companies is reported
in Table A.2 in Section A.1.

2.2.1 Market Coverage

The 27 retained companies account for an aggregate gross written premium
(GWP) of $573.32 billion. According to the International Association of Insur-
ance Supervisors (2025), written global life and non-life reinsurance premiums
amounted to approximately $1.75 trillion for the year 2024, making the sample
representative for roughly one third of the whole market volume. In addition,
A .M. Best estimated GWP was $265 billion. The difference with the values
reported in Table 2.1 mainly comes from the fact that these data represent
group-level gross written premiums, which include substantial primary insurance
operations for several conglomerates. Their inclusion is justified as their reinsur-
ance divisions are ranked within the A.M. Best top 50, and that group-level stock
prices - which are the input to our volatility estimation - reflect the market’s
assessment of the entire group, including its reinsurance exposure. This is con-
sistent with the approach of Billio et al. (2012), who use publicly traded equity
prices to measure systemic interconnectedness, and with the Diebold-Yilmaz
framework (Diebold and Yilmaz 2014), which relies on market-observable proxies
rather than balance-sheet data.

2.2.2 Limitations

Before proceeding further, the data selection poses some limitations that are
worth emphasizing.

2.2.2.1 Survivorship bias

A limitation of this sample construction is survivorship bias. The dataset in-
herently excludes firms that were active during the sample period considered
but subsequently exited the market, either through insolvency, merger, or delist-
ing. Such firms may also constitute the most relevant cases for the study of
systemic risk, as financial distress and corporate failure are manifestations of
the intrinsic systemic risk of the industry. Notable exclusions include XL Group
(acquired by AXA in 2018, partially captured through CS.PA post-acquisition)
and PartnerRe (delisted in 2015 following acquisition by EXOR). The use of a
survivor-conditioned sample may therefore lead to an underestimation of tail-risk
spillovers and an overly benign view of network stability during crisis periods.
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Table 2.1: Reinsurers considered for the network construction.

Ticker Name Country Mkt Cap GWP
003690.KS  Korean Reinsurance Co South Korea 1.34 5.39
0966.HK Taiping Reinsurance Co. Ltd. Hong Kong 6.92 1.11
1508. HK China Reinsurance (Group) Corp China 8.53 7.85
6809.T The Toa Reinsurance Co, Limited Japan 0.25 2.30
8630.T Sompo International Holdings, Ltd. Japan 26.68  26.83
8725.T MS&AD Insurance Group Holdings, Inc. Japan 32.04 35.34
8766.T Tokio Marine & Nichido Fire Insurance Co., Ltd. Japan 76.77  36.30
ACGL Arch Capital Group Ltd. Bermuda 33.25 11.11
AXS AXIS Capital Holdings Limited Bermuda 7.34 2.39
BRK-A Berkshire Hathaway Inc. us 1070.25  88.69
CB Chubb Limited Switzerland 112.18  62.00
CS.PA AXA XL France 74.46 8.41
EG Everest Group, Ltd. Bermuda 14.72 1294
FFH.TO Allied World Assurance Co Holdings, Ltd. Canada 38.91 7.20
G.MI Assicurazioni Generali SpA Italy 43.37  81.84
HNR1.DE Hannover Riick SE Germany 26.60 22.68
HSX.L Hiscox Ltd Bermuda 3.43 1.03
MAP.MC MAPFRE RE, Compaiiia de Reaseguros S.A. Spain 10.77 6.72
MKL Markel Corp Us 24.30 1.15
MUV2.DE  Munich Reinsurance Company Germany 62.00 34.42
QBE.AX QBE Insurance Group Limited Australia 47.59  22.40
RGA Reinsurance Group of America Inc. UsS 12.81 18.49
RNR RenaissanceRe Holdings Ltd. Bermuda 12.04 11.73
SCR.PA SCOR S.E. France 4.63 17.25
SPNT SiriusPoint Ltd. Bermuda 2.09 1.34
SREN.SW  Swiss Re Ltd. Switzerland 54.45  44.86
WRB W.R. Berkley Corp usS 28.89 1.55
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2.2.2.2 Data quality consideration

The use of Yahoo Finance as the data source introduces additional considerations.
Stock prices across the 27 companies are quoted on 8 different exchanges and
spanning multiple time zones. To address non-synchronous trading, only trading
days on which all exchanges were open simultaneously are retained, reducing the
sample from approximately 2,500 potential trading days to 1,989 common trading
days. While this approach eliminates stale-price contamination, it discards
information from days when only specific markets experience significant price
movements. Furthermore, Yahoo Finance data may not consistently account for
corporate actions (stock splits, special dividends) across all exchanges, although
the use of adjusted closing prices and log-transformation applied during volatility
estimation mitigate the impact of level shifts.

2.2.3 Volatility estimation

Volatility is a crucial element for the estimation of the network and the subsequent
findings about spillovers effects in the system. The volatility estimator used
in this framework is the one developed by Yang and Zhang (Yang and Zhang
2000), in which an unbiased estimator based on multiple periods of open, close,
high and low prices is used. It is assumed that price movements can be modeled
as a geometric Brownian motion with undetermined parameters, volatility o
and drift p. The estimator is shown to be the minimum-variance unbiased
variance estimator, also being independent of the drift motion u, and from the
opening price jumps, due to the multi-period consideration. The formula for the
Yang-Zhang variance is defined as:

where k is a parameter defined as k = %. Letting O,, C;, H;,L, be the
opening, closing, high, and low of the period considered, the formula can be
further decomposed to its core components: the term V, is the overnight variance,

defined as:
1 & .
Vo - n—1 Z(Oi_o)

i=1

in which 6 = =" 0, and o; = In(O;) — In(C;_,) is the normalized open
1=1

price, to account for jumps in the stock quotations, otherwise not considered.

The second term of the Yang-Zhang variance is the open-to-close volatility, V.,

used to account for intra-day price variations:

_ ¥ =2
Vc*n_lz@i*@

i=1

where ¢ = L= > ¢ and ¢; = In(C;) — In(O;) is the normalized closing price.
The latter element to calculate the variance estimator is the Rogers-Satchell
variance Vg that gives independence of the estimator from the drift component.

It is computed as:
1 n
Vrs = o Z[uz(uz —¢;) +d;(d; — ¢;)]

i=1
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where u;, = In(H;) — In(0;) and d; = In(L;) — In(O;) are respectively the
normalized high and the normalized low of the trading day. The period used
to calculate the estimator was 21 days (approximately one month of data). To
normalize the results, the log transformation was applied to the resulting variance
(Vy-) to ensure the absence of unit-roots.

The use of this estimator, instead of the more common close-to-close volatility
measure, is mainly driven by the fact that the Yang-Zhang estimator preserves
the beneficial properties of the original estimator, but at the same time it
increases efficiency, allowing for more accurate estimation with less data, and
reduces dependence on the drift component which could significantly impact
volatility estimations. In addition, Vi, reflects volatility drops that occur
when a stock undergoes a steady one direction movement, known as trendy
phase. The volatility dataset was then used to estimate a Bayesian Vector
autoregressive model, as discussed in the following section. However, while the
Yang-Zhang estimator achieves minimum variance under geometric Brownian
motion, reinsurance equities frequently exhibit jump-diffusion behavior due
to sudden catastrophe loss announcements. Consequently, the Yang-Zhang
estimator serves here as a robust, drift-independent baseline proxy for underlying
variance, rather than a perfect measure of continuous-path volatility.

2.2.3.1 Stationarity test

Before proceeding with the BVAR estimation, the stationarity of the log-volatility
series was assessed using the Augmented Dickey-Fuller (ADF) test (Dickey and
Fuller 1979), in which the null hypothesis is the presence of a unit-root, and
the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test (Kwiatkowski et al. 1992),
where the null hypothesis is level-stationarity.

Table A.3 in the Section A.2 reports the results for all the 27 log-volatility
series. The ADF test rejects the unit-root null hypothesis at the 5% significance
level for all the series, confirming the absence of I(1) behavior, while the KPSS
test fails to reject level-stationarity at 5% significance level for only one of the 27
series. This implies that the stationarity of the series is ambiguous, due to the
failed level-stationarity test. This pattern is consistent with the long-memory
properties of financial volatility (Andersen et al. 2003), where slowly decaying
auto correlations cause the KPSS test to over-reject even in absence of unit roots.
We point out that strict level-stationarity is not a necessary condition for VAR,
estimation, as the critical requirement is the absence of unit roots. Furthermore,
the BVAR specification already accommodates near-unit-root behavior through
the Sum-of-Coefficients (SOC) and Single-unit-root (SUR) dummy priors, which
shrink the model towards unit-root compatible dynamics without requiring strict
stationarity of the input series (Sims 1993; Giannone, Lenza, and Primiceri
2015).

2.3 BVAR

Vector autoregressive (VAR) models are flexible time series models widely used
in macroeconomics and finance to analyze the interrelationships among multiple
variables. However, as the number of endogenous variables increases, the number
of parameters in an unrestricted VAR increases quadratically, often leading to
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overfitting, unstable inference, and faulty out-of-sample forecasts. Bayesian
VAR (BVAR) models address this issue by introducing a prior distribution
that shrinks the unrestricted model toward a more parsimonious specification,
improving estimation stability and predictive accuracy (Litterman 1986; Baiibura,
Giannone, and Reichlin 2010; Giannone, Lenza, and Primiceri 2015).

A VAR model of finite order p, in its standard form, can be expressed as:

Yp=ag+ A1y g+t Ay, Ty, g ~N(0,%) (2.2)

where y, is an M x 1 vector of endogenous variables, a is a M x 1 vector of the
intercept, A, (j = 1,...,p) are M x M coefficient matrices, ¢, is a M x 1 vector of
exogenous normally distributed shocks with zero mean and variance-covariance
matrix X.

Under flat (noninformative) priors, the posterior distribution of the VAR
coefficients is centered at the ordinary least squares (OLS) estimator. Never-
theless, since the number of coefficients increases rapidly with M and p, OLS
becomes unreliable in high dimensions. Bayesian inference treats the unknown
parameters as random variables, and updates beliefs using the observed data.
Let 0 = (A;,...,4,,a0,X) denote the VAR parameters, and let v denote the
hyperparameters determining the prior distribution. Bayes’ rule yields:

p(0,7ly) o< p(yl0,7) p(Oy)p(7) (2.3)

p(yly) = / p(y16)p(6]7)d6 (2.4)

where p(y|f,~) is the likelihood, used to explore the full posterior hyperpa-
rameter space. The introduction of a prior structure allows the BVAR to shrink
toward economically plausible values, such as persistence close to a random
walk, thus mitigating the overfitting while maintaining flexibility for forecasting
(Miranda-Agrippino and Ricco 2018).

2.3.1 Priors Implementation

BVAR models require specifying prior distributions for the VAR coefficients.
Priors may incorporate information from economic theory, historical data, or
empirical regularities. A widely adopted prior is the Minnesota prior, often
supplemented with additional dummy-observation priors to regularize the deter-
ministic components of the VAR.

2.3.1.1 Minnesota Prior

The Minnesota prior is built on the empirical observation that many macro-
financial variables are persistent and often well approximated by a univariate
random walk. It embodies the economic beliefs that recent observations are more
informative than distant ones, own lags are more relevant than lags of other
variables, and that many financial time series show near unit-root behavior.
Let 3 denote the vectorized VAR coefficients, = vec(4y, ..., A, ay), with

dimension K = M?p 4+ M. The Minnesota prior specifies

B~N(B,Q)
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where [ is the prior mean and € is the covariance matrix, and are structured as
follows.

¢ Mean structure: for the coefficient on the k-th lag of variable j in the

equation of variable i, denoted as agf), the prior mean is:

0. ifi=jand k=1
Elalf)]= 4% "1 =)™ (2.5)
J 0 otherwise

where §, = 1 corresponds to a random walk prior and J§; = 0 to a white
noise prior.

e Variance structure: the prior variance for the coefficient agf)
)\2 . . .
A ifi=j
Var(ag)) =K " (2.6)
T ifi#j

where:

— A > 0 controls the overall tightness of the prior, so smaller values
impose a stronger shrinkage toward the prior mean

— a > 0 controls the rate of variance decay across lags, setting how
quickly the prior tightens for more distant observation

— 1; controls the prior standard deviation, over lags of variable j

— o2 represents the error variance of the variable i

The values for the hyperparameters of Minnesota prior are selected according
to the methodology described in Section 2.3.2, and the values used for the final
model are reported in Section A.6.

2.3.1.2 Dummy Observation

In addition to the Minnesota prior, to further regularize the BVAR model,
dummy observations are added, imposing additional structure on the long-run
properties of the VAR, reducing the importance of deterministic components
estimated using the initial observations (Giannone, Lenza, and Primiceri 2015).
These priors operate by appending artificial dummy observations to the data,
effectively modifying the likelihood in a principled manner, as found in Sims
(1993).

SOC The Sum-of-coefficients prior addresses the concern that, without
additional regularization, traditional VAR models may produce implausible
long-run forecasts. This prior imposes the notion that a no-change forecast is
optimal at the beginning of a time series, so it shrinks the sum-of-coefficients
towards unity, reinforcing persistence while avoiding explosive behavior. The
SOC dummy observation is constructed as follows:



where y represents an M x 1 vector of means over the first p observations of
each variable, and p > 0 controls the tightness of this prior. As u — oo, the
prior becomes uninformative, while as u — 0, the model is pulled toward a
specification with as many unit roots as variables and no cointegration.

The intuition is that if all lags of variable j sums to 1, then a permanent unit
shock to variable j will have a permanent unit effect on itself. The hyperparameter
1 determines how strongly this property is applied.

SUR The single-unit-root prior complements the function of the SOC prior,
imposing that the VAR system admits at least one unit root. The SUR prior
takes the form of:

1 _
YSURzg,yT
11 1
XSUR _ (= —gT 4T
[5,5y, ,5y}

where 77 is the row vector of y introduced before, and § > 0 controls the
tightness.

This prior shrinks the model towards a specification where the sum of
all coefficients across all variables and lags equals the identity matrix plus a
constant, preserving long-run co-movement. This is economically motivated in
environments where variables are believed to share common stochastic trends.

2.3.1.3 Metropolis-Hastings Algorithm

Given the structure of our priors specification, with hyperparameters v =
(A, a, i, 0) treated as random, posterior inference, as in Equation 2.3, requires
sampling from the joint posterior distribution p(6,~|y). However, the marginal
posterior of the hyperparameters p(7y|y) generally lacks a closed form solution,
requiring the use of the Metropolis-Hastings (MH) algorithm to sample from the
marginal posterior (Chib and Greenberg 1995). A deeper explanation about the
process used by this algorithm are shown in Section A.4.

Because the posterior distribution is not analytically tractable, the estimation
is carried out using a Markov Chain Monte Carlo (MCMC) algorithm, where the
combination of Metropolis-Hastings sampling for the hyperparameters and Gibbs
sampling for the VAR coefficients allows us to draw from the joint posterior
p(0,7|y), properly accounting for uncertainty not only in the VAR, parameters,
but also in the hyperparameters controlling shrinkage intensity, which is crucial
for hierarchical BVAR estimation.

2.3.2 Model Selection and Hyperparameter Optimization

Given the reliance of BVAR models on the specifications of prior beliefs, selecting
appropriate hyperparameters accurately is a crucial step to avoid overfitting
and over-shrinkage of the model. To determine the optimal model specification,
a systematic grid search procedure was performed, comparing the predictive
performance of various BVAR models, against frequentist VAR models that
served as benchmark. The model selection process involved estimating BVAR
models across a range of values for the hyperparameters described in the previous
section. The grid search focused primarily on the:
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o Lag length (p): models were estimated using lags ranging from 1 to
6, in order to obtain an ideal trade-off between model-complexity and
information capture.

o Overall tightness (A): the starting value of the hyperparameter A\ were
tested at [0.05,0.1,0.2,0.50], to assess various level of informative behavior.

o Variance decay (a): the rate at which distant lags are discounted was
tested with « € [1, 2], representing linear and harmonic decay.

Other settings of the hyperpriors for the Minnesota and dummy priors were
left unchanged, as well as the behavior of the Metropolis-Hastings algorithm.

In total, 48 models were estimated, with 15,000 total draws for each model,
of which 5,000 were used for the burn-in phase, and the remaining 10,000 draws
were saved. Each model was assessed using an in-sample forecast of 10 days
horizon. The dataset was therefore split into a training set, excluding the last
10 observations, that served as the test dataset. The same operation was carried
out for the VAR models, where the only variable changed was the lag order.

The primary performance metric used to assess model performance was the
Root Mean Squared Error (RMSE) of the forecast. For comparative analysis,
the difference in RMSE (ARMSE) was calculated as:

where a negative value of ARMSE indicates that the Bayesian model has
outperformed the frequentist VAR.

2.3.2.1 Model Diagnostics

Statistical diagnostics were evaluated to ensure the stability and reliability of the
posterior distribution, calculated using the MCMC method. For every estimated
model, the following diagnostics were analyzed:

o Acceptance rate: the proportion of proposed parameter draws accepted by
the sampler. The target acceptance range was set between 0.20 and 0.40.
Extremely low rates indicate a stuck chain, where no draws are accepted
in the posterior distribution, while extremely high rates suggest that the
sampler is not adequately exploring the parameter space.

e Geweke Convergence diagnostic: this test compares the mean of the first
10% of the chain against the last 50%. If the samples are drawn from the
stationary distribution of the chain, the two means are equal and Geweke’s
statistic has an asymptotically standard normal distribution

~ N(0,1) (2.7)

A value of | Z| < 1.96 indicates that the chain has converged to a stationary
distribution.

o Effective Sample Size (ESS): represents a measure of the number of indepen-
dent samples equivalent to the autocorrelated MCMC chain (Geweke 1992).
N

ESS=— 2
1 +22k:1 Pk

(2.8)
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where p,, is the lag-k autocorrelation of the chain. It is used to assess the
quality of the convergence of MCMC samples, with higher values indicating
better convergence.

2.3.2.2 Hyperparameter Selection

The comparative results revealed distinct patterns in predictive performance rela-
tive to lag length, where models with smaller lags (1 to 3) presented underfitting
behavior, with RMSE relatively high (> 0.59), although Bayesian models con-
sistently outperformed their frequentist counterpart (negative ARMSE). This
suggests that these models were too parsimonious to capture the full dynamic
relationships between the variables in the system.

The higher lags tested (from 5 to 6), instead, showed overfitting or over-
shrinkage behavior. Indeed, the BVAR models’ performance deteriorated relative
to the VAR models of equivalent lags, with a positive ARMSE. This is likely due
to the Bayesian priors imposing excessive shrinkage on distant lags. Figure 2.1
provides a graphical representation of the RMSFE's relative to the number of
lags used.

The analysis identified the model with 4 lags, prior belief A = 0.2 and linear
decay o = 1 as the optimal specification (model 28). This model achieved the
lowest predictive error (RMSFE gy 45 = 0.588) while maintaining a performance
advantage over the frequentist VAR model, with a negative ARMSE = —0.15.
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Figure 2.1: Comparison of the Root Mean Squared Error (RMSE) for both the
BVAR and VAR models, with different lag values: BVAR models perform better
(lower RM SFE) compared to frequentist VARSs, up to lag 4, where the difference
(ARMSE) is greater; for higher lags, VAR models have better predictive perfor-
mance.

The full prior and MCMC specifications for the final model used in the
remaining work are reported in Section A.6
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The MCMC process resulted in a posterior distribution with a value of
A = 0.191, with an acceptance rate of a,,;;; = 0.259, falling just inside the
acceptance region, indicating a proper exploration of the parameter space. The
posterior mode of A = 0.191 remains close to the prior mode (0.20). In a highly
over-parametrized 27-variable system, this indicates the prior is appropriately
regularizing the likelihood. Further diagnostic was performed and the results are
reported in Section A.6, along with the source code used to estimate the BVAR
model and all the specifications of the priors used.

Having found the model estimation satisfactory, the output was then processed
to estimate the forecast error variance decomposition, in order to construct the
network. The next section addresses the procedure adopted and the results
obtained.

24 GFEVD

The adjacency matrix later used to construct and analyze the network was
done applying the forecast-error variance decomposition (FEVD), developed
in a series of papers by Francis X. Diebold and Kamil Yilmaz. Following
Diebold and Yilmaz (2012) findings, the use of generalized forecast-error variance
decomposition (GFEVD) allows to generate a spillover measure that at first
is independent of variable ordering, and second is able to examine directional

spillovers.
Let us define own variance shares as the fractions of the H-step ahead error
variance in forecasting y, that are due to shocks to z;, for i = 1,2,..., N, and

spillovers (cross-variance shares) as the fractions of the H-step ahead error
variances in forecasting z; that are due to shocks to z;, for ¢,j = 1,2,..., N,
such that ¢ # j. Denoting with ij(H), for H = 1,2,..., the H-step ahead
forecast error variance decomposition entries, as developed in the generalized
VAR framework of Koop, Pesaran, and Potter (1996) and Pesaran and Shin
(1998), we have:
1 H-1, /4 2
dfj(H) _ UJ H_}i:() (ezehzej> (29)
Do (€10, X0e;)
where ¥ is the covariance matrix for the shock vector in the non-orthogonalized
BVAR model, 6,, is the coefficient matrix multiplying the h-lagged shock vector
in the infinite moving-average representation of non-orthogonalized shocks, o ;
is the j-th diagonal element of 3, and e, and e; are the selection vectors for the
i-th and j-th variables.
However, the sums of the row elements of the variance decomposition are
not necessarily equal to 1. In order to use the results in the calculation of the
spillover index, we normalize the sum of the elements of each row:

d'z(‘]j(H) = =N

By construction Zjvzl d;-gj(H) =1 and Z?szl d;gj(H) = N, therefore, after

normalization, the generalized variance decomposition matrix D9 is an N x N
. . . gH
matrix with entries [d;"].
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Table 2.2: Simplified representation of the connectedness table of the Diebold
and Yilmaz framework

xq TN From others
H H N gH .
) 49 diy ZFI d‘fj j#F1
: :H . H N . - )
[ 3\ dzg\n d?VN Zj:l d?Vj JFN
N gH N gH | 1 N H
To others  >>", i’ - >y diy | % Zi,j:l dg;
i#1 1# N 1]

The off-diagonal elements of D9 are the values of the N forecast error
variance decomposition that are relevant from a connectedness perspective, since
they represent the pairwise directional connectedness between the variables
considered in the system. The pairwise directional connectedness from j to i, is
therefore defined as:
cH =all

?

The sums of off-diagonal rows and columns give two other important measures.
The row sum of the off-diagonal elements gives the share of the H-step forecast
error variance of variable ¢ coming from shocks arising in other variables (“from
others to i”) , while the column sum of the off-diagonal elements produces the
forecast error variance that arises in variable j and is transmitted to the other
variables (“to others from j”). The two measures are defined as:

N

CH g=>"dii"  j+i
j=1
il H

C‘I<—j = Z dfj iF ]
=1

These additional measures, in extension to the already calculated GFEVD
matrix, compose the connectedness table, which is represented schematically in
Table 2.2. The sum of the column labeled “From others” represents the total
connectedness measure C:

1 N
o = N > agl, withj # i (2.10)
i,j=1

The total connectedness index effectively summarizes the degree of interde-
pendence within the system, providing a single measure of the contribution of
spillover effects to the total forecast error variance. This metric, combined with
the directional pairwise connectedness measures, constitutes the primary output
of the GFEVD framework used to assess systemic risk.

To address parameter uncertainty in the GFEVD estimates, the decomposi-
tion is computed not only at the posterior median but across all accepted MCMC
draws (after thinning by factor 10, yielding 1,000 posterior draws). This yields a
full posterior distribution for every element of the connectedness matrix and for
the Total Connectedness Index. The plug-in TCI estimate at the posterior mean
of the VAR coefficients is C* = 74.28, consistent with the Diebold and Yilmaz
(2014) convention. Propagating parameter uncertainty through the MCMC

35



posterior yields a median TCT of 77.09 with a 90% credible interval of [74.03,
80.61], confirming that the high level of interconnectedness is robust to BVAR
parameter uncertainty. The upward shift from plug-in estimate reflects Jensen’s
inequality applied to the nonlinear GFEVD transform. Posterior credible inter-
vals for individual node-level out-strength (risk-spillovers to others) are reported
in Table A.5 in Section A.5.

Before turning to the empirical reconstruction of the network, it is worth
making explicit what the GFEVD-based connectedness measures do, and do
not, represent economically. The pairwise entries of the connectedness matrix
quantify the share of the H-step-ahead forecast error variance of one firm’s
volatility that is statistically associated with shocks to another firm’s volatility.
By construction, they are a measure of statistical association in volatility inno-
vations within a reduced form VAR, and not a measure of causal or contractual
transmission between institutions. A high pairwise value indicates that the two
firms’ volatilities co-move in a way that is not accounted for by the rest of the
system; it does not, on its own, identify the mechanism through which that co-
movement arises. This distinction matters for interpretation, as the generalized
framework of Koop, Pesaran, and Potter (1996) and Pesaran and Shin (1998)
yields order-invariant, directional variance shares, but these directions reflect
predictive content in the reduced-form residuals rather than an economically
identified flow of risk from one firm to another.

Several economically distinct mechanisms can generate the same observed
spillover, and the connectedness matrix cannot, in isolation, extricate them. First,
the linkages may reflect common exposure to shared risk factors, such as catas-
trophe and natural-hazard events, interest-rate and term-structure movements,
and broad capital-market shocks, to which reinsurers are jointly exposed and
which induce contemporaneous co-movement in their equity volatility without
any direct link between the firms. Second, they may capture information trans-
mission and learning, whereby news about one firm’s loss experience, reserves, or
capital position is rationally extrapolated by investors to peers with comparable
business models. Third, they may embody correlated market reactions and
sentiment, where common shifts in risk appetite, index membership, or sector-
wide repricing move reinsurer valuations in tandem. Fourth, and only partly,
they may trace genuine underlying economic and contractual links (retrocession
and risk-transfer chains, shared cedents, and overlapping investment portfolios),
which are the relationship that this network aims to proxy. Because equity
volatility connectedness aggregates all four channels, the estimated network
should be read as an indirect, market-implied proxy of interdependence among
reinsurers rather than as a direct map of contractual exposure. In line with
Billio et al. (2012) and Diebold and Yilmaz (2014) framework, the analysis relies
on market-observable proxies precisely because the direct contractual data are
not available, a constraint discussed later in the Chapter 6.

Having presented the econometric and mathematical foundations - ranging
from the Yang-Zhang volatility estimation to the Bayesian VAR specification
and generalized variance decomposition the methodology allows for a robust
reconstruction of the reinsurance network. The empirical results derived from
this framework, including the estimated connectedness table and the topological
analysis of the network, are presented in the following chapter.
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Chapter 3

Static Network Analysis

3.1 Introduction

In this chapter, we conduct static analysis of the reinsurance network constructed
using the methodology presented previously. We start by analyzing the outcomes
of the BVAR model on the reinsurers’ volatility and the connectedness table
derived from the generalized forecast error variance decomposition (GFEVD),
then we move to the network analysis of the reinsurance market, reporting the
global topology measures and the connections between market players. We
proceed then to a micro-prudential analysis of the network, assessing the key
central reinsurers and their systemic importance, to later move on community
detection and cluster analysis.
In this research the network is defined as a graph G = (V, E') where

e V is the set of nodes representing the reinsurance companies selected for
the study

e FE is the set of edges representing pairwise forecast error variance contribu-
tions between companies

The weighted directed network is constructed on the adjacency matrix de-
riving from the BVAR model applied to the Yang-Zhang log-volatility and the
GFEVD over a time horizon of 10 days. To construct the network topology, in
which the directions of the edges represent the explanation of variance (from
source to target), the adjacency matrix was transposed!. Consequently, a di-
rected edge from company j to company 4 reflects the proportion of i’s forecast
error variance explained by j, ensuring that the out-strength captures a firm’s
variance contribution. The graph G y,,;; consists of |V| = 27 nodes and |E| = 702
edges. The connectedness table for all nodes is reported in Appendix B. The
total connectedness index, which represents the total level of interconnectedness
within the network, was C = 74.278. A value of this magnitude means that
roughly three-quarters of the total volatility forecast-error variance in the system
is cross-firm spillover and only about a quarter is idiosyncratic: from the market’s
standpoint the global reinsurance sector acts almost as a single risk pool.

IThe transposition was necessary to comply with the usage of the R package igraph, used
to perform the presented analysis.
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Figure 3.1 illustrates the distribution of edge weights in the Gy,;. The
distribution exhibits positive skewness, with a mean of u = 2.857 (o = 2.118).
The majority of pairwise connections are relatively weak, while a small number of
edges in the right tail represent the strongest variance contribution relationships.
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Figure 3.1: Distribution of the pairwise connectedness weights in G,;;. The
dashed red line indicates the mean, dotted orange lines represent the 1 standard
deviation. The right-skewed distribution shows that most connections are weak,
with few strong linkages driving system connectedness.

Table 3.1 reports the 15 strongest pairwise connections of the network, with
the highest value estimated at 18.157. Interestingly, the first 6 records are all
between Japanese companies, with values > 10, while all the other strongest
connections are between European companies. This indicates a strong statistical
connectedness within the Japanese market, where the forecast error variance
is predominantly explained by the variance within the market, while American
companies show lower pairwise variance contributions. The Japanese links reflect
a tightly coupled, largely self-contained regional block whose firms explain each
other’s volatility without exporting it to the global system. Instead, European
links form the global backbone, since these firms set the worldwide reinsurance
pricing and capacity at the major renewals and their volatility leads the system.

Table 3.1: Ranked list of the 15 strongest pairwise connections.

From To Value
8766.T 8725.T 18.157
8766.T 8630.T 17.422
8630.T 8766.T 13.348
8725.T 8766.T 12.013
8630.T 8725.T 11.334
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Table 3.1: Ranked list of the 15 strongest pairwise connections.

From To Value
8725.T 8630.T 10.722
HNR1.DE MUV2.DE 10.012
HNR1.DE CS.PA 9.023
CS.PA G.MI 8.922
HNRI1.DE G.MI 8.550
CS.PA HNR1.DE 8.529

SREN.SW MUV2DE  8.434
HNR1.DE MAP.MC 8.378
G.MI CS.PA 8.374
MAP.MC CS.PA 8.296

The Diebold-Yilmaz framework, by construction, produces a complete net-
work, where all companies are connected to each other and contribute to ex-
plaining each other’s forecast error variance. To consider only weights that
provide some impact over other market participants, we applied a threshold
to the weights of the connections, where only the edges with weight above the
50" percentile are considered. The 50th percentile threshold serves as a filter
to separate the signal (structural transmission channels) from the noise (negli-
gible spillovers). By focusing on the upper half of the distribution, we isolate
the effective network where changes in forecast error variance are economically
meaningful. This construction and the topology of the network itself allow us to
perform deeper and more detailed analysis, otherwise unattainable. The network
obtained, G, ., still comprises the 27 reinsurance companies, but the number
of edges is reduced to 351, and from now on it is the base model considered for
further examinations. The choice of the 50th percentile as threshold is validated
through robustness analysis presented in the following section, where we demon-
strate that the key findings remain stable across alternative thresholds (25
and 75" percentile). Accordingly, all node-level measures reported hereafter are

computed on G-

3.2 Robustness Analysis

In this section, we present the robustness analysis to assess whether the key
findings that are later presented are sensitive to the choice of threshold and to
validate the 50th percentile threshold selection. A robust result should exhibit
qualitative consistency (same directional findings) and quantitative stability (high
rank correlations) across alternative thresholds. We consider Spearman’s rank
correlations of companies for the 25th, 50th, and 75th percentiles of the weight
distribution. We define a stability threshold of p > 0.85 as indicating robust
stability for the different threshold. This criterion is conservative, exceeding
the standard statistical benchmark for a “very strong” relationship (p > 0.8)
proposed by Evans (1996). A correlation above 0.85 ensures that the identification
of the most systemically important insurers remains consistent regardless of the
thresholding choice.

The total connections between nodes for the three graphs reduce to 526 for the
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25" 351 for the 50", and 176 for the 75" quantile thresholds, corresponding
to an edge density of 75%, 50%, and 25% respectively. The metrics analyzed to
test the robustness and stability of the method are the topologies and micro-
prudential level statistics, to identify the key variance contributors and recipients,
and the community detection and creation. The results obtained were then
compared by assessing similarity through rank correlation.

3.2.1 Network Topology

Table 3.2 presents the key topological measures across the different thresholded
networks. By construction, the average path length and the diameter vary
significantly, due to the different densities of the networks. The 25" percentile
network shows a dense interconnected structure with a strong core interconnected
with the peripheral nodes (L = 0.419, D = 1.169). Instead, for the 75" percentile
network, the metrics indicate a less efficient flow, with an average path length
of L = 0.421. The maximum geodesic distance (D = 1.074) indicates greater
isolation for peripheral nodes.

Strength-based assortativity remained consistent across the three networks,
showing slightly disassortative behavior. With a value of r = —0.146, the 75"
percentile network exhibited the strongest disassortative signal, suggesting that
the structure best captures the hub-spoke transmission patterns, while the 25th
percentile thresholded network showed a value of ry; = —0.097, very close to the
759 = —0.116 of the 50" percentile network. This behavior reflects either noise
inclusion (25'), or compression of the strength distribution as peripheral nodes
completely lose edges, reducing statistical power to detect mixing patterns.

Table 3.2: Key topological metrics across the 25th, 50th, and 75th percentile
thresholds.

Network Threshold Avg. Path Length Diameter Assortativity

50th 0.394 1.187 -0.116
25th 0.419 1.169 -0.097
75th 0.421 1.074 -0.146

3.2.2 Node Centrality

The identification of the top variance contributors and variance recipients re-
mained stable across the different threshold levels, with European companies
showing high variance contribution properties, and Asian companies maintaining
the role of variance recipients. The top contributors and top recipients are
reported in Table 3.3.

Table 3.3: Top variance contributors and top variance recipients, based on the
net-strength metric.

Ticker 50 25 75 Rank stability
HNR1.DE 80.05 73.05 67.03 Top transmitter
CS.PA 74.31  62.66 81.05 Top transmitter
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Table 3.3: Top variance contributors and top variance recipients, based on the
net-strength metric.

Ticker 50 25 75 Rank stability

SREN.SW  67.46 53.17 59.56 Top transmitter
1508. HK -49.49  -62.15 -32.07 Top receiver
003690.KS -58.67 -65.92 -12.16 Top receiver
0966.HK -59.91 -62.27 -34.77 Top receiver

The eigenvector centrality rankings remained stable for the three networks,
with a strong Spearman correlation of 0.989 between the 25" and 50" quantile
networks, and a correlation of 0.97 between the 50" and 75" quantile networks.
The classification of hubs and authorities held a consistency value of 0.98 across
thresholds, with 25 of the 27 companies maintaining the original designation,
while only Tokio Marine & Nichido Fire Insurance Co. (8766.T) and Hiscox
Ltd. (HSX.L) saw their denomination change from hub to authority. As shown
in Table 3.4, betweenness correlation decreases at higher thresholds due to the
sparser network topology, where peripheral nodes lose connectivity and fewer
nodes can serve as bridges between the remaining clusters.

Table 3.4: Spearman correlations of the network centrality measures and their
respective p-values.

Pas 0 P-value  psg 75 p-value

Net 0.993 0 0.829 0.000
Betweenness  0.735 0 0.743 0.000
Eigenvector  0.989 0 0.970 0.000
PageRank 0.813 0 0.650 0.000
Hub 0.989 0 0971 0.000
Authority 0.980 0 0.855 0.000
Community  0.891 0 -0.314 0.111

3.2.3 Community Structure

Community detection showed the greatest sensitivity to threshold choice. The
sparser network produced more fragmented communities, as QBE Insurance
Group (QBE.AX) and Hiscox Ltd. (HSX.L) lost all connections and became
isolated nodes. This would imply total independence from the system and
no variance influence being received or transmitted from or to other nodes,
resulting in a connected network of only 25 companies rather than the initial
27. However, as later presented, community identification resulted in a rather
low separation, suggesting a tightly connected core. This finding shows that
community detection is most subject to thresholding choice, consistent with the
relatively low modularity score. The partition reshapes under thinning because
no strong natural clusters exist; the instability of community structure and the
integration of the market are thus two views of the same fact.

Given the results of the robustness analysis, the 50" percentile provides an
effective balance, avoiding noise of denser networks while preserving sufficient
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connectivity to maintain an interpretable community structure.

3.3 Global Topology Measure

We start by first analyzing the topology of the network, describing the structural
stability of the connections, and identifying the core of the structure. To better
understand the connections between nodes and the topology of the network,
we provided a graphical representation in Figure 3.2. The graph is represented
using a Force-Directed algorithm, more specifically the Fruchterman-Reingold
algorithm (Fruchterman and Reingold 1991). At first glance, the network presents
a tight core of European companies that have higher out-strength values (bigger
node size), and American companies. Asian companies occupy the periphery
of the network and typically have lower out-strength, indicating a low or no
variance transmission role.
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Figure 3.2: Plot of the network using the Fruchterman-Reingold algorithm. Node
size is set using the Out-strength value.

3.3.1 Average Path Length

Average path length represents the average number of steps along the shortest
paths for all possible pair of nodes in the network.

1
L=§3mw—1 2 d(i.d)
7]
where d(i, j) is the geodesic distance (shortest path) between nodes 7 and j. In
a weighted network, the distance is often defined as the inverse of the weight
1/w(i,j), implying that strong links create short distances. This measure cap-
tures the efficiency of connectedness pathways: higher values indicate longer
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pathways, requiring variance contribution to pass through more nodes before
reaching the whole system, while smaller values indicate a faster and more direct
statistical linkages system-wide.

The average path length of the network is L = 0.394, indicating relatively
efficient connectedness across the network, where strong variance contribution
relationships create short statistical distances across nodes. This relatively
short path indicates a tight interconnected network structure, where statistical
relationships span the system through few intermediary nodes. Economically,
this is a fast-contagion, low-firewall property: a shock that reaches the whole
system through few intermediaries, leaving little structural buffering between
any firm and the rest of the market. This shows characteristics that are feared
by supervisors in crisis scenarios, where transmission is rapid and difficult to
break.

3.3.2 Diameter

The network diameter D represents the longest shortest path between any pair
of nodes, or in other words, it is the maximum geodesic distance in the network:

D = maxd(i, j)
2,7

In weighted networks, distance is defined as the inverse of edge weight (dij =

%), reflecting the intuition that stronger connections create shorter distances.
ij

Consequently, the diameter is measured in units of inverse weight rather than
hop count.

While the average path length captures typical transmission efficiency, di-
ameter identifies the most peripheral node pairs and highlights the longest
propagation distance. The network exhibits a diameter D = 1.187, correspond-
ing to the longest weighted shortest path between any two reinsurers. This metric,
combined with the average path length, suggests a structure in which the core
companies exhibit strong variance contribution relationships while peripheral
nodes, although more statistically distant, remain connected through indirect
pathways.

3.3.3 Assortativity

Assortativity, also known as homophily, serves as a macroscopic descriptor of
network topology, quantifying the preference for nodes to attach to other nodes
that are similar in some way. It measures the degree of correlation between
the properties of a pair of connected vertices. It is calculated with respect
to node degree or strength, assessing, in this case, whether well-connected
hubs tend to associate with other hubs, or whether they instead connect to
smaller peripheral nodes. Following Yuan, Yan, and Zhang (2021), for weighted
directed networks, the assortativity coefficient is defined as the weighted Pearson
correlation coefficient:

i jep Vi (17 = sioa) (s — 52

Ta,p =
Woldio

(3.1)

where w;; is the edge weight from node i to node j, W = > Jw,; is the total

Ea> is the out-strength of source node ¢, s is the in-strength of

edge weight, s ]
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target node j, and s and o denote the edge-weight means and standard deviations
of the source (sou) and target (tar) edges.

For positive values of r, the network exhibits assortativity mixing, which
means that strong nodes tend to connect to other strong nodes, forming a dense
cohesive core. For negative values of r, the network exhibits disassortative mixing,
in which hubs act as bridges. Using strength-based assortativity to account
for edge weights, the network exhibits moderate disassortativity (r = —0.116).
This indicates that high-strength variance contributors preferentially connect to
low-strength peripheral nodes rather than forming a dense interconnected core
among themselves. This structure has important implications for systemic risk:
variance contributions from major contributors are distributed throughout the
network rather than remaining concentrated within the core. This architecture
carries two opposing implications: a hub-and-spoke structure absorbs the failure
of a random peripheral firm with little systemic effect, yet the distress of a
hub such as Munich Re, Swiss Re, or AXA is broadcast efficiently across the
periphery rather than bottled up within the core.

3.4 Micro-Prudential Analysis: Node Centrality

These metrics are the core of network analysis and are the keys to assessing
the role of each reinsurer’s contribution to the system’s aggregate forecast
error variance. In this section, we try to identify firms that can be considered
systemically important firms (Systemically important financial institution - SIFI)
and assess the influence that each reinsurer has on the whole system.

3.4.1 Strength

Strength is the sum of the weights of edges attached to a node. Since we
are considering a directed network, this measure splits into In-Strength and
Out-Strength.

e Out-Strength: S, (i) = Zj wj; is used to identify the total contribution

of node 7 in explaining other nodes’ forecast error variance
o In-Strength: S,,(i) = Zj w;; is used to identify the total forecast error

wm

variance of node ¢ explained by other nodes

High Out-strength values indicate that a firm is a major variance contributor,
meaning that it explains substantial portion of other reinsurers’ forecast error
variance, while high In-Strength values indicate that a firm is a major variance
recipient, and its forecast error variance is largely explained by other companies’
changes. For the network G .., the largest variance contributor is the French
reinsurer AXA XL (Ticker: CS.PA), with S,,, = 137.627, while the largest
variance recipient is the American reinsurer W.R. Berkley Corp (Ticker: WRB)
with S;,, = 80.372.

Table 3.5a and Table 3.5b list in descending order, the In-strength and Out-
strength, of the nodes composing the network. The first 6 variance contributors
are located in Europe, while three companies (one American and two Asian)
have 0 out-strength (do not have outgoing edges), implying no contribution in
explaining other reinsurers’ variance, but acting purely as variance receivers.
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Table 3.5: In- and Out-strength values for the 27 reinsurers.

(a) In-Strength: variance recipients. (b) Out-Strength: variance contributors.
Ticker In  Continent Ticker Out Continent
WRB 80.372 America CS.PA 137.627 Europe
MKL 79.518  America HNR1.DE 128.843 Europe
RGA 75.611 America G.MI 126.444 Europe
CB 74.801 Europe MAP.MC  124.770 FEurope
MUV2.DE 74.167 Europe SREN.SW 118.575 Europe
EG 74.055 America MUV2.DE 117.616 Europe
G.MI 71.607 Europe CB 78.736  Europe
ACGL 70.844 America 8766.T 69.997 Asia
0966.HK 66.518 Asia 8630.T 64.799 Asia
MAP.MC  66.356 Europe EG 62.935 America
8725.T 65.140 Asia MKL 57.597  America
CS.PA 63.318 Europe ACGL 55.395 America
FFH.TO 62.436  America SCR.PA 54.745 Furope
AXS 60.238 America BRK.A 53.073  America
003690.KS 58.671 Asia AXS 52.189  America
RNR 53.977 America 8725.T 52.071 Asia
SCR.PA 52.339 Europe RGA 51.815 America
8630.T 51.667 Asia RNR 35.534  America
SREN.SW 51.112 Europe WRB 31.885 America
1508.HK 49.490 Asia FFH.TO 24.749  America
HNR1.DE 48.792 Europe QBE.AX 13.329  Australia
SPNT 46.905 America 6809.T 10.247 Asia
8766.T 44.445  Asia 0966.HK 6.612 Asia
BRK.A 44.425 America SPNT 2.380  America
6809.T 37.544  Asia 003690.KS 0.000 Asia
HSX.L 5.046 America 1508.HK 0.000 Asia
QBE.AX 2.566 Australia HSX.L 0.000  America
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To better assess the recipients and contributors of variance of the network’s
nodes, the difference between the outgoing strength and the receiving strength,
the net-strength, was used:

S

net —

S

out

Sin

Companies that have positive S,,., values are considered net variance distributors,
while companies that have negative values are considered net variance recipients.
Figure 3.3 provides a graphical representation of the companies and their net
weight S, ;. Again, variance contributors tend to be concentrated in Europe
(purple bars), with 66% of companies with a positive net balance being based
in Europe, and the remaining being distributed across Asian, America, and
Australian companies (respectively green, red, and blue bars). The variance
receiving companies (5,,.; < 0), are composed predominantly by Asian and
American companies. This pattern maps cleanly onto the industrial organization
of the sector: global underwriting capacity is concentrated in few European
groups whose pricing and capital decisions set the market tone at the major
renewals. The market therefore re-prices European firms first, while American
companies sit further along the risk transfer chain and therefore receive the

signal.
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Figure 3.3: Net-strength balance for each ticker. Positive values indicate that
the company is a net variance contributor, while negative values indicate that
the firm’s forecast error variance is more explained by others than it contributes
to explaining others.

3.4.2 Betweenness Centrality

Betweenness centrality is the fraction of all shortest paths in the network that
pass through a specific node, measuring the extent to which the node lies in the
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pathways connecting other nodes’ forecast error variance relationships.

CL(v) = YA
a) = ¥ 22
where o,; is the total number of shortest paths from node i to node j, and o;;(v)
is the number of these paths that pass through v. For weighted networks, the
shortest paths o;; are computed using the edge distances defined as the inverse
of weights (d;; = 1/w;;), reflecting the interpretation that stronger variance
contributions creates shorter statistical distances.

This metric is used to identify nodes that function as bridges of the network,
connecting two or more different clusters. High values of betweenness indicate
that the firm occupies a structurally important position in the network’s connect-
edness topology, serving as a bridge between otherwise less-connected regions.
Such firms lie on many of the shortest variance-contribution pathways between
other node pairs. From a network perspective, this position suggests that these
firm’s unexpected movements may be statistically relevant to explaining variance
patterns across different regions of the network. The firm with the highest value
is Assicurazioni Generali SpA (G.MI), with a value of C'z = 51.043, followed by
Markel Corp (MKL) and Mapfre (MAP.MC), with respective values of 39.338
and 31.804. G.MI serves as the strongest bridge for variance patterns across
the system, and the higher values for European reinsurers suggest a strong
importance of the European market, serving as variance contributors themselves
and as connectors for the variance recipients nodes, with Markel Corp. being
the only non European company appearing with high betweenness value. The
economic reading is that the maximum betweenness value is small in absolute
terms, so there is no structural company whose removal would fragment the
network. Contagion has many paths and is diffuse rather than reliant on a
single intermediary, in contrast with the banking sector, where a major interbank
lender or a central counterparty can be “too-interconnected-to-fail” as a unique
gateway.

3.4.3 Eigenvector Centrality

Eigenvector centrality represents a measure of network embeddedness where a
node is considered highly embedded if it is connected to other nodes that are
themselves considered nested. This approach captures the inherent structure of
the network, considering the value of a connection from the prominence of the
counterpart involved.

Mathematically, the concept is formalized through the spectral properties of
the adjacency matrix A. Let A\; denote the largest eigenvalue of A and let x be
its corresponding eigenvector satisfying Ax = A\;x. The eigenvector centrality
of node i is then defined as the i-th component of x, denoted z;. Decomposing
this to individual node level, the centrality score satisfies:

ANz, = Z Aij:cj
J
or equivalently:

1
x; = X ZAijxj
J
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In the context of financial stability and systemic risk analysis, eigenvector
centrality provides a metric to identify institutions that are “too connected to
fail”. A high eigenvector centrality score indicates that a firm is enclosed in the
network’s core, with direct linkages to the most important nodes. Consequently,
firms with high eigenvector centrality are nested in pathways connecting the
network’s most connected nodes, meaning that their idiosyncratic shocks are
statistically linked to the movements of other embedded firms. Conversely, a
firm that has low eigenvector score interacts mostly with the periphery of the
network, interacting mainly with less embedded entities, and with a limited
capability of explaining forecast error variance to the core nodes of the network.

Table 3.6: Eigenvector values of the network nodes.

Ticker Eigenvector Continent
CS.PA 0.380 Europe
MAP.MC 0.356  Europe
G.MI 0.355 Europe
HNR1.DE 0.352 Europe
MUV2.DE 0.344 Europe
SREN.SW 0.329 Europe
8766.T 0.205 Asia
8630.T 0.202 Asia
SCR.PA 0.183 Europe
8725.T 0.175 Asia

Table 3.6 provides the 10 highest values of the eigenvector centrality. AXA
XL (CS.PA) was the company with the highest score, with similar values (> 0.3)
for 5 other companies based in Europe, supporting again the idea that European
market explains the aggregate volatility movements of the system.

It is interesting to note the high correlation (p = 0.926, p < 0.001) of
eigenvector values with the Net-strength: this high positive correlation coefficient
highlights the fact that the most influential hubs are also the nodes that contribute
the most to the market’s aggregate volatility, suggesting a concentrated core of
market risk. In markets with clear core-periphery topology, small peripheral firms
connected exclusively to central hubs would exhibit high eigenvector centrality
despite low strength. The absence of this pattern suggests that the global
reinsurance market operates as a relatively homogeneous, densely interconnected
system where the largest volatility contributors are also the most systemically
embedded institutions. Figure 3.4 provides a graphical representation of the
correlation between the Eigenvector values and the net-strength value of the
nodes.

In dense neutrally assortative networks (r ~ 0), high eigenvector-strength
correlation is typical because uniform mixing makes strength the primary de-
terminant of centrality. In this network, the high correlation occurs despite
disassortativity (r = —0.116), suggesting that the hub-spoke structure amplifies
rather than diminishes the importance of variance contribution magnitude. Eu-
ropean variance contributors are embedded in the core both because of their high
variance contribution magnitude and their connections to peripheral recipients,
creating a reinforcing feedback where strength determines structural position.

48



80 HNR1.DE—E€SPA=____
SREN.sw—  MAPMC

G.MI/

MUV2.DE

40 8766.T

QEEAX BRK.A

AXS / ® 8630.T

HS/X.L RNR /
N
EG CB
6809.T — SCRPA

SPNT AcdL MKL  8725.T

Net
o

-40 508.4Kk ——FFH.TO ~RGA

. \I_rR\
003690-45—0966. WRB

0.0 0.1 0.2 0.3
Eigenvector

Continent America @ Asia @ Australia Europe

Figure 3.4: Correlation between the net-strength of nodes and the eigenvector
measure.

3.4.3.1 Size and Connectedness

One objection is that these centrality rankings might merely re-describe firm
size, since the largest reinsurers could mechanically dominate any connectedness
measure. The data shows that size and centrality are positively and significantly
related, but not equivalent. In fact, the Spearman rank correlation between
out-strength and market capitalization is p = 0.606, a moderate association
indicating that larger firms do tend to be more central, yet one that leaves a
substantial part of the centrality ordering unexplained by size. Table 3.7 reports
the distinctions between the two metrics. For Munich Re (MUV2.DE), Swiss
Re (SREN.SW), and AXA XL (CS.PA), size and connectedness coincide, as
all rank among the largest firms by market value and among the most central
transmitters. Other firms, however, are markedly more central than their size
would suggest. Mapfre (MAP.MC), for example, ranks fourth in the out-strength
ranking, but only nineteenth for market capitalization. Further, Hannover Re
(HNR1.DE) is only a mid-sized firm by market value, but second overall by
variance contribution to the system. Conversely, the single largest firm in the
sample, Berkshire Hathaway (BRK.A) ranks fourteenth in the transmission rank.
Connectedness therefore captures a firm’s position in the propagation structure of
the market, distinct from its absolute scale or written-premium volume, although
being correlated with it. The implication for macro-prudential surveillance is
that a screen based on size or market share alone, like the one embedded in the
TAIS size indicator, would over-weight large but possibly peripheral firms and
under-weight smaller but potentially highly embedded transmitters.

49



Table 3.7: Network centrality vs firm size. First 10 firms according to the
out-strength rank.

Ticker OutRank EigenRank MktCap MktRank GWP
12 CS.PA 1 1 74.46 4 8.41
16 HNR1.DE 2 4 26.60 14 22.68
15 G.MI 3 3 43.37 8 81.84
18 MAP.MC 4 2 10.77 19 6.72
26 SREN.SW 5 6 54.45 6 44.86
20 MUV2.DE 6 5 62.00 5 3442
11 CB 7 11 112.18 2 62.00
7  8766.T 8 7 76.77 3 36.30
5  8630.T 9 8 26.68 13 26.83
13 EG 10 14 14.72 16 12.94

3.4.4 PageRank

PageRank is used to identify node importance based on each node’s connections.
It was originally designed for web search (the algorithm that laid the foundations
of Google’s web search success), and is best interpreted as the “flow” of informa-
tion that travels in the network (Brin and Page 1998). The PageRank algorithm
differently accounts for the weighting of out-degree nodes. A node’s influence is
divided equally among all its outbound links, therefore, a prestigious node that
links to only a few other nodes confers higher importance to those neighbors
than a prestigious node that connects to hundreds of nodes. Another distinction
in the PageRank algorithm is the addition of a damping factor d, usually set
to 0.85, that transforms the adjacency matrix A into a stochastic, irreducible,
and aperiodic Google Matrix. These characteristics allow to effectively model a
“random shock” moving through the graph, ensuring that the entire network is
taken into account.

Mathematically it is represented as

1—d
PR(i) = ——
R(i) ¥ +dj€%:(i> 10

PR(j)

where M (i) are nodes pointing to i, and L(j) is the out-degree of j.

While the eigenvector centrality identifies which nodes are connected to the
core, the PageRank measure identifies which nodes receive the largest aggregate
contributions from the system. The highest PageRank was observed for Markel
Corp. (MKL), with a value of PR = 0.072, followed by China Reinsurance Corp
(1508.HK) and the US Everest Group (EG).

These companies are reported in negative net values (recall Figure 3.3), and
unsurprisingly also rank among the highest PageRank values, highlighting their
tendency to receive variance contribution without proportionally contributing to
others’ variance explanation. These firms act as “terminal nodes” in the variance
contribution topology. Eigenvector-central firms are embedded in the network’s
core structure, while PageRank-central firms represent primary recipients of
aggregate variance contribution.
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3.4.5 Hubs and Authorities

Hubs and Authorities concept was introduced by Jon Kleinberg through the
Hyperlink-Induced Topic Search (HITS) algorithm and serves as another measure
to identify central nodes and the pathways of variance explanation relationships.
Hubs and Authorities distinguishes between two roles within the variance rela-
tionship:

e Hubs: nodes that point to good authorities, they act as the main variance
contributors

e Authorities: nodes that are pointed to by good hubs. They are considered
main receivers from the hubs.

This creates a cycle of mutual reinforcement: a hub is valuable if it points to
valuable authorities, while an authority is valuable if it is pointed to by valuable
hubs (Kleinberg 1999). Mathematically, this involves calculating the principal
eigenvectors of both the adjacency matrix A for the authorities and its transpose
AT for the hubs.
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Figure 3.5: Scatterplot of the Hub scores (x-axis) and the Authority score (y-
axis).

The elements in quadrant 1 of Figure 3.5 are nodes that present high hub
scores and high authority score, while the second quadrant is categorized by
nodes that have high authority scores but low hub scores. As is possible to see,
the upper right corner is constituted by only European companies, once again
highlighting the major variance explanation that these companies have on the
whole system. Figure 3.6 provides a representation of the network displaying the
nodes according to their hubs or authorities categorization. Such distinction was
made by subtracting the two scores obtained: for positive values, the node was
classified as Hubs, meaning that these nodes act as intermediaries in variance
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contribution pathways, while negative values were classified as Authorities nodes,
meaning that they are usually the primary recipients of explained variance.
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Figure 3.6: Network plot classifying hubs and authorities.

3.5 Clustering and Community Detection

3.5.1 Clustering Coefficient - Transitivity

Transitivity is a structural metric that quantifies the degree to which nodes
in a network tend to cluster together, measuring the prevalence of triadic
closures. It specifically measures the probability that two neighbors of a given
node are themselves connected, assessing the local cohesiveness of the network
comparing the number of closed triangles to the number of connected triplets.
Mathematically it is defined as

number of triangles connected to 4

number of triples centered on 7

or more precisely

1 W, + Wy,
Cv = Y G Qs
i Sz<k1*1>§ 2 i ihYjh

where S, is the strength of vertex 4, a are elements of the adjacency matrix A,
k; is the vertex degree, and w;; are the edge weights (Csérdi et al. 2025). The
transitivity value for the network of reinsurers is relatively high at 0.78, implying
that the variance contributions flow through the dense local connection patterns,
with multiple pathways linking neighboring nodes.
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3.5.2 Community Detection

Community detection offers a broader view of the concept that transitivity
just introduced. It seeks to aggregate the local clusters identified into large,
coherent clusters, known as communities. A community is typically defined as a
subdivision of the network where nodes are more densely connected internally
than the rest of the network.

3.5.2.1 Modularity

Modularity score (Newman 2006), serves as the measure to identify the strength
of the division of a network into modules, comparing the actual links within
a community to the expected density if links were distributed randomly, but
maintaining the same degree distribution.

Q= % > (Aij — Z:f) 5(¢;,c;) (3.2)

j

where 0(c;,¢;) = 1 if nodes i and j are in the same community.

Communities are detected by maximizing the modularity score @, and multi-
ple algorithms can be used. In this analysis, we adopted the Louvain algorithm
(Blondel et al. 2008), due to its high speed in identifying communities, even
for large networks, and its efficiency and accuracy in achieving high modularity
scores and correctly determining communities.

To maximize modularity, Louvain’s algorithm functions through two phases:

1. In the first phase, the algorithm positions each node in its own community.
It then examines a node and calculates the gain in modularity (AQ) that
result from moving that node to the community of its neighbors. The node
is therefore moved to the community that yields the highest modularity
increase. This process is repeated for all nodes

2. The second phase consists of the aggregation of communities. Once a local
maxima is reached, the network is collapsed, and each community found
in the first phase of the iteration is considered as single nodes. The edges
between the new single nodes are the sum of the weights of the edges
between the constituent nodes in the original graph, while internal links
within the community become self-loops in the new network

These phases are iterated for all nodes composing the collapsed network until
modularity no longer increases, obtaining the optimized value of Q.

Prior to maximizing modularity with the Louvain algorithm, the directed
adjacency matrix was transformed into an undirected graph. Specifically, a single
undirected edge was created for each pair of vertices connected by at least one
directed link. This symmetrization step ensures compatibility with Equation 3.2,
which is formulated for undirected networks.

The Louvain algorithm therefore identified 3 different communities (reported
in Table 3.8). Algorithmic stability was verified by repeating the procedure
across 10 independent runs with distinct random seeds; all runs returned the
same community identification, confirming that the identified partition is unique
and not randomly initialized. The modularity score reached a maximum value of
@ = 0.162, which indicates relatively weak community structure. For reference,
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modularity scores above 0.3 are typically considered meaningful indicators of
community division (Newman 2006), while values between 0.1 and 0.3 suggest
only modest clustering tendencies.

The primary finding is therefore that the global reinsurance market exhibits
weak community structure. This result is consistent with the low network disas-
sortativity (r = —0.116) and short average path length (L = 0.394) identified
before, suggesting that the system behaves as a tightly integrated rather than iso-
lated regional markets. A secondary descriptive observation shows that the three
detected communities show partial alignment with broad geographic groupings:
community I includes mainly American companies, community 2 is composed
predominantly of European based companies, and community 3, includes three
Japanese companies and the only Australian reinsurer. Given the low @ = 0.162,
this geographic pattern reflects a weak tendency for firms in similar time zones
and regulatory environments to exhibit marginally higher co-movement.

Table 3.8: Membership of the community for each ticker.

Community Continent

003690.KS 1 Asia
ACGL 1 America
AXS 1 America
BRK.A 1  America
CB 1 Europe
EG 1 America
FFH.TO 1  America
MKL 1 America
RGA 1  America
RNR 1 America
WRB 1 America
0966.HK 2  Asia
1508. HK 2 Asia
6809.T 2 Asia
CS.PA 2 Europe
G.MI 2 Europe
HNR1.DE 2 Europe
HSX.L 2 America
MAP.MC 2 Europe
MUV2.DE 2 Europe
SCR.PA 2 Europe
SPNT 2 America
SREN.SW 2  Europe
8630.T 3  Asia
8725.T 3 Asia
8766.T 3 Asia
QBE.AX 3 Australia

To better assess this distinction, however, we introduce the measure of
conductance that allows to quantify how well-separated a community is from
the rest of the network. Lower level (< 0.2) of conductance indicates that the
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Figure 3.7: Network plot highlighting the different communities detected using
the Louvain algorithm.

community is better-defined with fewer external connections relative to internal
ones, suggesting stronger cohesion within the community. Mathematically, for a
weighted graph, it is defined as:

B cut(C,C)
2(0) = min(vol(C), vol(C)) (3:3)

where cut(C,C) is the sum of the weights of the edges that have one endpoint
in the community C and the other endpoint outside the community, vol(C) is
the volume of the community C, corresponding to the sum of the weights of the
edges incident to nodes in C, and vol(C') is the volume of the rest of the network,
excluding community C.

From Table 3.9 we can see the conductance level for each community. Since
communities overlap (Community 1 includes several European firms and a South
Korean and Community 2 includes a Japanese firm), the conductance scores
are particularly low. Community 2 exhibits the lowest conductance, suggesting
marginally stronger internal cohesion. However, the values are similar across all
three communities and consistent with the globally integrated market structure
identified by the low modularity score.

Table 3.9: Conductance level for each community.

Community Conductance
Community 1 0.432
Community 2 0.411
Community 3 0.527
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3.6 Summary and Key Findings

This chapter applied network analysis to the BVAR-GFEVD framework to
identify potential systemically important reinsurers and define the network
topology of the global reinsurance market. Some key findings emerged:

e Network Structure: The global reinsurance network exhibits a short
average path length (L = 0.394) and slight disassortative behavior (r =
—0.116), with a high total connectedness value (T'C' = 74.278), indicating
a tightly interconnected system where European companies tend to form
hubs but still connect to Asian and American nodes, rather than forming
isolated cores. Table 3.10 reports the first 5 companies with the highest
metrics analyzed;

e Systemic Importance: European companies appeared to be the most
significant variance contributors of the system, with AXA XL, Swiss Re,
and Munich Re ranking highest in the centrality measures, while Asian
companies emerged as variance recipients;

e« Community Detection: The Louvain algorithm yields @ = 0.162, indi-
cating weak community structure and confirming that the global reinsur-
ance market operates as an integrated system rather than a collection of
regionally segmented markets. Three communities with partial geographic
overlap are identified, but given the low modularity and the similar conduc-
tance values, this geographic pattern is a secondary descriptive observation
rather than a structural finding;

e Limitations: Some limitations of this workflow need to be addressed. First,
the use of stock volatility poses a strong bias over short-term sentiment
and does not serve as an insightful indicator for financial distress. A
balance-sheet based analysis could have offered deeper and more accurate
identification of potentially systemic reinsurers, at the expense of the
number of observations available, due to the limited availability of balance
sheet data. Chapter 5 tries to address this issue by running market-based
systemic risk measures. Second, the static analysis captures a stationary
system which does not reflect the moments of crisis and the dynamic
evolution of the system itself. In the following chapter we are going to
address this issue, performing a dynamic analysis over the dataset and
review the network topology and systemically important reinsurers during
specific events. A single full-sample estimate yields only an average network
and cannot reveal that connectedness spikes in crises as idiosyncratic risk
gives way to common factors; the static picture therefore understates
tail-state systemic risk and cannot identify which firms become systemic
specifically during a crisis. The next chapter, through the dynamic, rolling-
window analysis, tries to address this limitation.
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Table 3.10: Top-ranked firm for each centrality metric.

Rank Out-Strength In-Strength Net Eigenvector Betweenness
1 CS.PA WRB HNR1.DE CS.PA G.MI
2 HNRI1.DE MKL CS.PA MAP.MC MKL
3 G.MI RGA SREN.SW G.MI MAP.MC
4 MAP.MC CB MAP.MC HNRI.DE MUV2.DE
5 SREN.SW MUV2DE G.MI MUV2.DE CS.PA
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Chapter 4

Dynamic Network Analysis

4.1 Introduction

In Chapter 3 we provided a static analysis of the network obtained applying a
BVAR model over the entire dataset of the log-volatility of reinsurance companies.
Although these data produce a solid base for statistical validity, static network
analysis has limitations with regard to the dynamic developments of the relations
and components of the network. To better assess such elements, we performed a
dynamic network analysis (DNA), that allows us to observe changes over the
entire time period, making the identification of systemically important reinsurers
and the dynamics of the whole system more insightful and robust. This chapter
displays the methodology used to perform the DNA, the evolution of the network
topology and the firm level dynamics over the 10 years period, with a later focus
on the effect of significant events over the system’s behavior.

The structural stability of the dynamic analysis was tested performing struc-
tural break test on the total connectedness index time series. The tests performed
are the Bai-Perron and the ordinary least square cumulative sum (OLS-CUSUM),
and their results are reported in Section C.2.

4.2 Methodology

The data used to perform the subsequent analysis is the same as presented in
Chapter 2, consisting of 27 reinsurance companies with log volatility data for
the period starting at 2015-11-27 and ending at 2025-05-30, for a total of 1993
observations per company. This data set was divided into 349 windows, each
containing 250 observations. Each window advances by a step of 5 observation
between the previous one. The window size corresponds roughly to a full trading
year (in our case, it amounts to more than one year, due to the constraint
of gathering companies’ prices from different markets), while the step size
corresponds to a weekly delay. The choice of this window length fixes the
economic memory of each estimate, long enough to yield a stable estimate yet
short enough to register a regime change within a smaller period. This design
captures sustained shifts in interdependence rather than transient single-week
contagion.

The fragmented data set was subjected to the same BVAR model shown
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in Chapter 2 to obtain the GFEVD matrix to estimate the network. However,
due to technical limitations and computational requirements, the burn-in phase
and the total draws used to estimate the BVAR model for each window have
been reduced, respectively, to 3,000 and 9,000 draws, compared to the 5,000
burn-in and 15, 000 total draws used to estimate the static network. The reduced
number of draws shortens the estimation time for the whole process, but remain
sufficient to ensure reliable point estimates. In order to ensure the stability
of the model, the convergence of the MCMC chains has been tested every 20
windows using the Gelman-Rubin diagnostic. Across the 349 windows, the
Potential Scale Reduction Factor (PSRF) for both hyperparameters and the
marginal likelihood remained below 1.02, significantly better than the standard
1.10 threshold, indicating robust convergence of the MCMC chains, letting
the regime switching dynamics documented below to be attributed to genuine
features of the market, rather than to instability of the sampler.

As a result, each matrix represents the edges between reinsurers and the
fully weighted connected graph for each window. The total connectedness value
CH was computed along with the “From” and “To” values. After analyzing
the distribution of the fully connected graphs created using the connectedness
matrix C, the 50" percentile threshold was applied to allow comparison with the
analysis presented in Chapter 3. In the next section, we present the analysis of
the topology evolution and the firm level dynamics during the period analyzed.

4.3 Network Evolution

4.3.1 Total Connectedness Evolution

Figure 4.1 shows the evolution of Total Connectedness Index (TCI) over time.
We use this metric as a primary identifier for significant changes and to assess
the overall connectedness of the system. Compared to the static value obtained
in the previous chapter (74.28), the average value over the whole 349 windows
analyzed is 68.2, with a maximum value of 88.75 and a minimum of 56. To better
assess the distribution of the connectedness values obtained, the distribution
was divided into three regimes:

« Low regime for values below the 25" percentile of the distribution
« Normal regime, for values between the 25" and 75" percentiles
« High regime, for values greater than the 75" percentile

The higher standard deviation of the high regime values, as reported in
Table 4.1, suggests that the presence of outliers typically originates for values
higher than the normal mean. The TCI distribution is shown in Figure 4.2.
Clearly, the distribution is bimodal, showing a marked regime change and two
peak values in the normal and high regimes. The connectedness value does
not revert towards its mean value, but bimodality suggests that the system
alternates between two distinct regimes: one standard equilibrium and one with
higher connectivity. Following this classification, the result of the static analysis
would be categorized as a high connected network, as its TC value is above
the threshold quantile. This indicates that the static analysis might have been
inflated by periods with higher connectivity, and that the reinsurance market
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Figure 4.1: Total connectedness value for every rolling window computed over
the whole period.

Table 4.1: Regime classification of the TCI values recorded for the 349 windows
estimated.

Regime | Windows | Mean TCI | SD TCI Pct
Normal 175 66.50 2.91 | 50.14
High 87 80.04 2.91 | 24.93
Low 87 59.81 1.59 | 24.93

might not possess a single equilibrium level of integration, but rather two states
between which it switches. This is interesting for a supervisory standpoint,
reframing the question from how connected the system is at a given moment to
which regime the system is currently in and whether it is transitioning from one
state to another.

The pairwise edge distribution of the static network has been compared with
the distributions obtained from each computed network. The results showed
similar values for the mean of the distributions, while the standard deviation
of the dynamically computed networks appeared to be slightly higher. The
evolution of the mean and the standard deviation for the networks are shown
in Figure 4.3. The highest standard deviation are in conjunction with lower
TCI values, indicating that a less connected network results in a wider range of
pairwise connection, as shown by the negative Pearson’s correlation (p = —0.41)
between the two metrics.

Regarding the strongest pairwise connections between reinsurers, a similar
pattern between static and dynamic analysis was found. The Japanese reinsurers
tend to maintain stronger effects and influence within their domestic market,
and above the average value of the system. The persistence of this block in
more than half of the windows identifies it as a structural rather than episodic
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Figure 4.2: Density plot of the TCI values, separated by regime. The red dashed
line represents the mean of the regime class.
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Figure 4.3: Values of the mean and standard deviation for each of the 349
windows computed.
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Table 4.2: Frequency and average values of the strongest 15 pairwise connections
between reinsurers collected from all the 349 windows.

From To Frequency | Freq. pct | Avg. Strength | Max Strength
8725.T 8766.T 264 75.64 16.09 25.51
8766.T 8630.T 262 75.07 12.91 20.98
8725. T 8630.T 235 67.34 15.67 21.79
8766.T 8725. T 199 57.02 15.20 22.00
8630.T 8725.T 179 51.29 13.03 19.11
8630.T 8766.T 173 49.57 15.58 25.52
MUV2.DE | HNR1.DE 140 40.11 10.72 15.98
WRB RNR 114 32.66 12.38 18.84
WRB CB 86 24.64 10.23 14.52
MUV2.DE | SREN.SW 85 24.36 9.38 11.66
SREN.SW | CS.PA 85 24.36 9.67 11.62
RNR WRB 81 23.21 17.32 26.58
EG RNR 73 20.92 12.13 14.68
HNR1.DE | G.MI 73 20.92 10.55 13.40
SREN.SW | MUV2.DE 71 20.34 9.96 12.61

feature, showing a tightly interconnected cluster that co-moves internally without
exporting substantial variance to the global system. Table 4.2 reports the pairwise
connections that appeared more frequently in the top 15 connections of the
system.

4.3.2 Network Topology Evolution

The static analysis in Chapter 3 revealed a disassortative, globally integrated
network. However, one might ask whether this behavior is maintained through-
out stable and crisis periods, or if different scenarios reshape the network’s
architecture.

The 50" percentile threshold is applied independently within each rolling
window, producing a constant network density of 0.50 by construction. Changes
in topology metrics thus do not reflect network densification, but rather the
redistribution of edge weights among the retained connections, and the changes
in which specific edges exceed the threshold between windows.

The results of our analysis show that during periods of elevated volatility
and high connectedness regime, the reinsurance network contracts significantly.
The average path length drops from its time series average of 0.39 to a minimum
of 0.29 during mid 2021 high TCI period. This means that during crisis periods,
the network tends to have shorter and closer connections, so variance spreads
more rapidly, accelerating contagion when its speed is most dangerous.

The diameter instead shows weaker correlation with the TCI (p = —0.368),
meaning that TCI changes primarily affect the average network distance, without
proportionally shrinking the longest path. During high regime periods, firms
get closer, while the most peripheral ones remain relatively distant, being less
affected by the higher variance explanation of core firms. As Figure 4.4 shows,
the diameter also exhibits higher volatility compared to the APL, reflecting less
independence from the TCI regime status.
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Notably, the topology response to TCI changes are not exactly symmetrical.
An asymmetric regression of APL changes on positive and negative TCI incre-
ments yields coefficients of —0.003 (p < 0.001) for TCT increases and —0.007
(p < 0.001) for TCT decreases. The ratio of 2.33 between the two coefficients
shows that the average path length reacts roughly 2.2x more strongly to declines
in connectedness that to increases, meaning that the network dissolves more
rapidly when stress decreases than it compacts when stress increases. The
relationship between connectedness and topological compactness is therefore
nonlinear and asymmetric, with the network loosening abruptly once a stress
episodes passes.

The rolling assortativity provides further insights. While the static analysis
yielded a disassortative coefficient (r = —0.116), the rolling window average is
slightly positive (7 = 0.078). The positive correlation with the TCI (p = 0.326)
suggests that during high connectedness periods, the network shifts toward
assortativity, with hub firms being more connected to other hubs rather than
to peripheral nodes. This structural shift means that the hub-spoke topology
is not permanent but tends to emerge during lower connectedness regimes.
As connectedness rises, the large hubs couple directly to one another rather
than feeding peripheral recipients, so the systemically important firms cease to
diversify against each other and begin to move as a single block. The hub-and-
spoke resilience documented in Chapter 3 is thus a normal times property that
dissolves under stress, when the network adopts its most dangerous systemic
configuration.
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Figure 4.4: Values of the Diameter and of the Average Path Length (APL) in
comparison with the TCI. The Diameter shows greater standard deviation, while
the APL clearly show opposite responses to the TCI changes.
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4.3.3 Network Stability and Community Evolution

We tested network stability and community evolution performing the Jaccard
stability analysis for consecutive TC values, and community evolution analyzing
the modularity measure for the various rolling windows.

4.3.3.1 Jaccard Stability

To quantify the similarity of the connections between consecutive networks we
used the Jaccard similarity measure. Mathematically, the index is defined as the
ratio between the intersection size and the union size, with values ranging from
0 for sets with no elements in common, and 1 for identical sets.

ANB

d= ——
Jaccar 108

The observed mean Jaccard similarity score is 0.88 (¢ = 0.06), with a right
skewed distribution. While this high baseline suggests strong continuity, it must
be interpreted in the context of the rolling window methodology applied: with a
step size of 5 and a window of 250 observations, consecutive windows share 98%
of the underlying data.

Consequently, the various “dips” in the Jaccard similarity observed in Fig-
ure 4.5 are highly significant. These sharp declines often coincide with rapid
spikes or falls in the TCI, signaling periods of topological changes. The weak posi-
tive correlation between the Jaccard stability and the TCI (p = 0.178, p < 0.001)
suggests that the level of connectedness does not intrinsically determine stability,
but rather that stability is compromised during the transition between regimes.
This supports the hypothesis that while a “stable core” of reinsurer relations
exists during the normal market condition, systemic shocks force a rapid realign-
ment of reinsurers’ roles. The transition windows are therefore the moments of
maximum structural fragility, since it is during these episodes that the identity
of transmitters and receivers is in flux.

4.3.3.2 Modularity

To assess the presence of cluster structures, we computed the modularity evolution
and the number of communities detected for each rolling window. The clustering
method used to estimate the modularity and the communities was the Louvain
algorithm (Blondel et al. 2008). The average modularity score was 0.179
(o = 0.039), with values ranging from a minimum of 0.055 to a maximum of
0.265. The communities detected fluctuated between 2 and 5, with 96.5% of
the observations having 3 or 4 clusters. The networks where 5 communities
were observed result in lower interconnectedness values, as a less clustered core
structure identifies more nodes that could be treated as communities.
However, the low absolute values of modularity (remaining below the 0.3
threshold typically associated with strong community structure as described by
Newman (2006)) indicate that the division in communities remains relatively
minor, with the communities identified remaining tightly connected to the core,
showing that the reinsurance market maintains a high degree of global interaction
throughout the entire period. Furthermore, modularity presents a strong negative
correlation with TCI (p = —0.698, p < 0.001), as visualized in Figure 4.6. This
relationship shows that during periods of high systemic stress, an increase in total
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Figure 4.5: Jaccard similarity score (top plot) of the network’s edge set between
consecutive windows and TCI (bottom plot) for comparison of their relationship.

connectedness values reduces the distinction of regional or functional clusters,
with variance influence propagating across the entire network without being
contained in specific community boundaries.

4.4 Firm Level Dynamics

Firm level analysis is performed to assess changing dynamics at node level,
identifying reinsurers that consistently act as variance distributors and those
who are variance receivers, and address the evolution of the main components of
the network during different time periods. To grasp the changing environment,
the net-strength was used as proxy measure. We calculated the net values for
each rolling window, to spot the net variance contributors and the variance
receiver nodes. We aggregated each region’s reinsurer to identify patterns related
to specific areas to later move to the recognition of systemically important
institutions that act as the main source of variance contribution over time.

4.4.1 Directional Connectedness

Figure 4.7 represents the values of net-strength for each company across the 349
rolling windows. Firstly, some companies maintained persistently a negative
net balance throughout the whole period, like Chinese reinsurers China Re
(1508.HK) and Taiping Re (0966.HK), remaining net variance receiver. This is
consistent with their peripheral role identified in the static analysis, suggesting a
limited spillover capacity due to their market position rather than an ephemeral
phenomenon.

Secondly, one sharp positive spike is visible for the London-based company
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Figure 4.6: Evolution of the modularity (upper plot) and of the number of
communities detected (middle plot) during the period analyzed. The TCI
(bottom plot) is reported as well to better assess the community creation in
relation with the system’s connectedness.

Hiscox Ltd (HSX.L) in the late 2021 and early 2022. The value can be associated
with high spikes in the volatility value likely due to a high-profile dispute regarding
“Business Interruption” claims with the UK Financial Conduct Authority. The
spike in volatility elevated the British reinsurer to a strong variance contributor,
as its spillover effect strongly affected the network.

Third, the COVID-19 pandemic and the subsequent market crash in March
2020, and throughout the following year, reveals a clear separation of net roles.
As the TCI entered the high connectedness regime, the contrast between net
explainers (red) and net receivers (blue) sharpened, suggesting that lasting high
connectedness periods could amplify the existing directional structure rather
than raising all firms’ role uniformly, as strong contributors become stronger,
while receivers absorb more variance. Finally, the most recent windows (2024-
2025) exhibit a notable shift: Japanese companies show increase net values and a
switch to net transmitter roles. On the contrary, European firms show a decline
in their net transmitter role, as their net-strength change appear opposite to the
ones of the Japanese firms.

Regarding the aggregated regional net values, the trend remained constant
for almost the entire sample. Asian companies remained in negative territory
until the second half of 2023, reaching minimum peaks in July 2017 and April
2021. European companies on the other end remained net variance contributors
until the second half of 2023, where the trend reverted in conjunction with the
Asian role takeover. The European peak strength was achieved in July 2017,
and presented high positive values after the pandemic burst, in 2020, for nearly
2 years, where a progressive decline began. American based companies presented
a changing trend, with less extreme values compared to both the European
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Figure 4.7: Heatmap representation of reinsurers’ net-strength evolution over
the windows analyzed.
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and Asian markets, with movements typically ranging between the Asian and
European values. The highest strength was reached in July 2021, where the
market showed the highest similarity to the European one.

From this analysis, represented graphically in Figure 4.8, a strong negative
correlation between the Asian and the European markets (p = —0.74, p < 0.001)
can be noted. These findings remain consistent with the results of Chapter 3,
where the European market explained variance movements, especially for the
Asian market. However, the magnitude of the strength varied significantly during
the sample period, showing a reverting trend in the last years of the sample.

Continent Average Net Connectednes

Continent == America = Asia == Australia =— Europe

Figure 4.8: Net-strength aggregated by region in which the reinsurer has regis-
tered office.

4.4.2 Centrality

Eigenvector centrality, PageRank, and betweenness centrality were computed for
each of the 349 rolling windows to assess the core-periphery structure across the
various market regimes. A notable finding emerges: Chubb (CB) ranks among
the top eigenvector and betweenness nodes, despite not being identified as central
nodes in the static analysis. CB shows consistently elevated eigenvector values
throughout the sample (mean eigenvector of 0.218), with relatively low standard
deviation (0.035), showing a persistent structural position that was not captured
by the full sample BVAR model.

To better grasp the dynamics of centrality, firms were classified into two
groups based on their eigenvector centrality distribution: the five firms with the
highest mean eigenvector centrality in the persistent hubs, while the five firms
with the highest standard deviation as the reactive firms. Table 4.3 summarizes
both groups.

It is worth noting the geographic composition of the two groups: persistent
hubs are predominantly European (Chubb, Munich Re, Mapfre Reasseguros,

68



Table 4.3: Firms classified by eigenvector centrality dynamics. Persistent hubs
show high mean centrality with low standard deviation; reactive firms exhibit
high variability, indicating centrality shifts during the sample period.

Category | Firm Mean Eigen | SD eigen | Continent
Persistent | CB 21.82 3.46 | Europe
Persistent | MUV2.DE 21.31 4.54 | Europe
Persistent | MAP.MC 21.08 6.01 | Europe
Persistent | MKL 20.95 4.81 | America
Persistent | G.MI 20.73 4.16 | Europe
Reactive SPNT 16.69 7.67 | America
Reactive BRK.A 15.04 7.43 | America
Reactive 003690.KS 12.83 7.86 | Asia
Reactive QBE.AX 11.67 8.04 | Australia
Reactive HSX.L 10.14 7.36 | America

Generali), with Markel Corp as the only non-European member, consistent
with the European core documented in Chapter 3. Reactive firms, by contrast,
are geographically dispersed. These firms occupy peripheral network positions
during normal conditions but experience significant centrality shifts during stress
episodes, transitioning from the periphery to the temporary core. This distinction
carries the prudential message of the dynamic analysis. The rolling analysis
reveals that hidden systemic risk does exist in a time-varying form, since reactive
firms that appear peripheral in the full sample of Chapter 3 become transmitters
precisely during high connectedness regimes. A static SIFI screen would miss
these conditionally systemic institutions.

This conclusion reinforces the size-connectedness distinction highlighted in
Section 3.4.3.1. Markel Corp. and Mapfre are not the firms a size-based screen
would flag (Markel Corp. ranks fifteenth for market size, while Mapfre ranks
nineteenth), yet both occupy persistently central positions across all rolling
windows. The dynamic analysis thus shows that network embeddedness is not
only a different dimension from size, but a stable one. The firms whose systemic
importance is invisible to size and market share remain central through time,
while the reactive firms reveal a further, conditional layer of systemic importance
that no static balance sheet size-based indicator could anticipate.

The two groups also differ in how their centrality metric co-move. For reactive
firms, eigenvector and PageRank are highly correlated (p = 0.631), meaning that
when these firms become influential they also become variance receivers. For per-
sistent hubs instead, the correlation is lower (p = 0.217), indicating a difference
between the influence and absorption phases, maintaining a more specialized
structural role. Persistent hubs tend to behave as disciplined intermediaries that
separate their phase of influence from their phase of absorption, whereas reactive
firms are swept up as crisis absorbers at the same moment they transmit.

Finally, comparing this classification with the later SIFI stability in the
next section shows that central firms and net transmitters capture different
dimensions of systemic importance. No company appears among both the
persistent eigenvector companies and the chronic top-5 transmitters. This
divergence suggests that the spillover magnitude may overlook firms that are
structurally central to the network architecture, without necessarily dominating
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Table 4.4: Number of times that the reinsurer appeared in the top 5 net-strength.

Company | Top 5 appearances | Top 5 pct.
CS.PA 215 61.605
BRK.A 153 43.840
HNRI1.DE 153 43.840
SREN.SW 116 33.238
EG 110 31.519

directional variance flows.

4.4.3 SIFI Stability

To identify a systemically important institution for the reinsurance market, we
classified the companies that consistently appeared as the strongest net values.

The companies that appeared consistently as the variance explainer of oth-
ers’ movements are reported in Table 4.4, and their net-strength evolution is
represented graphically in Figure 4.9. Berkshire Hathaway (red line) is the most
volatile firm in the group, as it fluctuates between being a net variance explainer
and a variance receiver. AXA XL and Swiss Re exhibit the most consistent
behavior, remaining in the positive territory for almost the whole sample. Their
lines remain relatively stable, suggesting a consistent role in the industry. The
German Hannover Re shows a significant regime shift, as it starts as a net
variance contributor in 2017-2018, but experiences a downward trend in its net
role, at the onset of COVID-19, a notable reversal for a firm that dominated
variance contribution in the initial years. Everest Group instead showed the
inverse trend, as it started as a variance receiver and transitioned to a variance
contributor in late 2018 and early 2019.
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Figure 4.9: Net Evolution of the five most persistent net transmitters.
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Table 4.5: Events considered in the event analysis. The estimated insured losses
are expressed in billion $.

Date Event Type Estimated Insured Loss | Loss Type
2017-09-01 | HIM Hurricanes NatCat 92 | Liability-side
2018-11-15 | CA Wildfires NatCat 18 | Liability-side
2018-12-24 | Equity Crash Financial NA | Asset-side
2020-03-16 | COVID-19 Pandemic 40 | Both
2021-02-15 | Winter Storm Uri NatCat 15 | Liability-side
2022-02-24 | Ukraine War Geopolitical 10 | Asset-side
2022-09-28 | Hurricane Ian NatCat 55 | Liability-side
2023-03-10 | SVB Collapse Financial NA | Asset-side
2024-07-19 | CrowdStrike Cyber NA | Liability-side
2024-10-05 | Helene Milton Hurricane | NatCat 44 | Liability-side
2024-10-29 | Spanish Floods NatCat 4 | Liability-side
2025-01-07 | LA Wildfires NatCat 45 | Liability-side
2025-04-02 | Trump Tariffs Financial NA | Asset-side

4.5 Event Analysis

This section focuses on the analysis of events that had an impact both on the
reinsurance market directly, like natural disasters, and other major geopolitical
and financial events that might have affected the reinsurance industry indirectly,
to assess the impact over the estimated connectedness of the system and the
response of the network dynamics to these events.

4.5.1 Event Selection

The events reported are gathered through web searches and annual reports
over the main events sustained by the reinsurance companies analyzed. The
cases considered are the major occurrences of the last decade, considering both
the events related directly to the reinsurance market and those affecting the
financial and economic world as a whole in terms of magnitude of social and
economic impact. Thirteen events are analyzed, spanning five categories. Seven
are natural catastrophes ranging from the HIM hurricanes trio of 2017 ($92B
insured losses) to the 2025 Los Angeles wildfires ($45B), testing liability-side
propagation through underwriting claims. Three financial events - the 2018 Q4
equity sell-off, the 2023 SVB collapse, and the 2025 US trading tariffs - shock-test
the asset-side propagation through investment portfolio revaluation. The 2022
Ukraine conflict represents a geopolitical event with mainly asset-side contagion
channels, while the 2024 CrowdStrike outage represents an emerging cyber risk.
The COVID-19 pandemic uniquely combined both channels, with simultaneous
equity market collapse and widespread insurance claims. Table 4.5 reports the
full event list with estimated insured losses and shock channel specification, while
Figure 4.10 overlays the event dates onto the TCI time series, allowing visual
identification of the system’s connectedness response to each shock.

4.5.2 Event Impact Ranking

To assess the impact that each event yields on the network dynamics, we observed
the Total connectedness evolution around the time of the event. The TC mean of
the previous 20 windows and the peak total connectedness measure for the next
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Figure 4.10: Total connectedness index and major events considered.

10 windows were computed (a 50-day time period), and compared to identify the
events that created the highest change in the TCI. These findings are reported
in Table 4.6, and are classified by their impact on the TC response.

To formally assess whether the observed event response are distinguishable
from random fluctuations, we conducted three statistical tests. First, a Monte
Carlo permutation test drawing 10,000 random 11 event clusters from the 349
window pool yields p = 0.108 for the mean AT CI across the pooled event set.
Second, a Kruskal-Wallis test across the three loss-type groups returns H = 2.13
(df =2, p=0.344). Third, a one-sided Wilcoxon rank-sum test comparing asset-
side versus liability-side AT'CT values yielded W = 22, p = 0.184. None of these
tests is significant, reflecting the fundamental constraint of having only a 13-event
sample. The event analysis is therefore exploratory: the patterns described below
constitute descriptive evidence for hypothesis generation rather than confirmed
causal claims. Nevertheless, descriptive evidence reveals a consistent pattern: the
two events producing the highest TCI increases - the Trump tariff shock of April
2025, and the COVID-19 market crash of March 2020 - both involved asset-side
transmission through simultaneous investment portfolio revaluation. By contrast,
the largest pure liability-side event, the HIM hurricane trio, with estimated
insured losses of $92 billion, produced a negative TCI change, consistent with
the idiosyncratic rather than systemic risk propagation.

Together, these patterns point to the chapter’s central economic conclusion:
the reinsurance sector’s systemic risk originates on the asset side, through its
role as a large holder of correlated financial assets, rather than on the liability
side of catastrophe underwriting. The reduction of interconnectedness value in
the most severe catastrophe loss is not a paradox, but rather an evidence of the
risk-pooling model working as designed, since large insured losses are absorbed
idiosyncratically by the exposed firms and do not become contagious. This aligns
with the FSB and TAIS view that traditional underwriting activities do not pose
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Table 4.6: Impact of each event on the TCI level and volatility (pre- vs post-
event).

Event Loss Type TCI pre | TCI post peak | Change | Pct. Change
Trump Tariffs Asset-side 62.01 88.75 26.74 43.12
LA Wildfires Liability-side 62.46 84.35 21.89 35.04
COVID-19 Both 64.16 80.53 16.37 25.51
Ukraine War Asset-side 66.89 73.42 6.53 9.77
Winter Storm Uri Liability-side 78.75 83.68 4.92 6.25
Spanish Floods Liability-side 61.77 65.42 3.65 5.91
Helene Milton Hurricane | Liability-side 61.85 65.42 3.57 5.77
SVB Collapse Asset-side 67.85 70.54 2.68 3.95
CrowdStrike Liability-side 62.75 64.78 2.02 3.23
Equity Crash Asset-side 60.60 60.88 0.28 0.46
CA Wildfires Liability-side 61.19 61.17 -0.02 -0.04
Hurricane Ian Liability-side 70.28 70.22 -0.07 -0.10
HIM Hurricanes Liability-side 80.06 72.70 -7.36 -9.19

systemic risk, but this is rather created from financial-market activities.

One notable exception is the Los Angeles wildfires in January 2025 (ATCT =
21.89), classified as a liability-side event. However, the post-event window for
this event coincides with the turmoil related to the market uncertainty following
the January 20 American presidential inauguration, suggesting that the measured
TCI increase reflects the asset-side pressure rather than a pure underwriting
loss response. It is also worth noting that the LA wildfires and the Trump
tariffs events do not have a full subsequent window, given their recent nature,
not allowing to verify the complete subsequent response of the system to these
events.

4.5.3 Deep-Dive Analysis

Five events are selected to perform a deeper analysis on the system’s connected-
ness dynamics, each representing a distinct shock archetype:

o HIM hurricanes (2017): the largest liability-side shock in the sample ($92B),
testing whether catastrophe claims propagate systemically or remain id-
iosyncratic;

o COVID-19 (2020): a simultaneous asset-side and liability-side shock, com-
bining a global equity market crash with widespread business interruption
and event cancellation claims;

o Ukraine conflict (2022): a geopolitical shock transmitting primarily through
the asset-side via energy price volatility, sanctions-related asset write-downs,
and sovereign risk repricing;

e SVB collapse (2023): a financial sector shock testing contagion from
banking sector credit risk to the reinsurer investment portfolios;

e Trump “Liberation Day” tariffs (2025): a pure asset-side shock, producing
the highest TCI in the sample, included despite the limited post-event
window.

These five events were selected to represent distinct shock archetypes, enabling
a comparative analysis of how different transmission channels affect connectedness
dynamics. For each event, the short-run TCI reaction is analyzed by identifying
the peak value within the subsequent 40 rolling windows. The pre-crisis mean
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Table 4.7: Comparison of pre and post event TCI values.

HIM Hurricanes | COVID-19 | Ukraine War | SVB Collapse | Trump Tariffs
Pre crisis mean 80.06 64.16 66.89 67.85 62.01
Peak TCI value 82.86 82.43 73.42 70.54 88.75
Peak TCI window -19.00 40.00 8.00 5.00 6.00
Recovery time NA NA 1.00 1.00 NA
Post crisis TCI mean 63.59 79.06 68.09 62.58 NA
Change -16.47 14.90 1.20 -5.28 NA
Pct. change -20.57 23.22 1.79 -7.78 NA

is computed over the 20 windows preceding the event; the post-crisis mean is
computed over windows 20 through 40 following the event, excluding the acute
phase to assess whether the shock induced a persistent regime change.

The HIM hurricanes generated the highest negative response to the TC
(ATCI = —7.36), as the event occurred during an already-declining trend. The
connectedness level before the event was on a high regime state, with an already
mean reverting trend, as the peak was registered 8 windows prior to the event.
However the massive NatCat event and the estimated loss of 92$B did not stop
the declining trend. This supports the idea that liability-side losses are absorbed
asymmetrically by the system, as only exposed firms are hit by the shock, which
reduces the co-movement rather than increasing it.

The COVID-19 pandemic, the second highest AT'CI change among the
selected events, showed a steady increase after the initial surge following the
event, with a post-crisis mean 23% above the pre-crisis level, computed for
windows 20 to 40. This event caused a regime change, moving a low connected
system to a high connected one, with the peak registered at the 40" window,
meaning that the increase persisted during the entire period, with only brief
temporary dips in the TCI within the overall upward trend, resulting in a
more connected network. A similar reaction is visible from another asset-side
event, the Trump Tariffs of April 2025. Despite the right-censoring of the post-
event window, the acute response was fully captured, resulting in the highest
TCI change between the peak and the pre-event crisis, with a ATCI = 26.74
increase. Although the post-crisis mean cannot be computed, due to the missing
windows, the volatility shocks caused by the market crash and equity market
uncertainty induced co-movement among reinsurance companies, increasing the
connectedness of the system.

The outbreak of the Russian-Ukrainian conflict instead caused a delayed
response that reached its peak value after 8 rolling windows, while just 5 were
needed for the SVB collapse. Moreover, the two events had an equal response
subsequent to the peak TCI value, as both the financial crisis of 2023 and the
Ukraine war of 2022 recovered just after one rolling window, with the bank sector
turmoil causing a reduction from the pre crisis level by AT CT = 2.68, while the
geopolitical event left the TCI almost unchanged (AT'CI = 7), not producing
significant regime changes. This restricted effect on TCI shows that the contagion
to the reinsurance market was contained. Instead, for the Ukrainian case, the
system responded more slowly, stabilizing the post crisis mean after 16 windows.
Despite the initial similar reaction, the geopolitical importance of the conflict
and the relative instability it introduced meant that its effect was more persistent
over time.
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Figure 4.11: TCI plot for the 20 windows prior to the event and the 40 windows
subsequent.
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4.5.3.1 HIM Hurricanes

The liability-side shock produces a clear shift in roles among specialty reinsurers.
RenaissanceRe, whose business model is concentrated in US property catastrophe
reinsurance, transitions from the dominant net transmitter to a net receiver,
consistent with its disproportionate exposure to HIM losses. Conversely, AXA
XL’s diversified European platform increased its net transmitter role, suggesting
that the shock redistributes influence from exposed specialists toward less-exposed
diversified generalists. This asymmetric firm-level response explains the negative
aggregate TCI change: rather than synchronizing the network, the NatCat shock
fragmented it along geographic exposure lines.

Date: 2017-08-21
Window: -1

CGL

Continent [ ] America [ ] Asia [ ] Australia [ ] Europe

Net.25.50.75

weight 005 -—— 010 —— 015 — 020

Figure 4.12: Network at the window before the HIM (Harvey, Irma, Maria)
hurricanes.
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Figure 4.13: Network at the window for the HIM (Harvey, Irma, Maria) hurri-
canes.
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Figure 4.14: Network at the window after the HIM (Harvey, Irma, Maria)
hurricanes.

As Figure 4.12 through Figure 4.14 shows, the networks display a trend
of declining TCI value, with subsequent windows showing a more dispersed
periphery, with net variance contribution roles becoming less clear and more
uniform across the network. This trend is consistent with what is shown in
Figure 4.11, and provide a visual representation of the ability of the sector
to sustain even large catastrophic events, without significantly increasing the
interconnectedness of the system, raising the volatility spillovers between nodes.
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Figure 4.15: Three largest positive changes in net-strength (solid lines) and three
largest decreases in net-strength (dashed lines) before and after the HIM event.

Figure 4.15 shows instead the three companies that underwent the highest
decrease and increase in net-strength values in the pre-crisis and post-crisis period.
The windows used to analyze the pre-crisis are the 20 preceding the event, while
the post-crisis values are computed from windows 20 to 40, to consider a rather
stabilized phase. The highest increase or decrease are calculated on the average
values of the pre- and post- event periods. In this case, the companies that
changed their role in the network are the ones more exposed to risk: American
companies exposed to hurricanes risk increased their transmitter role, but the
overall market was not affected by this increase, and it rather decreased the
overall transmission role of the other major reinsurers.

4.5.3.2 COVID-19

The simultaneous asset-side and liability-side shock rearranges roles along dif-
ferent dimensions. European reinsurers Generali and Munich Re, among the
largest by total assets, emerge with increased net variance explainer roles. Their
dominant investment portfolios, heavily allocated to European sovereign and
corporate bonds, experience simultaneous mark-to-market losses during the
March 2020 liquidity shock, consistent with the asset-side channel amplifying
their influence on the network. Contrariwise, Asian firms (Taiping Re and The
Toa Re) and specialty player (QBE) declines. The pattern is consistent with
European equity markets, heavily weighted in reinsurance portfolios, driving the
initial contagion signal, while Asian and Australian firms respond with delay.
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Figure 4.16: Network at the window before the COVID-19 market decline.
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Figure 4.17: Network for the window at the COVID-19 market decline.
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Figure 4.18: Network at the window after the COVID-19 market decline.
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Figure 4.19: Three largest positive changes in net-strength (solid lines) and three

largest decreases in net-strength (dashed lines) before and after the COVID-19
event.

Visual representation of the structure dynamics and main cluster evolution can
be seen in Figure 4.16, Figure 4.17, and Figure 4.18: all windows show European
reinsurers forming a dense central cluster connected by thicker edges, while

Direction == =+ Decreased

Increased

Asian firms remain at the periphery of the network with smaller sizes. The high

connectedness values for the pre-event (77), event (80.5) and post-event (77.50)
are a consequence of the spike in the previous windows, as shown in Figure 4.11.
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The tight connectedness value (all in the high regime section), and the consequent
close disposition of the nodes in the plots show the systemic vulnerability of
crisis of this type: the volatility explanation spread more rapidly due to the
conformation given by the stress period, and the high interconnectedness of the
global reinsurance market.

Figure 4.19 confirms the dual-channel rearrangement: Generali and Munich
Re climb in net-strength across the post-event window while Taiping Re and
China Reinsurance Corp decline, as market losses on European bond portfolios
lift the large European contributors over Asian and specialty firms.

4.5.3.3 Ukraine War

Although the Ukrainian war affected the FEuropean continent more closely, the
highest changes in net variance explanation roles did not include dominant
FEuropean reinsurers. The highest positive changes were in fact seen for the
Japanese (6809.T and 8725.T), while Hiscox Ltd saw its net variance role decline.
However, the absence of major European spikes in net-strength values can be
explained looking at the recent past: COVID-19 already created a strong position
of variance contribution to the whole market from major European and American
reinsurers, as Figure 4.7 showed. The geopolitical crisis of early 2022 consolidated
this market condition rather than radically disrupting it.
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Figure 4.20: Network at the window before the onset of the Russia-Ukraine war.

81



Date: 2022-02-16
Window: 0

A003690.KS

1508.H
HSX.

Continent ®  America ® Asia ® Australia @  Europe

Net.20.40.60

weight 01 — 02 — 03

Figure 4.21: Network for the window of the onset of the Russia-Ukraine war.
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Figure 4.22: Network at the window after the onset of the Russia-Ukraine war.

Figure 4.20 shows that the pre-event network exhibits elevated node sizes,
continuing the high connectedness regime established during COVID-19. The
relative connectedness measure remains stable throughout the event and the
post-event windows (Figure 4.21, Figure 4.22), without any relevant detectable
structural change.

Figure 4.23 shows only modest, mean-reverting shifts, with magnitudes small

enough to confirm the conflict consolidated the existing COVID period hierarchy
rather than reshaping it.
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Figure 4.23: Three largest positive changes in net-strength (solid lines) and three
largest decreases in net-strength (dashed lines) before and after the Ukraine-
Russian conflict.”

4.5.3.4 SVB Collapse

The banking crisis of March 2023 saw the Japanese reinsurer Tokio Marine,
changing its position from a net variance receiver to a net variance explainer, as
shown in Figure 4.27. Even more marked was the movement of AXIS Capital,
which moved from a net-strength value of ~ —0.5 to a peak value of ~ 0.8. This
is consistent with the firm’s exposure to US fixed-income assets and the interest
rate shock that precipitated SVB’s failure and simultaneously created mark-
to-market volatility across Japanese and dollar denominated bond portfolios,
increasing the variance contribution of these companies in the network. Swiss Re,
Toa Re and Hannover Re instead moved in the opposite direction, transitioning
to net receiver positions. The SVB crisis activated peripheral firms with asset or
liability exposure in the US banking sector.
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Figure 4.24: Network at the window before the SVB collapse.
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Figure 4.25: Network at the window of the SVB collapse.
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Net Strength

Figure 4.27: Three largest positive changes in net-strength (solid lines) and
three largest decreases in net-strength (dashed lines) before and after the SVB
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Figure 4.26: Network at the window after the SVB collapse.
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collapse.

Figure 4.26 clearly shows an already increased node size for Asian compa-
nies, compared to Figure 4.25 and Figure 4.24, consistent with the finding in
Section 4.4.1 where the trend of major variance contributors started to shift
towards Japanese and Asian reinsurers. The increased connectedness is coherent
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with what is shown in Figure 4.11, as the post-event window saw a TCI increase
of 2.64 indicating a relatively quick market response to the event, but a later
tendency to return to the pre-event TCI measure.

Figure 4.27 illustrates the role reversal of US-exposed firms: AXIS Capital
and Tokio Marine rise sharply into net transmitter role, while Swiss Re and Toa
Re drop to net receivers, isolating the rate shock to firms with US fixed income
exposure.

4.5.3.5 Trump Tariffs

The pure asset-side shock compresses firm-level net-strength toward the mean,
as the indiscriminate equity-bond sell-off affects all reinsurers simultaneously.
Swiss Re, the pre-crisis dominant transmitter (Net-Strength ~ 1.0), declines
sharply, while previously net receiver firms, like Berkshire Hathaway, AXA XL,
and Mapfre, increase rapidly becoming the net variance contributor companies
of the system. The post-event window is truncated due to sample end, limiting
interpretation of the post-crisis regime.
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Figure 4.28: Network at the window before the Trump “Liberation Day” Tariffs.
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Figure 4.29: Network at the window of the Trump “Liberation Day” Tariffs.
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Figure 4.30: Network at the window after the Trump “Liberation Day” Tariffs.

The Trump tariffs event provides the clearest visual contrast across all five
events. The network for window -1 (Figure 4.28) is dispersed with major variance
contribution roles in American and Asian companies, as the TCI value confirms
(57.62). By window +1 (Figure 4.30), all nodes collapse into a tightly compressed
center, increasing the connectedness index by 26.74 TCI units value and showing
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Figure 4.31: Three largest positive changes in net-strength (solid lines) and
three largest decreases in net-strength (dashed lines) before and after the Trump
tariffs.

the return as variance explainer of European reinsurers, a behavior possibly
explained by the historical commercial partnership between European countries
and the US, that faced increasing tumbles with US tariffs threats. The rapid
response and structural change of the network show that systemic events external
to the industry can have an impact on the dynamics of variance spillovers.

4.5.4 Cross-Event Stability of Firm’s Rankings

To test whether the ranking of net transmitters is preserved across shock types,
the pairwise Spearman rank correlation of company net-strength ranking across
the five crisis networks is computed (Table 4.8). Two pairs of events show
statistical significance at the 5% level: COVID-19 and Ukraine conflict (p = 0.466,
p = 0.012), and the Ukraine conflict and the SVB collapse (p = 0.462, p = 0.012).
This suggests that for moderate shocks with an asset-side component, the
structural hierarchy of net transmitter, dominated by large European reinsurers,
is partially preserved. However, neither the HIM hurricanes nor the Trump tariff
shock exhibit statistical significance with any other.

4.5.5 Cross-Event Net Delta Correlation

To test whether the same firms consistently change their systemic role in the
same direction across events, we computed the spearman rank correlation of
net-strength variations (A Net-Strength) for the 27 companies in each event pair
(Table 4.9). No pairwise correlation achieved statistical significance following
adjustments for multiple comparisons. The strongest observed relationship
is between the SVB collapse and Trump tariff shock, indicating that firms
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Table 4.8: Pairwise Spearman correlation of companies’ net-strength ranking

across the five events.

Event 1 Event 2 p | p-value
COVID-19 Ukraine War 0.53 0.00
COVID-19 SVB Collapse 0.12 0.56
COVID-19 HIM Hurricanes | 0.30 0.12
COVID-19 Trump Tariffs 0.21 0.28
Ukraine War SVB Collapse 0.40 0.04
Ukraine War HIM Hurricanes | 0.40 0.04
Ukraine War Trump Tariffs 0.23 0.24
SVB Collapse HIM Hurricanes | 0.12 0.56
SVB Collapse Trump Tariffs 0.34 0.09
HIM Hurricanes | Trump Tariffs 0.30 0.13

Table 4.9: Spearman correlation of net-strength variation for the five events
considered.

Event 1 Event 2 p | p-value
HIM Hurricanes | COVID-19 -0.22 0.28
HIM Hurricanes | Ukraine War 0.04 0.86
HIM Hurricanes | SVB Collapse | 0.40 0.04
HIM Hurricanes | Trump Tariffs | -0.35 0.07
COVID-19 Ukraine War | -0.35 0.07
COVID-19 SVB Collapse | -0.21 0.30
COVID-19 Trump Tariffs | 0.22 0.26
Ukraine War SVB Collapse | -0.35 0.08
Ukraine War Trump Tariffs | -0.06 0.78
SVB Collapse Trump Tariffs | -0.29 0.14

exhibiting heightened net transmitter functionality during the banking crisis
subsequently demonstrated reduced functionality during the trade policy shock,
and vice versa. The line plots of the net-strength change confirm this result: the
company composition does not follow a specific pattern, and varies across events,
with no single firm consistently maintaining a dominant position. This absence
of stable, cross-event roles implies that firm-level systemic importance within
the reinsurance sector is contingent upon the nature of the shock, rather than
reflecting a fixed structural property of the network.

Taken together, these results suggest a partial stable core hierarchy of net
transmitters that persists across moderate asset-side shocks, co-existing with
event-specific perturbations that prevent any single firm from consistently am-
plifying or absorbing shocks across all crisis types.

4.6 Early Warning Signal - VIX Analysis

To test the predictive capacity of TCI relative to the whole market movements,
we tested the reinsurance network’s volatility against the Chicago Board Options
Exchange Volatility Index (VIX), which is usually used as a proxy for market
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volatility, as in Diebold and Yilmaz (2014). The data for the VIX were collected
from Yahoo Finance. To ensure alignment with the rolling window methodology
- which used a 5-day step size - the VIX was aggregated into a 5-day trailing
average, mapping the macroeconomic sentiment directly to the time-step of the
connectedness index. Furthermore, to avoid spurious regression problem, as
highlighted by Granger and Newbold (1974), related to the high persistent TCI
resulting from the rolling window construction - attributable to 98% of shared
data created by the 5-day shift - the cross-correlation was evaluated on the first
difference of the two series (ATCT and AVIX). The innovation series were then
tested applying a cross correlation function and a multi-lead lag correlation, and
the latter results are graphically shown in Figure 4.32.
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Figure 4.32: Lead lag correlation of the first difference of the T'CI and VIX time
series. Each lag corresponds to a 5-day period.

The correlation functions peaks at lag 0, showing a contemporaneous trans-
mission of reinsurance connectedness. The network reacts within the same 5-day
trading window as the board market, suggesting that the reinsurance sector
is integrated into the global financial system, making the TCI a “Coincident
Indicator” rather than a “lagging indicator”, capturing market shocks in real
time. However, the highest correlation achieved (p = 0.350) implies that approx-
imately only 12% of the weekly variation in reinsurance market connectedness is
explained by equity market volatility. This highlights two different behaviors:
while the reinsurance market reacts rapidly and almost simultaneously to market
movements, the intensity of the reaction remains largely driven by idiosyncratic
factors. The remaining variance is likely attributable to liability shocks, internal
network rewiring, or lag effects. Thus, while the sector is well connected in
terms of information transmission, it remains insulated in terms of magnitude,
preventing a one-to-one coupling with the broad market sentiment.

Regarding other major fluctuations in the correlation structure, observed
spikes at non-zero lags (like at lag -12 or at lag +5) fall within the bounds of
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statistical noise and lack significance. The absence of significant lead or lag
effects confirms that the VIX cannot be used to predict future movement of TCI.

4.7 Conclusion

This chapter extended the static connectedness framework of Chapter 3 to a
full dynamic analysis, estimating 349 rolling BVAR, windows over the 2015-2025
sample and tracing the evolution of network topology, firm-level roles, and
structural stability.

At the system level, the Total Connectedness Index reveals a structurally
non-stationary market. The OLS-CUSUM test rejects mean stationarity, and
the Bai-Perron algorithm identifies four structural breaks corresponding to five
regimes: an initial high-connectivity phase, a stabilization period, the COVID-19
peak, a prolonged elevated phase, and a gradual normalization. The bimodal
TCI distribution confirms that the reinsurance system does not revert to a single
equilibrium but oscillates between two distinct states. This finding directly
qualifies the static results of Chapter 3: a Total Connectedness value of 74.278
exceeds the rolling window mean of 68.2 by approximately 6 TCI units. Since
the static BVAR was computed over the full 1,993 observation sample, this
gap reflects the upward pull of the high-connectivity regime on the full sample
average.

The topology analysis revealed an asymmetric network that contracts faster
than it expands. The 2.2x ratio between the APL response coefficients to T'CI
increases(—0.003) and decreases (—0.007) shows that the network’s structural
compactness reacts far more sharply when connectedness recedes than when
it builds: the architecture tightens gradually under accumulating stress but
loosens abruptly once that stress passes. The modularity evidence reinforces
this: community boundaries erode sharply during high-connectivity periods
(p(Modularity, TCI) = —0.78), meaning that geographical or functional segmen-
tation provides less containment precisely when it is most needed.

At the firm level, the persistent versus reactive centrality classification uncov-
ers systemic institutions not detected through static BVAR. Chubb and Mapfre
rank among the top eigenvector hubs across all rolling windows despite their
absence from the static centrality ranking, while reactive firms shift between the
network core and periphery during stress. The event analysis further shows that
the stable core hierarchy of net transmitters is only partially preserved across
shocks: COVID-19 and Ukraine conflict showed the highest significant rank
correlation (p = 0.47), but the HIM hurricanes and the Trump tariffs produce
no significant rank correlation with any other event. This shows that firm-level
systemic importance within the reinsurance network is not a fixed structural
property, but it is rather contingent on the transmission channel. Asset-side
shocks synchronize the network and amplify the European transmitter hierarchy,
while liability-side shocks fragment it along idiosyncratic exposure lines.

The VIX cross-correlation analysis supports this aspect. The TCI behaves as
an indicator of broad-market stress, with correlation peaking at lag 0 (p = 0.35),
but only ~ 12% of weekly TCI variation is explained by equity market sentiment,
leaving the bulk attributable to network-internal dynamics and idiosyncratic
reinsurance shocks. This seclusion limits the scope for using broad-market
instruments as early-warning proxies for reinsurance connectedness.
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These findings establish two components of systemic risk that the topological
and connectedness analysis alone cannot resolve: the magnitude of the economic
damage that a distress firm inflicts on the broader system and whether firms
identified as persistent network hubs constitute genuine Systemically Important
Financial Institutions in the regulatory sense. Chapter 5 addresses both questions
by combining tail-risk measures with cross-validation against the centrality and
net-strength rankings.
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Chapter 5

Systemic Importance

5.1 Introduction and Motivation

In previous chapters we focused primarily on connectedness measures and topo-
logical analysis of how volatility propagates across reinsurers, both in a static and
dynamic state. However, systemic risk emerges not only from interconnectedness
of the system, but also from correlated leverage exposure. To better assess these
two components of risk, we use measures widely used by financial regulators
to assess the vulnerability of financial institutions to market downturns and
observe the response of the market and systemically important institutions to
shock scenarios that simulate extreme tail losses.

5.2 Systemic Risk Measures: a Framework

The network and connectedness analysis of the preceding chapters characterize
how volatility disturbances propagate across the reinsurance system: which firms
transmit, which absorb, and how the topology of those linkages evolves over
time. What they cannot reveal is the magnitude of the economic damage a
firm’s distress inflicts on the broader financial system, nor the degree to which
individual reinsurers would themselves be undercapitalized under a severe and
prolonged market decline. The analysis can be divided into two complementary
dimensions of systemic risk.

The first dimension addresses systemic contribution: the marginal increase in
system-wide tail risk attributable to a specific institution entering distress. The
Conditional Value at Risk (ACoVaR), introduced by Adrian and Brunnermeier
(2016), captures this by measuring the change in the system’s Value at Risk
when a firm transitions from its median state to its distress state. A firm with a
large |ACoVaR| amplifies system-wide tail risk when it fails; one with a small
value remains relatively contained, even if it is highly connected. This outward
perspective, from the firm towards the system, is complemented by an inward
one: the Marginal Expected Shortfall (MES) of V. Acharya et al. (2010), which
quantifies the expected loss a firm sustains on the days the market itself is in
its worst tail. MES identifies institutions that are most vulnerable when the
system is already under stress, and thus most likely to require recapitalization
at precisely the moment it is most costly.
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The second dimension concerns capital adequacy under stress. Building on the
MES framework and the Capital Shortfall Approach of V. Acharya, Engle, and
Richardson (2012), Brownlees and Engle (2016) developed the SRISK measure,
which integrates the firm’s market-based loss sensitivity with its balance-sheet
leverage and regulatory capital requirements. SRISK reports the expected capital
shortfall conditional on a severe market decline sustained over several months.
Unlike MES, which is a return-based measure, SRISK is expressed in currency
units and is therefore directly comparable across firms of different size and
geographical location.

Together, ACoVaR, MES, and SRISK provide three complementary lenses on
systemic importance: contribution to tail risk, vulnerability under market stress,
and expected capital shortfall. To these market-based measures we add a fourth,
structural perspective through the Generalized Impulse Response Functions
(GIRF) derived from the BVAR model estimated in Chapter 2. Rather than
conditioning on market returns, the GIRF framework traces how a one-standard-
deviation shock to a specific firm’s volatility propagates through the network
over a defined horizon, yielding the Systemic Impact Index (SII) as a summary
of each firm’s total contagion capacity.

These four measures map different economic directions: the ACoVaR runs
from the firm to the system, capturing the systemic contribution of each firm;
MES and LRMES run from the system to the firm, capturing the vulnerability
of each firm compared to the whole system; SRISK reads the balance sheet data
and express capital adequacy in currency units; the SII runs from the firm into
the network, summarizing contagion capacity.

5.3 Conditional Value at Risk
5.3.1 Methodology

CoVaR measures the Value at Risk of the financial system conditional on
an institution being in distress, while the ACoVaR isolates each institution’s
marginal contribution to systemic risk, allowing identification of each reinsurer’s
marginal contribution to the entire system’s risk when it enters distress.
Mathematically, the CoVaR measure of firm ¢ can be expressed as:

CoVaR;ys‘i = VaR, (r*v*|r' = VaR,(r")) (5.1)

where 7%Y* represents the system returns conditional on 7%, the returns of
the firm in distress, and the market state variables M,. The ACoVaR is then
computed as

ACoVaR™" = CoVaR¥* " — CovaRy ™ (5.2)

Firms with higher ACoVaR are those whose distress destabilizes the system,
while firms with low ACoVaR cause less material distress to the system, even if
their net-strength and connectedness measures are high.

For the empirical analysis, firms’ returns were tested against the MSCI World
Index ETF (Ticker: IWDA.AS) to test the distress effects of reinsurance compa-
nies on the broader market. The choice of the system proxy is consequential for
ACoVaR. The MSCI World Index represents the aggregate global equity market,
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much larger than the actual reinsurance sector. Measuring each reinsurer’s
contribution to tail risk therefore produces conservative |[ACoVaR| estimates:
a firm central to the reinsurance network but small relative to global equity
markets will register low values against the MSCI even if its distress is effective
in the reinsurance sector.

The macro state vector comprised 6 economic variables:

o The volatility index (VIX) retrieved from Federal Reserve Economic Data
(FRED) with daily frequencies over the sample period considered, to
account for log-volatility daily changes

e The 10 years and 3 months Treasury Bond rates spread, to account for
long-term and short-term differences in the risk free rates during the sample
period, with data retrieved from the FRED database with daily frequency

o The credit spread between bonds classified at “baa” level against the 10
years treasury bond risk free rate, to account for variations in the cost of
risky credit. The data was gathered from the FRED database with daily
frequency

e The short term 3 month risk free rate, retrieved using daily data from the
FRED database

e The daily market returns using the MSCI World Index as the market proxy

o The real estate returns, calculated against the Vanguard Real Estate ETF
(VNQ), to account for illiquid assets

The returns were fitted on the 0.5 and 0.05 quantiles, to capture the median
state and the tail distress scenario of the return distribution.

5.3.2 Results

The results of the ACoVaR analysis show high absolute values for European
companies, as it can be seen in Figure 5.1. The significance of the estimation
was tested using Huber sandwich (NID) standard errors, with 22 of the 27 firms

retaining statistically significant BZ at 5% significance level. The full ACoVaR
values with their significance level is reported in Table D.4 in the Section D.2.
European companies appear to contribute more to the destabilization of the sys-
tem, as their distress scenario would worsen the tail risk of the entire reinsurance
system.

The ACoVaR analysis reveals a scenario that resembles the one found in
Chapter 3 static analysis for the first companies, but with a divergent picture
for the remaining ones, with bottom positions occupied primarily by American
companies. The relatively low absolute values can point to stable and contained
effects of the reinsurance companies over both the adjacent and related market,
and more remote and disconnected environments.

Figure 5.2 reports the evolution of the aggregated average ACoVaR values of
all the reinsurance companies during the whole sample, with bands representing
the upper and lower 5th quantile values for comparison with the MSCI World
Index. The vertical dashed lines contextualize the measure against the events
considered in Chapter 4. The values remain similar through the whole sample,
with later measures having a smaller range (quantile values are closer) compared
to the measures at the start of the period. The most notable decline is in
correspondence with the COVID pandemic.
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Figure 5.1: Delta CoVaR absolute values for each company in the sample.
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Figure 5.2: Delta CoVaR evolution over time with MSCI benchmark bands at
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As a robustness check, the ACoVaR analysis was replicated using the iShares
U.S. insurance Sector ETF (IAK) as an alternative system proxy, measuring
each reinsurer’s contribution to US insurance sector tail risk rather than the
global equity market. The two results yield a Spearman rank correlation of
p = —0.433, confirming that they capture almost inverse dynamics of systemic
risk. Under the TAK specification, American reinsurers occupy the top position,
displacing the European firms that dominate the MSCI-based ranking, with
American companies’ distress amplified within the US insurance sector through
domestic co-movement. However, it is important to note that Chubb, Arch
Capital Group, and W.R. Berkley Corp. (the top 3 companies in the replicated
CoVaR analysis) are also contained in the IAK ETF, amplifying their effects over
the considered sector. Also given this limitation, the MSCI-based proxy remains
the primary analysis, as it measures spillover potential into the broader financial
system. This near-inverse ranking offers a key result. Against the global market,
the European reinsurers act as cross-sector contagion vectors, whereas against
the US insurance sector, American firms dominate within-sector co-vulnerability.
The two specifications answer different questions, and the divergence underscores
that the label systemic is incomplete without specifying the reference system
against which it is measured.

5.4 Marginal Expected Shortfall
5.4.1 Methodology

Marginal Expected Shortfall quantifies the expected firm return conditional on
extreme negative market returns that exceed the left-tail 5% threshold. It is
driven by three main factors: the market beta 3, the correlation between the
market returns and the firm returns, and the volatility of the firm returns.

MES,; = E[ri|r"* < VaR o5 (r™)] (5.3)

As market conditions vary significantly and rapidly, static MES provides lim-
ited informational value in a dynamic setting. To grasp the dynamic behavior of
the market and its risk, we estimated the dynamic M E'S through a GJR-GARCH
DCC model (Engle 2002) to compute the dynamic conditional correlation of
the market and the returns of the firm in a distress scenario. We assume that
the standardized firm return z; ; can be decomposed into a component driven
by the market innovation z,, , and an idiosyncratic innovation &; ;, such that

_ 2
Zit = Pit%m,e T 1— Pi,tfi,r

MESz = Ui,t (pi,mk:t,t : E[kat ‘ kat < C] + \/ (1 - pzz,mkt,t) : E[gz | kat < O])

where C is the threshold corresponding to the market’s 5% quantile. In this
framework, the first expectation captures the systematic tail component, while
the second expectation captures any residual tail dependence not accounted for
by the DCC correlation.

Since the static MES captures only single-day dynamics, to include long-
lasting crisis periods the Long Run Marginal Expected Shortfall (LRMES) was
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introduced, extending the MES concept to multi-month horizon without the
limitations of the single-day sensitivity. It can be expressed mathematically as

LRMES ~ 1 — exp(log(1 —d) x ;) (5.4)

where d is the fraction of market decline and g is the time-varying market beta
of firm 4. It is estimated from the GJR-GARCH DCC model as 3; , = p; ; x ;t

where o, ; and o, , are the GJR-GARCH conditional volatilities and p; ; is the
DCC conditional correlation. The time-varying beta is evaluated at each balance-
sheet date using the DCC-estimated f3; ;, but it is treated as constant over the
126-day horizon within the closed-form approximation shown in Equation 5.4.

The combination of the GJR-GARCH with the DCC model allows to capture
the evolution of volatility and correlations over time, encoding the typical
behavior of financial markets, such as volatility clusters, asymmetrical impact of
bad news, and correlation spikes during crises.

The GJR-GARCH(1,1) and DCC models and their relative coefficients are
presented in more detail in Section D.3.

However, some important approximations are worth noting. The closed-form
approximation assumes log-normally distributed returns and that daily shocks
are independent across time. It also implies constant proportional leverage
over the horizon, as the formula does not account for endogenous balance-sheet
adjustments. The use of the same time-varying beta formula for all reinsurers
introduces, moreover, a time-zone bias: Asian companies reflect the previous day’s
US closure, creating potential spurious intraday correlations. These limitations
might result in an underestimation of true crisis losses and for a more detailed and
regulatory framework they should be addressed in careful and precise manner.

)

5.4.2 Results

Figure 5.3 provides a graphical representation of the average MES value of the
reinsurance companies, with dispersion around the 5% and 95% quantiles. In
particular, the highest losses are in correspondence with the COVID-19 pan-
demic, with average expected losses greater than 10%. The widening dispersion
accompanying the MES declines suggests that it is not uniform across the firms,
indicating that losses may be concentrated in a subset of companies, not spread-
ing further. This concentration is consistent with the asset-side idiosyncratic
split identified in Chapter 4, where the sector as a whole is more resilient than
its most-exposed members, whose losses deepen disproportionately as the market
enters its tail. Other events, even related to the reinsurance sector, do not seem
to cause spikes in the system average MES, showing a greater resilience of the
sector to market declines. Notable spikes are at the end of the sample period,
coinciding with the “Liberation day” tariffs, and one in the second half of 2016,
not coinciding with any detected event.

Figure 5.4 shows the 5 companies with the highest average MES values. Rein-
surance Group of America, represented by the purple line, is consistently above
other companies, with sharper and more frequent declines, possibly indicating
greater sensitivity to market downturns.

High correlation was noted especially between Generali and AXA (p > 0.8),
indicating greater co-movements and similar loss responses by these reinsurers. It
is worth noting that all three companies operate also in other financial sectors, as
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Table 5.1: MES values averaged over the whole observations. The values are
reported in ascending order: first values (greater absolute values) mean higher
expected losses in bad market days.

Ticker average MES
SCR.PA -0.024
CS.PA -0.021
G.MI -0.021
MUV2.DE -0.020
RGA -0.018
SREN.SW -0.018
HNR1.DE -0.018
MAP.MC -0.017
0966.HK -0.016
HSX.L -0.014
SPNT -0.013
8630.T -0.013
8766.T -0.013
8725.T -0.012
ACGL -0.012
MKL -0.011
AXS -0.010
EG -0.010
BRK.A -0.010
1508.HK -0.009
CB -0.009
6809.T -0.009
FFH.TO -0.009
RNR -0.008
WRB -0.008
QBE.AX -0.006
003690.KS -0.005
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Figure 5.3: Aggregate average Marginal Expected Shortfall evolution over the
sample period.

Generali and AXA undertake also primary insurance services, possibly explaining
the higher correlation in the expected loss. This is a reminder that reinsurance
companies span heterogeneous business models, and that the most MES exposed
firms tend to be the most multi-line and asset-heavy companies, reinforcing the
reading of the systemic risk driven by asset-side channels.

Figure 5.5 instead reports the average values of the aggregated MES by
continent. Clearly, European companies account for higher expected losses,
confirming the pattern already seen in Chapter 3 and 4. American companies
highly correlate with European ones (p ~ 0.90), while Asian reinsurers tend
to correlate less with European and American markets (p ~ 0.56 and p ~ 0.46
respectively). From the line chart, it is possible to see the tendency of Asian
firms to recover more rapidly from market losses: the declines are more contained
(smaller absolute value) and rapidly return closer to zero, indicating that the
expected losses of these firms are smaller and they last for a more limited period.
Economically, Asian reinsurers appear more insulated from global market turmoil,
partly due to the domestic orientation and a distinct underwriting cycle, and
partly through the time-zone artifact that may inflate their measured correlation.
In either way, the pattern reinforces their peripheral role in the system.

As done in Section 5.3, the MES specification was tested against the US
insurance sector proxy (IAK), and here as well the geographic pattern inverts:
American firms record the largest expected losses on days when the US insurance
sector is in its left tail, while European and Asian firms rank lower. The cross-
specification Spearman rank correlation is p = 0.156, reflecting the different
answer of the MES in the MSCI and TAK based systems. The MSCI results are
consistent with the greater integration into international capital markets and
larger equity float. The TAK result, despite the high global interconnectedness
and the low community separation detected (recall the low modularity score,
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Q@ = 0.162), still shows domestic-market influence.

5.5 SRISK

SRISK extends the MES frameworks by incorporating leverage considerations
and capital requirements theory. This measure combines market-based risk
measures with balance sheet data, based on the core idea of Capital Shortfall
Approach introduced by V. Acharya, Engle, and Richardson (2012), in which
a new method was proposed to estimate the capital required by a financial
institution to survive another financial crisis.

The SRISK assesses the capital structure of reinsurance companies in stress
scenarios, combining leverage, market sensitivity (LRMES) and regulatory capital
requirements. It accounts for the fact that, in a crisis scenario, a firm’s ability to
raise funds is typically hampered by adverse market conditions. Mathematically,
it is defined as follows:

SRISK;, = k x DEBT; , — (1 — k) x EQUITY, , x (1 — LRMES, ,)

where k is the capital prudential ratio that determines the minimum equity
that a firm must hold as a fraction of total assets. Following the benchmark
prudential ratios adopted in the systemic risk literature (Brownlees and Engle
2016), a capital ratio of k = 8% is applied uniformly for all reinsurers.

The DEBT values represent the financial leverage and were extracted from the
balance sheet data available on Yahoo Finance for the financial years 2024, 2023,
and 2022, under the line item ‘Total Debt’. The EQUITY was then calculated
by extracting the ‘Ordinary Shares Number’ for each fiscal year and multiplying
it by the closing price at the date at which the balance sheet was published.
The values are then reported in USD. As some companies have different fiscal
year-end dates, the price and exchange rate were calculated at the indicated
closing date on the balance sheet, but the overall calculation was carried out
considering the end of the year as the standard closing date for the fiscal year.
In addition, different accounting standards were not considered. However, these
limitations are acceptable for the purpose of assessing the framework and are
left for more detailed future studies.

Under the data we extracted, no firm records positive SRISK under any
of the severity scenarios tested (small, medium, and large severity, with d =
0.20, 0.40, 0.60 respectively) or fiscal year. Aggregate capital shortfall equals zero
across all specifications. This result reflects a structural feature of reinsurance
balance sheets: firms fund operations primarily through float, not financial debt,
making financial leverage modest relative to market capitalization. SRISK was
designed for bank-like leverage structures where financial debt is much greater
than equity. Applied to reinsurance companies, the measure confirms capital
adequacy rather than identifying shortfall. This result complements the ones
reported earlier: European reinsurers are important contagion vectors, with high
ACoVaR and MES values, but not as leveraged counterparties facing capital
shortfall. This implies that being a transmitter of systemic risk and being a
fragile, under-capitalized counterparty are distinct, and that the European core
identified in the previous chapters exhibits the first without the second.

Two qualifications sharpen rather than overturn this reading. The balance-
sheet sample spans only three fiscal years (2022-24), a moderate-connectedness
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window, so capital-adequacy risk during the high-TCI regimes of Chapter Chap-
ter 4 is plausibly understated: zero shortfall now does not guarantee zero shortfall
in a high-regime crisis. Moreover, the uniform k = 8% prudential ratio is a
banking benchmark, whereas insurance capital regimes such as Solvency II oper-
ate differently; part of the zero-shortfall result thus reflects a model-instrument
mismatch, which strengthens rather than weakens the conclusion that SRISK is
not the natural capital tool for float-funded insurers.

5.6 Descriptive Shock Propagation Scenario

The second part of systemic risk assessment focused on the stress testing through
the use of counter factual shock scenarios. The BVAR model estimated in
Chapter 2 is used to estimate a Generalized Impulse Response Function (GIRF)
in which one standard deviation shock is applied to firm k’s volatility equation,
tracing propagation through the network via IRF over a h-step horizon.

5.6.1 Methodology

Building on the BVAR model estimated in Chapter 2 and applied in the static
and dynamic analyses of Chapters 3 and 4, we extend the same framework to a
stress testing exercise through Generalized Impulse Response Functions (GIRF).
Following Pesaran and Shin (1998), we adopt the GIRF framework rather than
orthogonalized IRFs to preserve invariance to the ordering of variables in the
system and provide consistency with the Generalized Forecast Error Variance
Decomposition approach used throughout this work, as GIRFs are not structural,
but rather ordering-invariant, reduced-form conditional forecasts with no causal
identification strategy. Under this framework, a shock to firm 7 is not assumed
to leave contemporaneous innovations in other equations at zero but instead, the
expected response of the full system is conditioned on the observed covariance
structure. Formally, denote the h-step moving-average coeflicient matrices ®,,
derived from the posterior-median lag matrices A, via the recursion:

min(h,p)
Oo=1Iy, = Y &, A, h=12 . H
k=1

The generalized impulse response to a one-standard-deviation shock originating

in firm 4 is then: 5
GIRF,(h) = @, - — (5.5)

7

where ¥ is the posterior-median residual covariance matrix, e; is the i-th unit
selection vector, and o;; is the i-th diagonal element of ¥. The term Xe;/,/0;;
constitutes the generalized impulse vector: it scales the shock to one standard
deviation of firm ¢’s innovation while propagating the contemporaneous cross-
equation correlations implied by X, rather than suppressing them as orthogonal-
ized methods do. Both A, and X are taken at their posterior median, providing
a tractable point estimate consistent with the plug-in GFEVD computed in
Chapter 2.

A forecast horizon of H = 50 trading days is selected, capturing the short-
term propagation window over which volatility shocks are most persistent. To
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aggregate the full cross-firm propagation capacity of each firm into a single
measure, we define the Systemic Impact Index (SII):

SIL, =)

i GIRFHj(h)‘ (5.6)
i

h=1

where GIRF,_,;(h) denotes the j-th element of GIRF,(h). The inner sum ac-
cumulates the response of firm j throughout the horizon; the absolute value
prevents positive and negative responses from canceling; the outer sum aggregates
across all N — 1 receiving firms. A firm with high SII transmits large cumulative
volatility disturbances to the rest of the network following an idiosyncratic shock,

regardless of direction.

5.6.2 Results

The results obtained from the application of the BVAR model impulse response
highlighted the predominant contribution by European reinsurers, as Munich Re,
Generali, AXA XL, and Hannover Riick, with Reinsurance Group of America
being the only non-European to appear in the top 5 SII ranked companies.
Table 5.2 reports the SII values for each reinsurer. The average SII values for
European companies is 22.01, while for American companies this decreases to
16.94, and decreases even further for the Asian companies (9.83). This reflects the
findings that have been highlighted throughout the entire work, with European
firms contributing to volatility disturbance, affecting, with less magnitude, also
peripheral nodes. Figure 5.6 and Figure 5.7 show the different propagation effects
to the log-volatility for Munich Re and Taiping Reinsurance Co, respectively
the first and last companies in the SII ranking. The color scale applied for the
two heatmaps is the same, making the comparison between the two visually
honest. As the dark red bar shows, the propagation of Munich Re lasts for
longer period, while the effects of Chinese company tend to become null or even
negative for further observations. Interestingly, the effects of Munich Re are
more prominent across other European companies, like AXA, Mapfre, or Swiss
Re, while the effects of the Chinese companies, although shorter in time, tend
to span across multiple reinsurers with the similar magnitude. This structure
highlights asymmetric risk propagation across the system, with risk flowing
primarily from Europe to the other closer European companies, and to the other
reinsurers with lower effects, but with more persistent effects, while Asian firms
tend to act primarily as shock absorbers, as their effect is limited in terms of
duration.

Geographical similarity was observed especially between European reinsurers
and between Japanese reinsurers, as visible in Figure 5.8, Figure 5.9, and
Figure 5.10 showing a stronger volatility disturbance, both in terms of duration
and absolute value, while this behavior was not observed for American companies.
This result recalls the observation of the pairwise connections in Table 3.1, where
the explanation of Japanese reinsurers’ volatility was derived primarily from
other domestic companies.
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Table 5.2: Systemic Impact Index rank.

Ticker SII
MUV2.DE 25.382
G.MI 23.888
RGA 23.763
CS.PA 23.394
CB 22.839
WRB 22.754
HNR1.DE 22.723
MKL 22.435

MAP.MC  21.287
SREN.SW  20.949
BRK.A 18.427

EG 18.121
AXS 16.758
ACGL 16.551
RNR 16.253

SCR.PA 15.607
FFH.TO 13.653

8630.T 12.713
1508. HK  12.280
8725.T 11.684
8766.T 11.182
QBE.AX  10.099
HSX.L 10.058
003690.KS  9.331
SPNT 7.619
6809.T 6.462

0966.HK 5.171

5.7 Cross-Validation

To ensure the robustness of our findings, we conduct a cross validation between
the metrics of Chapter 3 and the systemic risk indicators of this chapter. Recalling
the methodology used in the static analysis, the Net-strength and Out-strength
values were used as primary indicators of volatility disturbance of the system.
The correlation used to compare the different metrics was the Spearman’s rank
correlation. The Net-strength exhibits a negative rank-correlation with ACoVaR
(p = —0.653) and with the average MES values (p = —0.486), both significant at
the 5% confidence level. Instead, positive correlation was observed between the
Net-strength and the SII, at p = 0.358. The presence of significant correlation
confirms that the reinsurers identified as primary explainer of log-volatility drift
are also those whose distress generates the most significant marginal increase
in the system’s tail risk and are typically predicting the dynamic contagion
potential during stress events. The negative sign of the ACoVaR and MES
correlations is directionally consistent: high positive Net-strength (net variance
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GIRF Heatmap: shock to MUV2.DE

003690.KS
0966.HK _
1508.HK
6809.T
8630.T
8725.T
8766.T
ACGL
AXS
BRKA
cB
CcS.PA
EG
FFH.TO
GMI

Receiving Firm

HNR1.DE
HSX.L
MAP.MC
MKL
QBE.AX
RGA
RNR
SCR.PA
SPNT
SREN.SW
WRB

0 10 20 30 40 50
Horizon (days)

0.010.020.030.04

Figure 5.6: GIRF heatmap: volatility response of all firms to a shock to Munich
Re (MUV2.DE, highest SII rank).
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GIRF Heatmap: shock to 0966.HK
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Figure 5.7: GIRF heatmap: volatility response of all firms to a shock to Taiping
Re (0966.HK, lowest SII rank).
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GIRF Heatmap: shock to 8630.T

003690.KS
0966.HK
1508.HK
6809.T
8725.T
8766.T
ACGL
AXS
BRK.A
CB
CS.PA
EG
FFH.TO
G.MI
HNR1.DE

Receiving Firm

HSX.L
MAP.MC
MKL
MUV2.DE
QBE.AX
RGA
RNR
SCR.PA
SPNT
SREN.SW
WRB

0 10

20 30 40 50
Horizon (days)

Response “

0.0®.00.02.03.04€.05

Figure 5.8: Japanese companies showing high volatility disturbance between
each other - Sompo International Holdings, Ltd. (8630.T).
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GIRF Heatmap: shock to 8725.T
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Figure 5.9: Japanese companies showing high volatility disturbance between
each other - MS&AD Insurance Group Holding, Ltd. (8725.T)
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GIRF Heatmap: shock to 8766.T
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Figure 5.10: Japanese companies showing high volatility disturbance between
each other - Tokio Marine & Nichido Fire Insurance Co., Ltd. (8766.T).
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Table 5.3: Spearman rank correlation between Chapter 3 centrality measures
and Chapter 5 systemic risk indicators.

Measure vs CoVaR | vs MES | vs SII
Net-strength -0.653 -0.486 | 0.358
In-strength 0.183 -0.039 | 0.681
Out-strength -0.494 -0.558 | 0.702
Eigenvector -0.577 -0.639 | 0.710
PageRank 0.560 0.305 | 0.367

transmitter) corresponds to large negative ACoVaR and MES (large increase in
tail risk under distress), so the negative sign reflects agreement, not opposition,
between the two frameworks.

We further assess the topological results of the static analysis against the
systemic risk measures introduced in this chapter by examining the Out-strength
and Eigenvector centrality relationships.

The correlation between the in- and out-strength and the ACoVaR was also
addressed. Out-strength captures the directional component of a firm’s influence
without netting against received variance (In-strength). Despite removing the
effects of the log-volatility variance received from the others, the correlation
with ACoVaR is interestingly lower (p = —0.494, p < 0.05), indicating that
the Net-strength serves as a stronger indicator for identifying companies that
generate the highest increase in tail risk. Instead, the positive correlation with
the in-strength (p = 0.183), shows that high receiving firms tend to contribute
less to tail-risk. This shows that netting matters: a firm’s net directional role
identifies systemic contributors more sharply than gross transmission alone, since
a firm that both transits and receives heavily is less systemically distinctive than
a clean net exporter. The balance of flows is the better systemic signal.

We also examine the alignment between eigenvector centrality and PageRank
values against the independent market-risk measures. The negative correlation
between the eigenvector and both the ACoVaR and MES, shows that high
eigenvector nodes tend to create higher tail risk, providing a similar interpretation
to the net values, as its high correlation seen in Chapter 3 already suggested.

Regarding the SII, it is important to note that these measures are derived from
the same BVAR model: eigenvector centrality is the principal left eigenvector
of the GFEVD matrix, while the SII is the sum of absolute cumulative GIRFs,
where GIRFs are constructed from the same lag matrices and covariance ¥ that
generated the GFEVD. The observed Spearman rank correlation (p = 0.71) thus
reflects internal model consistency rather than independent empirical validation,
confirming that the BVAR-based network representation is self-coherent, but is
not providing out-of-sample evidence that the GFEVD centrality corresponds
to real-world systemic importance. The independent cross-validation evidence
consists of the ACoVaR and MES reported above.

5.8 Conclusion

This chapter examined the systemic importance of global reinsurers through four
complementary lenses: the marginal contribution to market tail risk (ACoVaR),
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vulnerability under extreme market stress (MES and LRMES), expected capital
shortfall in prolonged downturns (SRISK), and contagion capacity through the
network (SII). Together, these measures extend the purely topological picture
developed in Chapters 3 and 4 by introducing magnitude: not merely who is
connected, but how severely distress in one firm damages the system and whether
the sector holds sufficient capital to absord it.

The ACoVaR and MES analyses converge on a consistent ranking: European
reinsurers generate the largest marginal increases in system-wide tail risk and
sustain the deepest expected losses when markets are in distress. This finding
directly validates the network centrality results of Chapter 3, where the same
firms occupied dominant positions in Out-strength and Eigenvector centrality.
The cross-validation in Section 5.7 formalizes this correspondence: Net-strength
is significantly rank-correlated with both ACoVaR (p = —0.653) and MES (p =
—0.486), confirming that reinsurers identified as primary variance contributors
through the GFEVD are also those whose distress generates the most material
increase in tail risk.

Regarding SRISK, no firm in the sample records positive SRISK under any
severity scenario or fiscal year examined. Aggregated capital shortfall equals
zero across all specifications. This confirms that the sector’s financial leverage is
structurally modest relative to its market capitalization, and that the European
contagion vectors identified through ACoVaR and MES are not simultaneously
exposed to capital shortfall risk under standard metrics. This separation aligns
with the international shift from the entity-based G-SII designation toward the
activities-based Holistic Framework of the IAIS. The systemic concern raised by
reinsurers is one of interconnectedness and asset-side spillover, not of bank-style
solvency risk under conventional leverage metrics.

The BVAR-based stress testing reinforces the asymmetric structure of the
network. Munich Re and the other European hubs generate persistent, broad-
spectrum volatility disturbances that decay slowly, whereas Asian firms produce
shorter-lived and more localized impulse responses. Japanese firms exhibit strong
intra-cluster propagation, consistent with the domestic pairwise connections
identified in Chapter 3. Asian firms, by contrast, appear to absorb rather than
transmit global shocks.

Several limitations qualify these findings. The SRISK analysis covers only
three fiscal years, and the balance-sheet sample coincides with a period of mod-
erate TCI; capital adequacy risks during high-connectedness regimes identified
in Chapter 4 are likely understated. The closed-form LRMES approximation as-
sumes constant proportional leverage and log-normal returns, and the time-zone
bias introduced by Asian companies’ lagged price discovery may inflate their
measured correlation with European markets. Finally, the GIRF framework is a
reduced-form, ordering-invariant exercise: the propagation patterns it reveals
reflect statistical co-movement, not structural transmission mechanisms.

Taken together, the evidence in this chapter supports a two-tier characteriza-
tion of the global reinsurance system. A small group of European incumbents
sits at the intersection of high topological centrality, elevated systemic contri-
bution, and strong dynamic contagion potential. A second group, composed
primarily by Asian reinsurers, occupies the network periphery and contributes
little to tail-risk amplification, with capital structures that remain resilient
under standard financial leverage benchmarks. This structure suggests that
macro prudential oversight of reinsurance should prioritize European core for
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contagion monitoring, while balance-sheet surveillance across the sector should
track the ratio of financial debt to market capitalization over the economic cycle,
particularly during high-connectedness regimes where the current zero-shortfall
finding may not hold. This chapter therefore provides a decoupling of the debate
regarding the systemic properties of the reinsurance sector: global reinsurers
are systemically important as interconnected, asset-side transmitters, but not as
bank-like leveraged institutions prone to capital shortfall.
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Chapter 6

Conclusion

This thesis investigated the systemic risk structure of the global reinsurance
market by combining Bayesian econometric modeling, network topology analysis,
and market-based tail-risk measures. The analysis covered 27 publicly listed
reinsurers across four continents over the period October 2015 to May 2025,
producing a comprehensive assessment that spans static and dynamic network
characterization, firm-level systemic importance ranking, and cross-validation of
complementary methodologies. This concluding chapter synthesizes the principal
findings, discusses their implications for regulatory oversight, acknowledges the
limitations of the framework, and identifies directions for future research.

6.1 Summary of Findings

The static network analysis of Chapter 3 established that the global reinsurance
system is tightly interconnected, with a total connectedness index of TC = 74.28,
a short average path length (L = 0.39), and low modularity (Q = 0.162). These
properties indicate a globally integrated market rather than a collection of
fragmented regional silos. The network exhibits disassortative mixing (r =
—0.116) in the static estimate, meaning that highly connected European hubs
link preferentially to less connected peripheral firms in Asia and the Americas.
This topology implies that a shock originating at a European hub would not
remain contained within the European core but would instead propagate rapidly
toward the periphery. European reinsurers, in particular AXA XL, Munich
Re, and Swiss Re, emerged as the dominant variance contributors, ranking
highest across out-strength, eigenvector centrality, and net-strength. Asian and
American reinsurers, by contrast, occupied net receiver positions, absorbing
variance from the system rather than generating it.

The dynamic analysis of Chapter 4 qualified and extended these static
results in several important aspects. The rolling-window BVAR. estimation
across 349 overlapping windows revealed that the total connectedness of the
reinsurance network is structurally non-stationary. The OLS-CUSUM test
formally rejected mean stationarity, and the Bai-Perron algorithm identified
four structural breaks corresponding to five distinct regimes: an initial high-
connectivity phase associated with the 2017 HIM hurricane season, a stabilization
period, the COVID-19 peak representing the maximum connectedness observed
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in the sample, a prolonged elevated phase during the Russia-Ukraine conflict,
and a gradual normalization. The static total connectedness value of 74.28 falls
above the 75th percentile of the rolling TCI distribution, indicating that the
static BVAR was skewed upwards by prolonged high-connectivity regimes.

The topology analysis uncovered an asymmetric network dynamic: the rein-
surance system contracts approximately 2.2x faster than it expands. When
TCI decreases, the average path length responds with a coefficient of —0.695,
compared to —0.314 when TCI increases. This asymmetry implies that conta-
gion channels form gradually during periods of increasing stress but dissolve
rapidly once stress subsides. Community boundaries erode sharply during high-
connectivity periods (p(Modularity, TCI) = —0.78), meaning that the slight
geographical segmentation that might otherwise contain shocks provides less
insulation precisely during the periods when it would be most valuable.

At the firm level, the persistent-versus-reactive centrality classification identi-
fied systemically important institutions that were invisible to the static analysis.
Chubb and Mapfre ranked among the top eigenvector centrality hubs across
all rolling windows despite their absence from the top positions in the static
centrality ranking. Instead, firms such as RenaissanceRe and AXIS Capital,
exhibited reactive behavior, rising temporarily to prominence during specific
stress events before returning to peripheral positions. This finding carries the
central economic message of the firm-level analysis, as the network does not
simply rediscover the largest reinsurers. Some firms are central because they are
large (Munich Re, Swiss Re), but others are far more systemically connected
than their size or market share would imply, while the single largest firm in the
sample, remains peripheral. Connectedness, albeit positively correlated with
size, is therefore a distinct dimension of systemic importance.

The event analysis suggests that asset-side shocks (COVID-19, Trump tariffs)
synchronize the network and amplify the European transmitter hierarchy, while
liability-side shocks (HIM hurricanes) fragment it along idiosyncratic exposure
lines, reducing co-movement rather than increasing it.

Chapter 5 moved beyond the purely topological perspective by introducing
market-based systemic risk measures that quantify the economic magnitude of
each firm’s systemic contribution. The ACoVaR and MES analyses converged on
the same ranking identified through the network analysis: European reinsurers
generate the largest marginal increases in system-wide tail risk and sustain the
deepest expected losses during market stress. The cross-validation formalized this
correspondence quantitatively. The significant correlations between independents
measures indicates that the topological hubs identified through the GFEVD
framework are not merely statistical artifacts of the variance decomposition but
correspond to firms whose distress would generate material tail-risk externalities
on the broader system.

Note that the Eigenvector-SII correlation reflects internal model consistency
rather than independent validation, as both quantities derive from the same
BVAR posterior.

The SRISK analysis showed no firm in the sample with positive SRISK under
any severity scenario or fiscal year examined. Firms fund operations primarily
through premium float and equity capital, maintaining financial debt levels that
are lower relative to their market capitalization.

The BVAR-based stress testing through Generalized Impulse Response Func-
tions confirmed the asymmetric propagation structure. A one-standard-deviation
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shock to Munich Re produces persistent, broad-spectrum volatility disturbances
that decay slowly across the system, while an equivalent shock to a peripheral
Asian firm generates a response that is both shorter-lived and more geographically
localized. Japanese firms exhibited strong intra-cluster propagation consistent
with the domestic pairwise connections identified in the static analysis, reinforc-
ing the finding that regional clustering persists even within a globally integrated
network.

Taken together, these findings carry implications for how supervisory author-
ities might monitor and oversee the reinsurance sector.

6.1.1 Original Contribution

The most important finding and the central contribution of this thesis is not
any single measure but the demonstration that they agree. Network central-
ity, derived purely from the GFEVD decomposition of the equity-volatility
co-movement, identifies the same European core that the two methodologically
independent, market-based tail-risk measures flag as systemically important.
ACoVaR, estimated by quantile regression on macro state variables, and MES,
estimated through a GJR-GARCH-DCC system, each rest on a different statisti-
cal foundation and a different notion of “systemic”, yet they converge on the
same ranking. The cross-validation makes this correspondence quantitative: net-
strength correlates significantly with ACoVaR (p = —0.653) and with average
MES (p = —0.486). Because these measures share no common estimator with
the GFEVD network, their agreement cannot be an artifact of the variance de-
composition; the BVAR-based Systemic Impact Index, by contrast, derives from
the same posterior and therefore corroborates the model’s internal consistency
rather than providing independent validation. The implication is that the cen-
trality rankings obtained from the network analysis are not abstract topological
descriptors, but they capture an economically meaningful dimension of systemic
importance, and a firm’s position in the volatility network is informative about
the tail-risk externality its distress would impose on the system.

A second contribution is the dissociation this thesis documents between
systemic centrality and financial fragility. The firms that transmit the most
risk through the network are not the firms that look fragile on their balance
sheet. No reinsurer in the sample records positive SRISK under any severity
scenario or fiscal year examined: the sector is float-funded, low-leverage, and
well-capitalized, and a conventional capital-shortfall lens would therefore flag
no systemic concern at all. Yet the same firms sit at the center of a dense,
fast-propagating volatility network and transmit shocks broadly and persistently.
Systemic risk in reinsurance is thus a property of interconnection and shock
propagation, not of leverage or capital insufficiency: the opposite of the bank-
centric paradigm in which systemic risk and under-capitalization largely coincide.
This distinction reframes what supervisors should monitor in the sector: the
contagion potential of the most connected transmitters, rather than the solvency
of the most leveraged firms. It is the reason a connectedness aware, position-
based criterion adds information that a capital-based or size-based designation
cannot recover, and it motivates the supervisory recommendations developed
below.
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6.2 Regulatory and Policy Implications

The empirical architecture outlined above touches on some critical questions
surrounding the prudential supervision of the reinsurance industry. One such
question is whether large reinsurers need to be supervised in addition to the
current practice of individual solvency evaluation, which defines the basis for
supervision in the industry. The analysis presented in Chapter 3, Chapter 4,
and Chapter 5 clearly points to a positive answer to this question. The market-
based indicators of tail risk suggest that a relatively small group of incumbent
companies from Europe — Munich Re, Swiss Re, Hannover Re, and SCOR - is
responsible for the largest marginal contribution to aggregate tail risk, being
the leading firms in terms of ACoVaR and Marginal Expected Shortfall, while
cross-validation proves that they are also the most important nodes in terms
of GFEVD networks. The stress testing via BVAR model makes the same
point more explicitly: while the shock of one standard deviation to Munich Re
is transmitted throughout the network and dissipated slowly, the same shock
to the Asian peripheral firm is transmitted locally and dissipates quickly. A
solely Solvency II based supervision that focuses on reinsurers individually is
structurally blind to this externality. The systemic cost of distress at a hub is
borne by the whole network, not by the firm’s balance sheet, and a solo-capital
standard does not price it. The findings therefore support a macroprudential
overlay that complements rather than replaces the existing solo regime.
Another question is whether the international designation architecture is well
suited to capture also the kind of systemic relevance that was documented here.
This comparison must be drawn carefully, as the sample analyzed was purposely
composed of mainly reinsurers, while the G-SII regime operated by the FSB and
TAIS between 2013 and 2016 ranked across the entire insurance sector. What the
comparison can actually address is the nature of the designation criterion. The
G-SII indicator framework was dominated by size, non-traditional-non-insurance
activity, and global cross-jurisdictional presence, whereas these results show that,
within the reinsurance sector, a connectedness-based criterion re-ranks firms
and elevates carriers whose systemic relevance derives from their position in
the network rather than from their balance-sheet composition. The comparison
between persistent and reactive firms performed in Chapter 4 identifies firms
such as Mapfre and Hannover Re as persistent hubs despite their smaller market
capitalization. A criterion based on size alone would systemically underweight
such position-systemic firms. The above point on methodology finds further
corroboration in an important fact relating to the scope of the regulatory
classification: the two largest reinsurers of the world, namely, Munich Re and
Swiss Re, who occupy dominant positions as transmitters of variance in the
current study, have never been classified as G-SlIs, despite several primary
insurers having made the cut. This is presented only as an example from a
qualitative perspective of how limited the scope of entity-based classification has
been within the reinsurance channel, and not as any kind of comparison between
the current sample and the G-SII universe in any sense of the term. The bigger
trend is certainly supportive of the above interpretation: In November 2017, the
TAIS put on hold the annual publication of the G-SII list, and along with the FSB,
substituted the entity-based designation system with the activities-based Holistic
Framework instituted in November 2019 and enforced from 2020 (International
Association of Insurance Supervisors 2019). The annual Global Monitoring
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Exercise under the Holistic Framework already monitors interconnectedness
directly, as one of its core systemic-risk indicator categories, and is well suited
to detecting system-wide build-ups. Two features nonetheless leave room for the
present analysis: its interconnectedness indicators are exposure and balance-sheet
based, whereas the network constructed here is a market-implied measure that
requires no contractual disclosure; and the framework operates primarily at the
aggregate sector level, having suspended firm-level designation in 2017. The
above results therefore complement rather than duplicate it, by supplying a
connectedness-aware, firm-level dimension of the kind the 2025 recovery-and-
resolution scope consultation has begun to reintroduce.

This direction is borne out by the most recent supervisory developments:
in November 2025 the FSB reaffirmed its discontinuation of entity-based G-SII
designation while simultaneously consulting on the scope of insurers subject to
recovery and resolution planning under the Key Attributes, a firm-level selec-
tion that rests explicitly on six criteria including interconnectedness (Financial
Stability Board 2025b, 2025a). The framework thus retains its activities-based
backbone while reintroducing a firm-level layer keyed in part to connectedness,
precisely the supervisory complement that the present analysis quantifies.

The third question concerns the systemic consequence of the sector’s concen-
tration, and answering it requires distinguishing two notions of network risk that
the topology of Chapter 3 separates cleanly. The network does not present a
single-point-of-failure architecture in the structural sense familiar from banking.
Betweenness centrality is low across all firms, so no node functions as an indis-
pensable bridge whose removal would fragment the system. Contagion, in fact,
travels through many redundant paths rather than through a unique gateway,
making the reinsurance network robust to the loss of connectivity. What it is
exposed to is amplification: the low modularity, short average path length, and
disassortative mixing describe a hub-and-spoke market in which out-strength
is concentrated in a few European hubs. The periphery here is peripheral in
strength terms, meaning that the firms are still directly wired, or easily accessible
from the hubs, rather than insulated from connection. This proximity is what
makes amplification fast, creating a directional and asymmetric risk. As pointed
out in Chapter 3, the failure of peripheral net receivers are dampened by the
system with little systemic effect, whereas the distress of a high out-strength
hub is transmitted efficiently and more persistently across the network. The
Generalized Impulse Response evidence of Chapter 5 confirms this asymmetry:
a shock to Munich Re (high net-strength) propagates broadly and decays slowly,
while an equivalent shock to a peripheral firm is localized and ephemeral. On this
reading, concentration raises systemic risk, placing the capacity of the network
in the hands of a handful of high-strength firms.

A first qualification follows from the dynamic analysis of Chapter 4, in which
these roles are not fixed. Net-strength and assortativity vary across regimes,
and while a persistent core (Swiss Re, Chubb, Mapfre) retains its centrality
through time, reactive firms rise to transmitter prominence only during specific
stress events. The identity of the most efficient transmitters is therefore partly
state-dependent, which is itself an argument for continuous monitoring rather
than a one-off designation.

Another condition, established in Chapter 5, is that this is a risk of inter-
connectedness and asset-side spillover rather than of bank-style capital shortfall:
no firm in the sample records positive SRISK under any scenario, consistent
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with the sector’s float-funded, low-leverage balance sheets. The two findings
are complementary: the reinsurance core is systemically important as an am-
plifying transmitter, not as a leveraged solvency risk, and they jointly suggest
that supervisory concern should be directed at the contagion potential of the
core transmitters rather than at conventional capital adequacy or at any single
structural choke point.

These conclusions translate into a set of indicators that supervisory authorities
could monitor. The Total Connectedness Index is the natural indicator, coinciding
with broad-market stress, and introducing the regime classification of Chapter 4,
re-framing the supervisory question from how connected is the system now to
which regime is the system in and is it transitioning.

Because the TCI is bimodal and structurally non-stationary, the Bai-Perron
and the OLS-CUSUM tests are used as real-time regime-detection tools, flagging
transitions into the high-connectivity state that coincided with the COVID-19
or the market crash of the Trump’s tariffs episodes. At the firm level, the net-
strength and eigenvector centrality rankings, together with the persistent hub
list, provide a position-based complement to size and activity-based designations.

Finally, the asymmetric topology dynamic offers a distinctive early-warning
logic: since the network contracts gradually under accumulating stress phases but
relaxes roughly 2.2x faster once stress passes (slow tightening, fast relazation), a
slow, sustained rise in connectedness is a more reliable signal of building systemic
fragility than a sudden move, weighting gradual upward drift in the TCI more
heavily than transient spikes.

One caution carries over from the dynamic analysis: while the T'CI is co-
incident with market stress, it is not predicted by the VIX, so broad-market
instruments cannot serve as leading proxies for reinsurance connectedness, and
must be monitored in their own right.

These regulatory inferences rest on a network constructed from equity price
co-movement rather than from contractual risk transfer, and they should be
read alongside the caveat developed in Section 6.3 below: the GFEVD connect-
edness captures statistical association, not the bilateral retrocession exposures
that would map systemic linkages directly. The policy direction the evidence
points toward is therefore robust as a supervisory orientation, but the precise
identification of which nodes to designate would be strengthened materially by
access to the contractual-exposure data discussed below.

6.3 Limitations

Several limitations qualify the findings presented in this thesis.

The use of stock price volatility as a proxy for underlying risk transfer creates
an inherent gap between what the model captures (market sentiment and co-
movement in equity returns) and what it aims to measure (the actual reinsurance
exposures that create systemic linkages). The ideal foundation for this analysis
would have been bilateral retrocession data — the contractual risk-transfer
positions reinsurers hold against one another — which map systemic linkages
directly. Such data, however, is not publicly disclosed and is held privately by
the firms, leaving equity-price volatility as the only source consistently available
across the sample with enough coverage for statistical estimation. This constraint
is made up by the nature of the sector itself: reinsurance is a niche industry,
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relatively understudied, composed of few firms, many of which are privately
owned and therefore outside the perimeter of public market data. The resulting
scarcity of sources limits both the sample size and the granularity of the analysis.
As a consequence, stock volatility may decouple from fundamental solvency
conditions during non-crisis periods, and the absence of bilateral exposure data
prevents direct validation of the inferred network against actual contractual
linkages.

The forecast horizon of H = 10 days used in the GFEVD follows the conven-
tion established by Diebold and Yilmaz (2014) but is not explicitly justified for
the reinsurance context, where claim settlement and capital adjustment processes
operate on longer time scales. The sensitivity of the network topology to this
choice has not been formally tested.

The rolling-window estimation with 250 observations and 27 variables at 4
lags produces a system with substantially more parameters than observations.
The Minnesota prior regularization addresses this dimensionality challenge, but
the effective degrees of freedom available for estimation remain limited, and
the sensitivity of the rolling results to the window size has not been explored
through alternative specifications.

The sample is conditioned on survivorship: firms that exited the market
through insolvency, merger, or delisting during the sample period are excluded.
Such firms may represent the most relevant cases for systemic risk analysis, and
their absence may bias the results toward an overly benign view of network
stability.

Finally, the SRISK analysis covers only three fiscal years, and the balance-
sheet data coincides with a period of moderate total connectedness. Capital
adequacy risks during high-connectedness regimes, such as those identified during
the COVID-19 phase, remain untested within the SRISK framework presented
here. Additionally, SRISK was calibrated for bank-like balance sheets, and
the absence of reinsurance-specific measures and an objective choice of capital
prudential ratio (as in banks), the results should be interpreted as illustrative
of the framework’s structural boundary, rather than a precise capital adequacy
assessment.

6.4 Future Research

Several directions for future research emerge from this work.

A natural extension would be the application of time-varying parameter
BVAR models that allow the coefficient matrices and the covariance structure to
evolve continuously, avoiding the discrete jumps inherent in the rolling-window
approach. Such models would provide smoother estimates of connectedness
dynamics and could be combined with stochastic volatility specifications to
better capture the heteroskedasticity observed in the data.

The integration of balance-sheet data with the network analysis could be
strengthened by extending the SRISK computation to the full sample period,
conditional on the availability of historical financial statements, and by testing
whether capital shortfall risk co-varies with the high-connectedness regimes
identified through the Bai-Perron structural breaks.

Should bilateral retrocession or contractual exposure data become accessible,
either through regulatory disclosure initiatives or data-sharing arrangements, the
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network could be reconstructed directly from actual risk-transfer positions rather
than inferred from equity-price co-movement. Such a dataset would allow the
volatility-based network to be validated against the true contractual topology,
testing how closely market-implied connectedness tracks the underlying structure
of risk transfer in the sector.

The cross-validation framework could be expanded by incorporating addi-
tional systemic risk measures, such as the Conditional Expected Shortfall (CoES)
used in the EIOPA stress-testing methodology, or by applying Granger causality
tests to establish whether changes in network centrality precede changes in
market-based risk measures.

Finally, a transmission simulation seeded by the most systemically important
firms identified in Chapter 5 could provide a more direct test of whether the
contagion patterns implied by the GFEVD translate into economically meaningful
cascade effects under realistic stress scenarios. Such a simulation would bridge the
gap between the statistical associations captured by the variance decomposition
and the causal transmission mechanisms that underlie systemic risk.
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Appendix A

Chapter 2

A.1 Reinsurance Companies Dataset

List of companies considered the top reinsurers by A.M. Best for the year 2025,
with their estimate of Gross written premiums (GWP), Net written premiums
(NWP), reported in $ billions, and Combined Ratio expressed in percentage.
The first section of the table reports the companies considered in the analysis,
while the second section reports the companies that were discarded from the
analysis and the reason for that.

A.2 Stationarity Test Results

Results of the stationarity test performed over the volatility series of the 27
reinsurance companies. The test performed were the Augmented Dickey-Fuller
test (Dickey and Fuller 1979) to check the presence of unit-root behavior, and
the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test (Kwiatkowski et al. 1992)
for level stationarity. Although the KPSS results fail to reject level stationarity,
the VAR models do not require strict-level stationarity, but rather the absence
of unit-roots.

A.3 BVAR Model Robustness Check

The full grid specification of each model are reported in Table A.4. The param-
eters tested were the lag of the model, tested between 1 and 6, the parameter
A €[0.05,0.10, 0.20, 0.50], and the parameter « € [1,2]. The Metropolis-Hastings
scale and change remained unchanged at 0.01 for all models. The table reports
than, for each model, the acceptance rate, the ESS and Geweke Diagnostic, and
the residual mean squared error for the BVAR and corresponding VAR model of
the same lag.

A.4 Metropolis-Hastings Algorithm

The Metropolis-Hastings (MH) algorithms proceeds following these steps:
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Table A.1: List of the Companies included in the Data set.

Company Name Ticker Country Mkt Cap | GWP | NWP | C.Ratio | Ceded
Korean Reinsurance Co 003690.KS | South Korea 1.34 5.39 4.27 90.9 | 20.75
Taiping Reinsurance Co. Ltd. 0966.HK Hong Kong 6.92 1.11 1.03 91.5 7.25
China Reinsurance (Group) Corp 1508. HK China 8.53 7.85 6.78 89.5 | 13.68
The Toa Reinsurance Co, Limited 6809.T Japan 0.25 2.30 1.84 91.1 20.17
Sompo International Holdings, Ltd. 8630.T Japan 26.68 | 26.83 | 24.15 83.7 9.98
MS&AD Insurance Group Holdings, Inc. 8725.T Japan 32.04 | 35.34 | 30.59 99.4 13.45
Tokio Marine & Nichido Fire Insurance Co., Ltd. | 8766.T Japan 76.77 | 36.30 | 31.58 96.1 13.02
Arch Capital Group Ltd. ACGL Bermuda 33.25 | 11.11 7.75 83.3 | 30.29
AXIS Capital Holdings Limited AXS Bermuda 7.34 2.39 1.51 107.6 | 36.96
Berkshire Hathaway Inc. BRK-A Us 1070.25 | 88.69 | 86.43 82.9 2.55
Chubb Limited CB Switzerland 112.18 | 62.00 | 51.47 85.8 | 16.99
AXA XL CS.PA France 74.46 8.41 6.62 79.8 21.38
Everest Group, Ltd. EG Bermuda 14.72 | 12.94 | 11.97 89.6 7.51
Allied World Assurance Co Holdings, Ltd. FFH.TO Canada 38.91 7.20 5.05 88.7 | 29.83
Assicurazioni Generali SpA G.MI Italy 43.37 | 81.84 | 78.49 107.1 4.10
Hannover Riick SE HNRI1.DE | Germany 26.60 | 22.68 | 19.80 86.6 | 12.68
Hiscox Ltd HSX.L Bermuda 3.43 1.03 0.44 65.7 | 56.92
MAPFRE RE, Compainia de Reaseguros S.A. MAP.MC | Spain 10.77 6.72 4.18 94.6 | 37.79
Markel Corp MKL Us 24.30 1.15 1.04 100.5 9.68
Munich Reinsurance Company MUV2.DE | Germany 62.00 | 34.42 | 33.30 93.5 3.24
QBE Insurance Group Limited QBE.AX Australia 47.59 | 22.40 | 18.42 83.0 | 17.73
Reinsurance Group of America Inc. RGA Us 12.81 | 18.49 | 17.84 104.0 3.51
RenaissanceRe Holdings Ltd. RNR Bermuda 12.04 | 11.73 9.95 83.3 | 15.18
SCOR S.E. SCR.PA France 4.63 | 17.25 | 13.86 86.3 19.63
SiriusPoint Ltd. SPNT Bermuda 2.09 1.34 1.10 88.1 17.29
Swiss Re Ltd. SREN.SW | Switzerland 54.45 | 44.86 | 37.32 89.9 | 16.80
W.R. Berkley Corp WRB Us 28.89 1.55 1.42 84.1 8.16

Table A.2: List of the Companies excluded from the Data set but that were
cited in the A.M. Best top 50 reinsurer’s list.

Company Name Ticker GWP | Revenue | C.Ratio | Reason
Lloyd’s - 23.54 58.88 0.88 | bank ticker
Canada Life Re - 3.43 14.54 0.87 | not listed

Ark Insurance Holdings Ltd. - 1.11 1.38 1.03 | not listed
PartnerRe Ltd. PREJF 9.35 9.40 0.86 | shorter period
General Insurance Corporation of India GICRE.NS 4.90 10.38 1.07 | shorter period
Odyssey Group Holdings, Inc. - 3.82 6.39 0.84 | not listed
R+V Versicherung AG - 3.55 2.50 0.96 | not listed
Liberty Mutual - 3.05 30.65 0.99 | not listed
Pacific LifeCorp - 2.84 10.15 NA | not listed
American Agricultural Insurance Company | - 2.35 0.77 0.84 | not listed
Convex Group Limited - 2.33 3.67 0.82 | not listed
Deutsche Riickversicherung AG - 2.17 0.36 0.93 | not listed
Aspen Insurance Holdings Limited AHL-PD 1.89 3.37 0.85 | shorter period
Ascot Group Ltd. - 1.75 2.45 1.00 | not listed
Core Specialty Insurance Holdings, Inc. - 1.58 1.20 1.07 | not listed
DEVK Gruppe - 1.44 3.08 0.94 | not listed
Arundo Re - 1.39 0.86 0.98 | not listed
Somers Re Ltd. - 1.30 1.31 0.96 | not listed
African Reinsurance Corporation - 1.20 1.16 0.82 | not listed
Qianhai Reinsurance Co., Ltd. - 1.19 0.51 0.96 | not listed
Peak Reinsurance Company Ltd. - 1.16 1.43 0.84 | not listed
Hamilton Insurance Group, Ltd. HG 1.15 2.33 0.88 | shorter period
IRB - Brasil Resseguros S.A. IRBR3.SA 0.98 0.80 0.80 | shorter period
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Table A.3: Augmented Dickey-Fuller and KPSS stationarity tests on log-volatility

series.

Ticker ADF t-stat | p-value | KPSS t-stat | p-value
003690.KS -6.419 0.01 0.271 | 0.1000
0966.HK -6.218 0.01 0.707 | 0.0129
1508.HK -5.654 0.01 10.908 | 0.0100
6809.T -6.193 0.01 3.765 | 0.0100
8630.T -5.803 0.01 1.129 | 0.0100
8725.T -5.030 0.01 1.821 | 0.0100
8766.T -5.188 0.01 2.141 | 0.0100
ACGL -5.090 0.01 2.727 | 0.0100
AXS -5.839 0.01 4.405 | 0.0100
BRK.A -6.065 0.01 4.609 | 0.0100
CB -5.123 0.01 3.501 | 0.0100
CS.PA -5.774 0.01 1.157 | 0.0100
EG -6.482 0.01 4.417 | 0.0100
FFH.TO -6.328 0.01 2.060 | 0.0100
G.MI -5.489 0.01 1.882 | 0.0100
HNR1.DE -5.273 0.01 0.708 | 0.0128
HSX.L -5.608 0.01 4.051 | 0.0100
MAP.MC -5.090 0.01 1.424 | 0.0100
MKL -5.601 0.01 3.254 | 0.0100
MUV2.DE -5.081 0.01 1.245 | 0.0100
QBE.AX -6.511 0.01 0.669 | 0.0164
RGA -4.167 0.01 3.972 | 0.0100
RNR -6.079 0.01 7.492 | 0.0100
SCR.PA -5.918 0.01 4.618 | 0.0100
SPNT -5.325 0.01 4.108 | 0.0100
SREN.SW -6.072 0.01 1.364 | 0.0100
WRB -6.158 0.01 4.783 | 0.0100
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Table A.4: Diagnostics and different parameters for the BVAR models tested.

Model ID  Lag A« MHscale MH change Acc Rate Log Like ESS Geweke RMSEpy,p, RMSEy,; ARMSE
modell 1 005 1 0.01 0.01 0.44  93540.18 162.16 0.40 0.62 0.62 0.00
model2 2 005 1 0.01 0.01 0.58  94357.62  152.69 1.23 0.61 0.62 -0.01
model3 3 005 1 0.01 0.01 0.46  94467.20 143.15 0.53 0.60 0.61 -0.01
model4 4 005 1 0.01 0.01 0.42  94693.64 193.20 -0.16 0.59 0.60 -0.02
model5 5 005 1 0.01 0.01 0.37 94884.42  140.51 -1.22 0.58 0.58 0.00
model6 6 005 1 0.01 0.01 0.36  94951.63 147.51 -1.42 0.57 0.55 0.02
model7 1 005 2 0.01 0.01 0.43  93540.58 175.05 0.20 0.62 0.62 -0.01
model8 2 005 2 0.01 0.01 0.66 9436598 110.29 2.45 0.61 0.62 -0.01
model9 3 005 2 0.01 0.01 0.54  94490.06 167.24 0.58 0.59 0.61 -0.02
model10 4 005 2 0.01 0.01 0.52  94674.69  109.50 0.16 0.59 0.60 -0.02
modelll 5 005 2 0.01 0.01 0.48 94821.38 181.51 1.11 0.58 0.58 0.00
model12 6 005 2 0.01 0.01 0.49 94886.62 161.77 0.99 0.58 0.55 0.03
modell3 1 010 1 0.01 0.01 0.38 93541.22 108.34 0.18 0.62 0.62 -0.01
model14 2 010 1 0.01 0.01 0.56  94357.74  158.36 -1.33 0.61 0.62 -0.01
modell5 3 010 1 0.01 0.01 0.44  94471.39 15149 -0.87 0.60 0.61 -0.01
modell6 4 010 1 0.01 0.01 0.45 94701.34  200.99 -0.50 0.59 0.60 -0.01
model17 5 010 1 0.01 0.01 0.39  94878.65 215.50 0.69 0.58 0.58 0.00
model18 6 010 1 0.01 0.01 0.36  94942.09 158.65 -2.21 0.57 0.55 0.03
model19 1 010 2 0.01 0.01 0.41  93540.26 184.93 0.40 0.62 0.62 -0.01
model20 2 010 2 0.01 0.01 0.63 94369.46  99.13 -0.41 0.60 0.62 -0.02
model21 3 010 2 0.01 0.01 0.56  94490.18  184.07 0.66 0.59 0.61 -0.02
model22 4 010 2 0.01 0.01 0.55 94673.73 173.87 -0.85 0.59 0.60 -0.02
model23 5 010 2 0.01 0.01 0.50 94821.49 158.22 0.95 0.58 0.58 0.00
model24 6 010 2 0.01 0.01 0.50 94879.44 231.12 0.69 0.58 0.55 0.03
model25 1 020 1 0.01 0.01 0.44  93543.98 249.64 -0.68 0.62 0.62 -0.01
model26 2 020 1 0.01 0.01 0.58 94361.03 164.29 0.31 0.61 0.62 -0.01
model27 3 020 1 0.01 0.01 0.39  94474.73  163.33 0.93 0.60 0.61 -0.01
model28 4 020 1 0.01 0.01 0.41  94696.20 187.63 0.17 0.59 0.60 -0.01
model29 5 020 1 0.01 0.01 0.33  94884.93  169.52 0.41 0.58 0.58 0.00
model30 6 020 1 0.01 0.01 0.32 9495410 182.91 -3.06 0.57 0.55 0.02
model31 1 020 2 0.01 0.01 042 93542.72  130.38 1.55 0.62 0.62 -0.01
model32 2 020 2 0.01 0.01 0.64 94364.18 122.44 -0.77 0.60 0.62 -0.02
model33 3 020 2 0.01 0.01 0.52  94491.01 162.87 -0.11 0.60 0.61 -0.01
model34 4 02 2 0.01 0.01 0.51  94670.54  206.06 -1.28 0.59 0.60 -0.02
model35 5 020 2 0.01 0.01 0.52  94821.11 164.98 0.28 0.58 0.58 0.00
model36 6 020 2 0.01 0.01 0.48  94880.20 186.87 -1.16 0.57 0.55 0.03
model37 1 050 1 0.01 0.01 0.47  93547.54 173.38 0.18 0.62 0.62 0.00
model38 2 050 1 0.01 0.01 0.56  94362.50 172.06 -0.75 0.61 0.62 -0.01
model39 3 050 1 0.01 0.01 0.44 9447596 217.19 -0.49 0.60 0.61 -0.02
model40 4 050 1 0.01 0.01 0.40  94704.22  188.01 -0.33 0.59 0.60 -0.02
model41 5 050 1 0.01 0.01 0.40 94880.54 195.77 0.71 0.58 0.58 0.00
model42 6 050 1 0.01 0.01 0.36  94955.66 178.22 -0.07 0.57 0.55 0.02
model43 1 050 2 0.01 0.01 0.42  93546.73 187.22 1.50 0.62 0.62 0.00
modeld4 2 050 2 0.01 0.01 0.62  94369.56  84.12 -0.10 0.61 0.62 -0.01
modeld5 3 050 2 0.01 0.01 0.53  94487.05 174.03 -1.76 0.60 0.61 -0.02
model46 4 050 2 0.01 0.01 0.53  94675.78  205.77 3.03 0.59 0.60 -0.02
model47 5 050 2 0.01 0.01 0.48 94822.64 108.53 0.06 0.58 0.58 0.00
model48 6 050 2 0.01 0.01 0.49 94889.64 193.84 1.20 0.57 0.55 0.02
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o Proposal distribution: for each iteration ¢ = 1, ..., N, given the current
state v(*), a possible candidate ~v* ~ q(*y*\’y(”)is proposed. The BVAR
package utilizes an adaptive random-walk Metropolis proposal of the form:

=4 e~N(0,c-H 1)

where H is the Hessian of the log marginal likelihood evaluated at the
posterior mode, and c is a scaling factor controlling the proposal scale.

e Acceptance probability: the candidate v* is accepted with probability

Py () a(vy)
plylyN)p(v D) q(y*[y)

Since the proposal is symmetric, the ratio of proposal density equals unity.
The marginal likelihood p(y|v), as in Equation 2.4, corresponds to the
closed-form Normal-Inverse-Wishart expression implied by the conjugate
prior, involving the determinant of the posterior covariance matrix and the
associated normalization constants.

Oy = min{l7

e Adaptive tuning: to achieve efficient mixing, the algorithm uses adaptive
scaling during the burn-in phase. The algorithm monitors the acceptance
rate o, and dynamically adjust the scaling factor c:

— if the acceptance rate falls below a lower bound «;,,,, the scale factor
¢ is decreased to ¢* = ¢(1 — A);

— if the acceptance rate exceeds an upper bound «,,,, the scale factor
is increased to ¢* = ¢(1 + A) Adaptation is applied during the ini-
tial fraction of the burn-in phase so that the chain stabilizes before
posterior sampling begins.

e Gibbs Sampling: conditional on the new accepted hyperparameters
A the VAR coefficients 6 are sampled via a standard Gibbs update
from their conjugate Normal-Inverse-Wishart posterior:

017,y ~N(B,Q),  Slhy,y~IW()

which, under the NIW prior admits closed-form solution.

A.5 Posterior Credible Intervals for GFEVD
Out-Strength

Table A.5 reports the lower and upper intervals with 90% posterior credible
interval for the out-strength values derived from MCMC draws of the GFEVD
matrix.

A.6 Final Model Specifications

The final BVAR model specifications used in Chapter 2 are listed in Table A.6.
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Table A.5: Out-strength for all 27 reinsurers with 90% posterior credible interval
derived from MCMC draws of the GFEVD matrix.

Firm Median | Lower | Upper
003690.KS 72.91 | 12.54 | 114.41
0966.HK 83.76 | 29.78 | 128.62
1508.HK 79.86 | 26.21 | 130.09
6809.T 56.87 | 21.17 | 103.37
8630.T 78.69 | 37.43 | 122.00
8725.T 83.70 | 44.48 | 116.82
8766.T 76.09 | 28.63 | 136.28
ACGL 82.89 | 52.60 | 110.33
AXS 77.92 | 47.27 | 107.76
BRK-A 66.50 | 38.72 | 97.13
CB 86.03 | 55.42 | 111.88
CS.PA 82.66 | 56.41 | 111.24
EG 84.53 | 52.19 | 110.88
FFH.TO 76.15 | 44.48 | 105.93
G.MI 88.00 | 69.54 | 104.74
HNR1.DE 78.15 | 41.81 | 131.15
HSX.L 34.03 | 15.25 | 77.56
MAP.MC 84.75 | 63.80 | 104.94
MKL 90.53 | 70.60 | 108.36
MUV2.DE 88.48 | 69.55 | 106.16
QBE.AX 49.55 | 21.01 | 105.75
RGA 88.53 | 69.25 | 105.25
RNR 71.46 | 27.65 | 117.32
SCR.PA 73.01 | 44.82 | 96.22
SPNT 73.43 | 47.98 | 102.19
SREN.SW 78.92 | 52.20 | 112.24
WRB 90.51 | 69.62 | 108.40

Table A.6: Parameters selected for the final model.

Parameter Prior Distribution / Type Value / Bound Range
Minnesota Prior

A (Overall tightness) N(0.2,0.4) [0.0001, 5]

« (Lag decay) N(2,0.25) [0.01, 3]

1 (Scale parameter) T'(scale = 0.004, shape = 0.004)  Automatically set by package
Sum-of-Coefficients (SOC) Prior

p (Sum-of-coefficients)  N(1,1) [0.0001, 50]
Single-Unit-Root (SUR) Prior

d (Single-unit-root) N(1,1) [0.0001, 50]
MCMC Metropolis-Hastings Sampler

¢ (Scaling factor) Constant value 0.01

ayp (Acceptance rate)  Adaptive target window [0.25,0.40] (A = 0.01)

Burn-in phase 50% adaptive allocation 5,000 draws

Total iterations MCMC sampler size 15,000 draws
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These hyperparameters are implemented into the BVAR model using R
software and the package BVAR, developed by Kuschnig and Vashold (2021). The
source code to initialize the parameters and the statistical model, and to run
the diagnostical tests for the convergence of the model is reported below. Full
source code is available on project’s GitHub repository.

library(BVAR)
library(coda)
library(parallel)

# Minnesota prior
minnesota_priors <- bv_minnesota(
lambda = bv_lambda(mode=0.2, sd=0.4, min=0.0001, max=5),
alpha bv_alpha(mode=2, sd=0.25, min=0.01, max=3),
psi bv_psi(scale=0.004, shape=0.004, mode="auto",
«~ min="auto", max="auto")

)

add_soc <- function(Y, lags, par) {
soc <- if(lags == 1) {diag(Y[1l, 1) / par} else
o {diag(colMeans(Y[1:1lags, 1)) / par}
list("Y" = soc, "X" = cbind(rep(0, ncol(Y)), matrix(rep(soc,
» lags), nrow = ncol(Y))))
}
add_sur <- function(Y, lags, par) {
sur <- if(lags == 1) {Y[1, ] / par} else {colMeans(Y[1l:lags, 1)
» / par}
list("Y" = sur, "X" = c(1 / par, rep(sur, lags)))
}

soc <- bv_dummy(mode=1, sd=1, min=0.0001, max=50, fun=add_soc)
sur <- bv_dummy(mode=1, sd=1, min=0.0001, max=50, fun=add_sur)

metropolis_hastings <- bv_metropolis(
scale_hess=0.01, adjust_acc=TRUE, adjust_burn=0.5,
acc_lower=0.25, acc_upper=0.40, acc_change=0.01

)

priors <- bv_priors(hyper=c("lambda"), mn=minnesota_priors,
& SOC=S80C, Sur=sur)

model <- bvar(vol, lags=4, n_draw=15000, n_burn=5000, n_thin=1,
priors=priors, mh=metropolis_hastings,
<~ verbose=TRUE)

# Parallel Gelman-Rubin (1992) diagnostic

n_cores <- 4

cl <- makeCluster(n_cores)

runs <- par_bvar(cl, data=vol, lags=4, n_draw=15000, n_burn=5000,
- n_thin=1, priors=priors)
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stopCluster(cl)

gelman.diag(as.mcmc(runs, vars = "lambda"))
# Effective size diagnostic

ess <- effectiveSize(model)

# plot of the convergence of the model

plot(model)
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Figure A.1: Convergence of the BVAR model with the parameters specified
before.

To further investigate the validity of the model and the proper convergence
and exploration of the parameter space, we used the previously implemented
test diagnostics:

e The ESS held a value of 1707.48, far more than the threshold value of
1000 believed to be sufficient for stable estimates and good convergence
(Biirkner 2017).

e The Geweke diagnostic showed again the presence of convergence and
proper mixing, with Z-score value of —0.159.

o Gelman-Rubin diagnostic (Gelman and Rubin 1992) was performed over
4 parallel MCMC chains, with a potential scale reduction factor R of 1,
indicating matching between-chain and within-chain variance, exhibiting
convergence of chains.
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Appendix B

Chapter 3

B.1 Connectedness Table

The connectedness table below is estimated from the Generalized Forecast Error
Variance Decomposition (GFEVD) for all 27 reinsurance companies. Each entry
A;; represents the pairwise relationship between company i and company j,
or in graphical terms the weight of the edge E that quantifies the proportion
of company i’s forecast error variance attributable to changes in company j.
The cross diagonal elements, A;; represent the forecast error variance explained
by its own forecast, while “From Others” row sums (ij i A;;) represent the
proportion of each reinsurer’s forecast error variance explaiﬁed by other reinsurers,
and “To Others” column sums (ij 4 A;;) represent each company’s contribution
to explaining the system’s aggregaice forecast error variance. The rightmost entry
and represents the total level of interconnectedness within the network. The “Net”
row captures net spillover contributions (positive = net transmitter, negative =

net receiver).
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Table B.1: Connectendess table estimated from the GFEVD for the 27 reinsurance companies. Rows
columns = variance transmitters (To Others), net = To Others - From Others.

variance recipients (From Others),

003690.KS  0966.HK  1508.HK  6809.T 8630.T 8725.T 8766.T ACGL CB  CS.PA EG FFH.TO G.MI  HNRLDE HSX.L MAPMC MKL MUV2DE QBE.AX RGA SCR.PA  SPNT SREN.SW WRB  From Others

003690.KS 30.42 1.56 1.38 115 2.52 1.97 3.02 3.21 3.50 3.63 2.96 2.70 4.38 3.85 0.49 3.93 3.73 2.82 1.00 3.60 3.24 69.58
0966.HK 0.41 15.24 1.70 0.89 2.13 1.64 2.25 2.80 5 3.45 1.88 6.10 6.84 2.23 5.36 2.80 3.09 141 5.93 3.03 84.76
1508.HK 0.16 6.61 29.89 0.79 1.87 1.62 2.70 177 1.77 4.11 4.33 1.00 4.45 1.95 2.29 2.03 4.30 2.85 70.11
6809.T 0.32 0.71 061 46.91 1.20 0.86 2.58 3.52 1.08 3.25 0.49 3.43 1.81 1.73 1.01 3.42 1.75 53.09
8630.T 0.44 1.40 1.24 162 2329 1133 1.91 1.59 3.46 1.03 4.99 1.85 111 0.65 4.78 0.81 76.71
8725.T 0.60 1.80 118 10.72 1.75 1.82 4.58 0.44 5.70 2.04 1.67 117 4.96 0.77 84.08
8766.T 0.30 1.29 1.10 17.42 0.97 1.33 1.95 0.80 3.21 115 1.06 0.56 2.31 0.66 69.79
118 0.99 2.39 17.22 2.41 4.76 0.75 4.69 412 3.75 2.20 5.05 2.64 82.78

0.66 0.60 1.49 4.68 3.58 4.48 1.50 3.44 5.62 5.10 2.34 3.99 227 78.05

111 0.52 1.79 3.01 1.72 453 1.23 3.60 3.24 3.94 1.56 3.29 252 63.66

118 0.90 2.18 471 2.40 5.07 1.20 1.61 1.36 1.36 1.79 5.08 3.85 86.68

1.34 0.82 3.56 1.61 1.33 8.53 177 8.22 2.49 1.70 1.60 7.55 1.19 82.63

1.29 0.95 2.82 5.52 4.04 4.49 0.96 443 3.95 419 2.28 4.86 3.04 85.24

1.25 117 2.86 2.81 24.25 3.95 1.60 458 2.79 1.97 4.38 2.05 75.75

1.55 1.30 4.09 2.43 2.31 7.67 117 7.67 2.54 1.78 6.40 1.57 88.30

0.62 0.53 0.96 107 0.65 29.29 1.46 8.38 1.44 1.48 717 0.71 70.71

0.27 0.41 0.72 0.47 0.38 261 77.03 2.00 0.45 0.38 1.91 0.35 22.97

2.21 1.54 3.35 2.32 2.19 7.50 171 14.75 2.35 1.97 7.07 1.25 85.25

1.58 1.32 3.15 3.22 3.30 6.03 1.37 5.78 3.90 2.38 5.94 2.15 90.91

1.55 1.05 2.62 3.01 2.02 8.21 1.49 7.05 2.95 2.21 7.10 2.43 88.94

0.59 0.52 0.65 1.68 111 0.89 1.46 0.76 1.90 0.70 0.94 2.25 0.96 32.09

1.46 1.38 2.42 3.24 . 3.39 2.27 6.19 1.50 5.74 10.95 2.00 5.62 2.61 89.05

0.61 0.59 0.71 1.41 1.04 4.58 3.43 3.71 0.78 2.48 3.09 1.50 66.79

1.32 0.98 1.10 3.10 3.54 1.68 148 6.42 6.37 1.69 1.02 73.58

1.16 0.81 1.81 1.60 1.13 2.46 2.10 5.26 4.21 3.13 218 33.69 66.31

0.29 0.89 0.66 0.98 2.26 1.61 2 2.29 0.76 7.83 7.25 1.83 4.09 1.37 76.77

0.69 147 1.21 177 2.95 2.43 3.17 4.29 2.89 5.31 3 5.20 3.83 2.68 2.18 90.93

To Others 11.29 36.65 25.49  40.97 84.10 74.38 85.51  7T0.57 52.33 132.25  31.98 128.67 67.49 71.61  40.77 74.28
Net -58.29  -48.11  -44.62 -12.12 7.39  -9.71 1572 -12.21 -23.42 61.54 9.01 43.41 -21.56 -1.97  -25.54 74.28




Appendix C

Chapter 4

C.1 Rolling BVAR Diagnostic

Effective Sample Size (ESS) and Gelman-Rubin (GR) diagnostics run for the
lambda and the maximum likelihood from the Monte Carlo Markov Chain
(MCMC) process used to estimate the parameters of the BVAR model. Values
for the ESS greater than 1,000 indicate great convergence of the model, while
for the GR diagnostic, R < 1.10 are symptoms of a satisfactory convergence of
the model.

The diagnostics were performed every 20 windows, to the hardware limitations
at disposal and the burdensome calculations needed to extract these metrics.
However, the results reported in Table C.1 show that each of the window that
were subjected to the test returned positive results, indicating proper convergence
throughout the series.

C.2 Structural Break Test

C.2.1 Bai-Perron

The Bai-Perron algorithm (Bai and Perron 1998) tests for m structural breaks
in a linear regression model. For our scenario, we tested for regime shifts in the
unconditional mean of the connectedness index. For a time series y, (TCI), the
model with m breaks (so m + 1 regimes) is:

Yy =p;tu, fort=T,,+1,...T;
The algorithm identifies the break dates Tj,...,T; by minimizing the global
residual sum of squares (SSR) via dynamic programming (Bai and Perron
(2003)):

m+1 T
win S S ()

Ty,...,T,
1o tm j:1 t:T771+1

The algorithm successfully identified 4 optimal breaks, translating to 5 distinct
systemic regimes. The dates of the breaks, with their confidence interval at 95%
significance level is reported in Table C.2.
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Table C.1: Effective Sample Size (ESS) and Gelman-Rubin diagnostic values for
the 18 windows computed.

Date ESS-ml | ESS-A | GR-ml | GR- A
2017-02-07 1513.25 | 1264.98 1.00 1
2017-07-26 1005.57 985.03 1.01 1
2018-01-09 1262.34 | 1122.70 1.00 1
2018-06-26 1014.97 | 1152.48 1.00 1
2018-12-07 1022.76 | 1027.44 1.01 1
2019-06-14 1250.65 982.65 1.00 1
2019-12-02 1244.93 | 1134.34 1.00 1
2020-05-29 1285.57 | 1162.18 1.00 1
2020-11-17 1154.08 | 1189.75 1.00 1
2021-05-06 1371.64 | 1295.01 1.00 1
2021-10-26 1410.26 | 1265.43 1.02 1
2022-04-14 1148.39 | 1207.70 1.00 1
2022-10-19 1096.27 | 1066.27 1.01 1
2023-04-03 1054.01 | 1040.85 1.00 1
2023-10-05 1069.13 | 1203.48 1.01 1
2024-03-21 1297.07 | 1238.25 1.00 1
2024-09-13 1258.36 | 1221.42 1.00 1
2025-03-14 1253.76 | 1422.78 1.00 1

Table C.2: Dates of the regime breaks identified by the Bai-Perron algorithm

Date Lower bound | Upper bound
2018-04-09 | 2018-03-28 2018-06-19
2020-03-02 | 2020-02-21 2020-03-09
2021-06-17 | 2021-06-09 2021-06-24
2023-01-18 | 2022-07-22 2023-02-14

133



The first regime coincides with high connectedness period. This coincides
with the 2017 HIM hurricanes, but as the previous parts note, the NatCat
event happened during a phase that was already in a high connectedness state
and moving towards a declining trend, independent on the event, which did
not alter significantly the moving of the TCI. The second regime coincides
with a stabilization phase (u = 62.15); the third identified regime represents
the maximum connectedness average value (u = 79.50), corresponding to the
COVID-19 pandemic and the subsequent crisis. The fourth regime maintained
medium-level connectedness, with the first part characterized by a significative
decline until 2022, where the trend reverted to an increasing phase, leading to
an average TCI value of u = 69.01. The last regime identified saw a gradual
normalization of total connectedness (u = 63.79), although the high spike in the
last windows might not be fully captured by the Bai-Perron analysis, due to
their recent event.

C.2.2 OLS-CUSUM

The cumulative sum of ordinary least squares residuals tests the null hypothesis
(H,) that the mean p is constant over time (Zeileis et al. (2002)). The empirical
fluctuation process is defined as:

L
W, (t) = &\/ﬁZai for t € [0, 1]
=1

where 4; are the OLS residuals from the regression on the entire sample, and &
is the estimated standard deviation (Brown, Durbin, and Evans (1975)). Under
H,, W, (t) converges in distribution to a standard Brownian bridge. Instead, if
the mean shifts, the residuals accumulate systemically, causing W, (¢) to drift
and cross the asymptotic confidence boundaries.

The p-value = 0.000 obtained rejects the null hypothesis, meaning that the
total connectedness within the reinsurance network is empirically non-stationary.
The blue line (CUSUM process) in Figure C.1 repeatedly and severely breaches
the confidence interval (gray area), proving that the mean connectedness of
the market fundamentally changes over time, advocating the assessment of
reinsurance network through dynamic analysis and not only with the static ones.
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Figure C.1: CUSUM plot: The empirical fluctuation process crosses the 5%
critical boundary, indicating non-stationarity of the dynamic connectedness.
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Appendix D

Chapter 5

D.1 Balance Sheet Data

Balance sheet data used to calculate the SRISK in Chapter 5. Total debt and
market figures are reported in $ billions after FX conversion to USD. Data via
the yfinance API for the fiscal year 2022, 2023, and 2024. Fach firm’s year-end
balance sheet serves as the input for the SRISK formula:

SRISK =k-D—(1—k)-MV -(1— LRMES)

where k£ = 0.08 is the prudential capital ratio.

D.2 CoVaR

CoVaR (Conditional Value at Risk) and ACoVaR measure the marginal contri-
bution of each firm to system-wide tail risk via quantile regression at ¢ = 0.05.
The system proxy is the MSCI World ETF (IWDA.AS), while the iShares US
insurance ETF (IAK) served as comparison for a regional proxy. Six macro
state variables from FRED are included as controls: VIX log-change, 10Y—3M
term spread, Baa—10Y credit spread, 3-month T-bill rate, S&P 500 return, and
VNQ REIT return; the final aligned sample spans approximately 2,002 daily
observations. ACoVaR isolates the pure marginal contribution by differencing
the ¢ = 0.05 and ¢ = 0.50 CoVaR estimates, so that macroeconomic conditions
are held constant and only firm-specific distress is identified.

D.3 GJR-GARCH and DCC Parameters

The GJR-DCC framework uses a two-stage quasi-maximum likelihood estimation
procedure to exploit the model’s hierarchical structure. It proceeds in two stages:
in the first one, for each asset the GJR-GARCH parameters are estimated by
maximizing the univariate quasi-log-likelihood, yielding the conditional volatility
series and the standardized residuals.

In the second stage, the standardized residuals from the previous step are
used to estimate the DCC parameters by maximizing the correlation component
of the quasi-log-likelihood.
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Table D.1: Balance sheet used to calculate the SRISK for the year 2022.

Ticker Date Debt | Market Cap
0966.HK 2022-12-31 | 11.531 3.935
1508.HK 2022-12-31 2.304 2.328
ACGL 2022-12-31 2.725 22.225
AXS 2022-12-31 1.496 4.255
BRK-A 2022-12-31 | 122.744 684.213
CB 2022-12-31 | 14.877 88.496
CS.PA 2022-12-31 | 67.864 50.604
EG 2022-12-31 3.084 12.381
FFH.TO 2022-12-31 7.172 13.579
G.MI 2022-12-31 | 38.618 23.690
HNR1.DE | 2022-12-31 5.874 20.805
HSX.L 2022-12-31 0.863 471.224
MAP.MC | 2022-12-31 3.467 4.953
MKL 2022-12-31 4.104 17.802
MUV2.DE | 2022-12-31 5.062 38.579
QBE.AX 2022-12-31 2.060 11.520
RGA 2022-12-31 3.961 8.932
RNR 2022-12-31 1.170 7.978
SCR.PA 2022-12-31 3.502 3.274
SPNT 2022-12-31 0.778 0.973
SREN.SW | 2022-12-31 10.094 21.466
WRB 2022-12-31 2.837 17.880
6809.T 2023-03-31 0.029 0.174
8630.T 2023-03-31 4.613 11.894
8725.T 2023-03-31 5.366 14.559
8766.T 2023-03-31 1.673 34.753
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Table D.2: Balance sheet used to calculate the SRISK for the year 2023.

Ticker Date Debt | Market Cap
0966.HK 2023-12-31 | 12.984 2.892
1508.HK 2023-12-31 1.975 2.128
ACGL 2023-12-31 2.726 26.296
AXS 2023-12-31 1.523 4.532
BRK-A 2023-12-31 | 128.271 785.608
CB 2023-12-31 | 14.495 88.913
CS.PA 2023-12-31 | 66.265 61.181
EG 2023-12-31 3.386 14.734
FFH.TO 2023-12-31 8.163 21.274
G.MI 2023-12-31 39.121 29.643
HNR1.DE | 2023-12-31 5.396 25.672
HSX.L 2023-12-31 0.960 463.542
MAP.MC | 2023-12-31 3.378 5.906
MKL 2023-12-31 3.780 18.541
MUV2.DE | 2023-12-31 5.216 49.959
QBE.AX 2023-12-31 2.107 13.266
RGA 2023-12-31 4.427 10.220
RNR 2023-12-31 1.959 10.132
SCR.PA 2023-12-31 3.583 4.300
SPNT 2023-12-31 0.786 1.974
SREN.SW | 2023-12-31 9.444 27.074
WRB 2023-12-31 2.837 17.150
6809.T 2024-03-31 0.020 0.207
8630.T 2024-03-31 4.568 19.376
8725.T 2024-03-31 4.722 25.654
8766.T 2024-03-31 1.482 57.894
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Table D.3: Balance sheet used to calculate the SRISK for the year 2024.

Ticker Date Debt | Market Cap
003690.KS | 2024-12-31 0.005 0.859
0966.HK 2024-12-31 | 10.578 5.341
1508.HK 2024-12-31 1.799 4.547
ACGL 2024-12-31 2.728 34.587
AXS 2024-12-31 1.488 7.235
BRK-A 2024-12-31 | 124.762 975.288
CB 2024-12-31 | 15.179 109.318
CS.PA 2024-12-31 | 64.986 69.171
EG 2024-12-31 3.587 15.188
FFH.TO 2024-12-31 9.100 30.611
G.MI 2024-12-31 39.068 41.406
HNR1.DE | 2024-12-31 4.859 27.939
HSX.L 2024-12-31 0.932 457.951
MAP.MC | 2024-12-31 2.781 7.451
MKL 2024-12-31 4.330 21.720
MUV2.DE | 2024-12-31 6.578 62.203
QBE.AX 2024-12-31 1.801 16.737
RGA 2024-12-31 5.042 13.675
RNR 2024-12-31 1.887 12.406
SCR.PA 2024-12-31 3.693 3.855
SPNT 2024-12-31 0.639 1.653
SREN.SW | 2024-12-31 8.039 38.070
WRB 2024-12-31 2.841 21.635
6809.T 2025-03-31 0.020 0.175
8630.T 2025-03-31 4.620 27.596
8725.T 2025-03-31 3.947 31.249
8766.T 2025-03-31 1.519 71.461
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Table D.4: Values of the Delta CoVaR for the firms with their standard errors
and the t-stat significance level. The value is considered significant for t>1.96.

Ticker DeltaCoVaR | Std. Error | t-stat
MUV2.DE -0.006 0.025 | 10.424
CS.PA -0.006 0.027 | 9.022
HNR1.DE -0.006 0.032 7.883
SREN.SW -0.006 0.028 9.031
G.MI -0.005 0.034 6.959
MAP.MC -0.004 0.033 5.410
SCR.PA -0.004 0.019 7.795
8630.T -0.004 0.029 | 4.550
8766.T -0.004 0.024 5.354
0966.HK -0.004 0.010 9.090
HSX.L -0.003 0.019 6.036
8725.T -0.003 0.030 3.459
QBE.AX -0.003 0.034 | 2.982
003690.KS -0.003 0.025 | 4.502
1508. HK -0.003 0.021 4.282
ACGL -0.003 0.040 2.770
6809.T -0.003 0.022 3.596
RGA -0.002 0.027 | 3.323
AXS -0.002 0.042 2.026
BRK.A -0.002 0.069 2.096
MKL -0.002 0.042 2.068
FFH.TO -0.002 0.043 1.619
SPNT -0.002 0.026 2.083
CB -0.001 0.038 1.910
EG -0.001 0.036 1.398
WRB -0.001 0.048 1.110
RNR 0.000 0.032 | -0.253
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The use of a GJR-DCC model allows all three MES drivers to vary, producing
estimates that react to changing market conditions. Following V. V. Acharya
et al. (2016), this decomposition separates a firm’s expected returns on bad
market days into the systematic component and the idiosyncratic tail component.
Mathematically, the first step GJR-GARCH (1,1) variance estimation can be
expressed as:

oy =wt(a+yxI, o) xe  + 59 xat (D.1)

where w is the baseline long-run variance component, a captures the intensity
of the reaction to all shocks, while v captures the additional volatility generated
by negative shocks, and /% captures the persistence of volatility clustering in
the volatility of tomorrow.

This first step volatility estimation allows the model to capture the asymmetry
that financial firms exhibit to positive and negative shocks, reflecting their
sensitivity to market stress. To account for fat tails typically exhibited by
financial return distributions, the innovations of the GJR-GARCH model were
estimated using a Student-t distribution. This allows the model to treat extreme
outliers as part of the natural distribution, preventing the underestimation of
volatility that would occur under Normal distribution.

The second step of the DCC Q-matrix evolution is described as:

Q =(1—a—b)Q+alz_17_,)+bQ, , (D.2)

where a and b represent the sensitivity and persistence of the correlation.
If the sum of the two terms is close to 1, the correlation shocks are highly
persistent throughout the whole sample, and during high stress periods the
higher correlation @), will persist for a longer period. To ensure numerical sta-
bility and convergence, the DCC model was fitted using a Multivariate Normal
distribution. This approach follows the Quasi-Maximum Likelihood framework,
which maintains statistical consistency for the correlation parameters even when
the underlying innovations are non-normal. An alternative specification using
a multivariate Student-t distribution was attempted but resulted in numerical
instabilities that prevented stable convergence. The use of a Normal distribution
rather than a Student-t implies that the model does not account for as much tail
dependence, meaning that extreme co-movement during market crisis are under-
stated. The resulting MES and LRMES estimates for the crisis periods should
therefore be interpreted as conservative, with true losses during simultaneous
reinsurer distress potentially exceeding those reported.

Table D.5 reports the estimated GJR-GARCH and DCC parameters for
each of the 27 firms. The asymmetry coefficient 74 is positive and statistically
meaningful for the majority of the sample, confirming that negative volatility
shocks generate disproportionately larger conditional variance than positive
shocks of equal magnitude — the central motivation for the GJR specification
over symmetric GARCH. The DCC component models the dynamic correlation
between each firm and the market proxy, feeding time-varying p, into the MES
formula.
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Table D.5: Estimated GJR-GARCH(1,1) parameters (w,a,y,3) and DCC param-
eters (a,b) for each firm. Persistence = a + /2 + (.

Ticker w Q@ B v | persistence | DCC, | DCC,
003690.KS | 0 | 0.112 | 0.844 | -0.017 0.949 | 0.000 | 0.957
0966.HK 0 | 0.083 | 0.873 | 0.008 0.960 | 0.006 | 0.989
1508.HK 0 | 0.102 | 0.885 | 0.001 0.988 | 0.014 | 0.943
6809.T 0] 0.159 | 0.612 | 0.136 0.838 | 0.027 | 0.731
8630.T 0 | 0.030 | 0.857 | 0.118 0.946 | 0.006 | 0.866
8725.T 0 | 0.048 | 0.904 | 0.069 0.987 | 0.005 | 0.990
8766.T 0 ] 0.063 | 0.875 | 0.042 0.959 | 0.006 | 0.842
ACGL 0 | 0.018 | 0.927 | 0.091 0.990 | 0.023 | 0.958
AXS 0] 0.019 | 0.911 | 0.112 0.986 | 0.009 | 0.830
BRK.A 0 | 0.054 | 0.846 | 0.105 0.953 | 0.003 | 0.992
CB 0 ] 0.043 | 0.894 | 0.091 0.983 | 0.008 | 0.984
CS.PA 0] 0.029 | 0.853 | 0.163 0.963 | 0.015 | 0.965
EG 0 ] 0.034 | 0.855 | 0.164 0.971 | 0.010 | 0.983
FFH.TO 0 | 0.107 | 0.780 | 0.045 0.909 | 0.012 | 0.967
G.MI 0 | 0.036 | 0.875 | 0.133 0.977 | 0.034 | 0.936
HNR1.DE | 0 | 0.004 | 0.944 | 0.074 0.985 | 0.016 | 0.972
HSX.L 0| 0.041 | 0.817 | 0.135 0.925 | 0.068 | 0.612
MAP.MC | 0| 0.007 | 0.957 | 0.052 0.990 | 0.009 | 0.982
MKL 0| 0.065 | 0.828 | 0.122 0.954 | 0.025 | 0.608
MUV2.DE | 0 | 0.000 | 0.951 | 0.084 0.993 | 0.022 | 0.966
QBE.AX 0 | 0.063 | 0.846 | 0.059 0.938 | 0.013 | 0.850
RGA 0 ] 0.021 | 0.941 | 0.068 0.996 | 0.019 | 0.960
RNR 0 | 0.006 | 0.951 | 0.076 0.995 | 0.008 | 0.989
SCR.PA 0 | 0.017 | 0.964 | 0.036 0.999 | 0.043 | 0.908
SPNT 0 | 0.005 | 0.953 | 0.064 0.990 | 0.008 | 0.988
SREN.SW | 0 | 0.053 | 0.846 | 0.121 0.960 | 0.023 | 0.952
WRB 0] 0.032 | 0912 | 0.075 0.982 | 0.008 | 0.989
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Appendix E

Al usage

For the writing of the thesis, the following generative Al tools were used:

o Claude Code (Anthropic)

— Sonnet 4.6
— Opus 4.6
— Opus 4.8

o Gemini CLI (Google)

— Gemini 3.1 Pro
— Gemini 3.1 Flash

The models were used for code development and debugging of R and Python
scripts used to build the analysis tools and the statistical models, for linguistic
revision and structural refinement of chapter sections, and for the methodological
review for identification of potential inconsistencies in econometric specifications.

All outputs generated by the LLM were independently verified for accuracy
and reliability before being incorporated in the final draft. No Al tools were used
to generate research conclusions, produce statistical outputs, or generate images
or infographics included in this work. All econometric analyses are executed
directly via R and Python.

The use of these tools was conducted in accordance with the principles
of academic responsibility, originality, and integrity required by Ca’ Foscari
University of Venice.
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