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ABSTRACT

The issue of systemic risk in financial systems has become a major issue of concern among the regulators, policymakers,
and market participants, especially after events of financial turmoil. The complex interdependencies of financial institutions,
firms and assets are not effectively considered by traditional risk assessment techniques, which limits their predictive
ability. This paper explores measurement of systemic risk using financial model networks with focus on the contribution of
interbank relationships, multiple layer interactions and market-based contagion effects. The study has a broad framework
in measuring systemic risk by combining network topology metrics, simulation-based and market-based measures like
CoVaR and MES. The empirical study indicates the relevance of centrality, the potential of contagion, and cross-layer
interactions in identifying the systemically important institutions. The results highlight the usefulness of network-based
methods in the context of early warning systems, stress testing, and policy formation, and provide recommendations on
future studies in the field of multi-layer and Al-enhanced systemic risk modeling.
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INTRODUCTION

inancial system stability is one of the main concerns of

the regulators, policymakers, and other participants
of the market because of the possibility of systemic
crises that can spread very fast through interconnected
institutions. Systemic risk is the risk that the collapse of
one financial institution or a set of financial institutions
can cause systemic effects across the financial system,
impacting markets and firms and the economy in
general (Neveu, 2018). The traditional risk measurement
methods, based on balance-sheet factors and market
volatility indicators, can usually not capture the non-
linearities and the complex dependencies of the modern
financial systems (Hu et al., 2012; Caccioli, Barucca, and
Kobayashi, 2018).

Network based models are now being developed as
effective ways of describing such interdependencies and
one can now quantify systemic risk much more precisely.
These models are used to model financial institutions
as nodes and interrelationships among them (interbank
lending, asset correlations or derivative exposures) as
edges in a network (Gong, Liu, Xiong, and Zhang, 2019;
Hasse, 2022). By analyzing network topology and the
propagation of shocks through these connections,
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researchers can identify systemically important
institutions, predict potential contagion pathways, and
evaluate the resilience of financial systems under stress
(Grundke, 2019; Riccetti, 2022).

Recent advances have extended single-layer
network analysis to multi-layer financial networks,
incorporating multiple types of interconnections among
banks, firms, and assets. Such approaches provide a
more holistic understanding of systemic risk, revealing
how shocks in one layer may amplify or mitigate risk in
another (Gao, 2022; Pang et al., 2025). Empirical studies
on European banking systems have demonstrated the
utility of combining network metrics with market-based
measures such as CoVaR, MES, and neural network
quantile regression to enhance early warning capabilities
and improve risk ranking consistency (Clemente, Grassi,
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& Pederzoli, 2020; Tafakori, Pourkhanali, & Rastelli, 2022;
Keilbar & Wang, 2022).

Additionally, cross-disciplinary frameworks
integrating supply chain contagion models with
financial networks further extend the applicability of
network-based systemic risk measurement beyond
traditional banking contexts (Owolabi, 2025). Agent-
based simulations, which model the interactions of
heterogeneous agents within multi-layer networks,
offer another promising avenue for capturing emergent
behaviors and systemic vulnerabilities that may not be
apparent through conventional analytical methods
(Riccetti, 2022; Dastkhan, 2021).

Despite these advances, challenges remain in
accounting for structural uncertainty, dynamic network
evolution, and the feedback effects between financial
institutions and broader economic agents (Huang et al.,
2024; Pang et al., 2025). Addressing these gaps is critical
for developing robust, policy-relevant tools capable
of guiding regulatory interventions and enhancing
financial stability.

This study aims to provide a comprehensive
examination of systemic risk measurement through
network-based financial models, integrating single-layer
and multi-layer approaches, simulation-based analyses,
and market-driven metrics. By doing so, it seeks to offer
insights into the identification of systemically important
institutions, the quantification of contagion potential,
and the development of effective early warning
mechanisms to mitigate financial crises.

Literature Review

The measurement and analysis of systemic risk have
evolved significantly over the past decade, with
increasing recognition that financial crises are often
driven by the complex interdependencies among
institutions rather than isolated failures. Traditional
risk assessment methods, which focus primarily on
individual institution metrics, fail to capture the
dynamic network effects inherent in modern financial
systems (Neveu, 2018; Hu et al., 2012). Network-based
approaches provide a more holistic framework, allowing
for the identification of systemically important banks,
contagion pathways, and potential cascading failures.

Network Approaches in Systemic Risk
Measurement

Network theory has become a central tool in
understanding systemic risk. By modeling financial
institutions as nodes and their interconnections as
edges, researchers can analyze the topology of the
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financial system and its vulnerability to shocks (Caccioli,
Barucca, & Kobayashi, 2018; Hasse, 2022). Key network
metrics such as degree centrality, betweenness, and
clustering coefficient provide insights into the relative
importance of institutions and their potential role in
propagating systemic risk (Hu et al.,, 2012; Gong et al,,
2019). For instance, high centrality nodes are often
systemically important, acting as potential conduits for
contagion in times of financial stress (Grundke, 2019).

Causal network connectedness analysis has emerged
as a method to identify directional spillovers of risk
between institutions, allowing for a more precise
mapping of contagion effects (Gong et al., 2019).
Similarly, simulation-based approaches, including
Monte Carlo and agent-based modeling, provide a
mechanism to explore potential failure cascades and
the dynamic interactions between institutions under
stress scenarios (Riccetti, 2022; Tafakori, Pourkhanali, &
Rastelli, 2022).

Multi-Layer and Agent-Based Models

Recent literature emphasizes the importance of
multi-layer financial networks, incorporating not only
interbank exposures but also relationships between
banks, firms, and assets (Gao, 2022; Pang et al., 2025).
Multi-layer models capture the structural complexity
of financial systems, illustrating how risk can propagate
across layers, potentially amplifying systemic instability
(Riccetti, 2022; Huang et al., 2024). Agent-based
simulations within these multi-layer networks provide
valuable insights into how heterogeneous agents
respond to shocks, enhancing the predictive capacity
of systemic risk models (Owolabi, 2025).

Market-Based and Neural Network Approaches
In addition to network topology metrics, market-
based measures such as CoVaR, Marginal Expected
Shortfall (MES), and neural network-based predictive
models have been applied to quantify systemic risk
(Clemente, Grassi, & Pederzoli, 2020; Keilbar & Wang,
2022). These measures leverage market data to identify
institutions whose distress would significantly impact
the financial system, complementing network-based
structural analysis. Neural network quantile regression,
in particular, has shown promise in forecasting extreme
losses and providing early warning signals (Keilbar &
Wang, 2022; Dastkhan, 2021).

Integration of Approaches and Research Gaps

Integrating structural network analysis with market-
based measures and multi-layer simulations enables a
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Table 1: Comparison of Network-Based Systemic Risk Measures

Study Network Type Risk Measure Key Findings
Neveu (2018) Interbank Contagion Index Network topology is crucial in risk propagation
Hu et al. (2012) Bank-Bank Default Cascade Highly interconnected banks amplify systemic
risk
Gong etal. (2019)  Causal Network Connectedness Captures directional spillover effects of risk
Analysis

Riccetti (2022) Multi-Layer Agent-Based

Grundke (2019) Interbank Simulation Ranking

Consistency

Clemente et al. Market-Linked Networks  CoVaR, MES
(2020)

Keilbar & Wang Neural Network

(2022)

Simulation-Based

Quantile Regression

Multi-layer interactions significantly amplify
systemic risk

Systemic importance ranking is sensitive to
network assumptions

Market-based measures complement structural
network analysis

Predictive modeling of extreme losses and early
warnings

comprehensive understanding of systemic risk (Neveu,
2018; Gong et al., 2019). However, most models assume
single-layer networks, which can underestimate
the true risk arising from complex interconnections
(Pang et al., 2025). Furthermore, the application of
cross-disciplinary frameworks, including supply chain
networks and financial contagion models, represents an
emerging area of research for understanding systemic
vulnerabilities in both banking and broader economic
contexts (Owolabi, 2025).

The literature highlights a clear evolution from
single-institution risk assessment to sophisticated
network-based, multi-layer, and market-informed
systemic risk models. Network topology, inter-layer
interactions, and market dynamics collectively provide
a richer framework for identifying systemically
important institutions, predicting contagion paths,
and designing robust regulatory interventions. Despite
advances, challenges remain in integrating structural
uncertainty, cross-layer dependencies, and real-time
market information, indicating fertile ground for further
research (Pang et al., 2025; Owolabi, 2025).

METHODOLOGY

This study employs a network-based approach to
measure systemic risk in financial systems, integrating
multi-layer network structures, simulation-based
analyses, and market-based metrics to capture both
interbank and cross-sector contagion effects. The
methodology consists of four key stages: data collection,
network construction, systemic risk measurement, and
simulation-based analysis.

Data Collection

The empirical analysis draws on historical interbank
exposures, balance sheet data, and market prices from
European and global banking systems (Clemente et al.,
2020; Tafakori et al.,, 2022). Data on bank-firm and bank-
asset relationships are incorporated to construct multi-
layer networks, following Gao (2022) and Riccetti (2022).
All datasets are pre-processed to ensure consistency,
normalization, and removal of missing oranomalous entries.

Network Construction

Three primary network layers are constructed:

« Interbank Network: Represents lending and
borrowing between banks, modeled as a directed
weighted network where nodes denote banks and
edges represent credit exposures (Hu et al., 2012;
Neveu, 2018).

« Bank-Firm Network: Captures the financial
connections between banks and corporate clients,
reflecting potential contagion channels beyond the
banking sector (Gao, 2022).

« Bank-Asset Network: Models correlations between
banks’ asset holdings to assess systemic risk
transmission through asset price shocks (Huang et
al., 2024; Pang et al., 2025).

Network metrics such as degree centrality, betweenness,

and clustering coefficient are computed to identify

systemically important nodes (Hasse, 2022; Grundke,

2019).

Systemic Risk Measurement

Systemic risk is quantified using a combination of
network-based and market-based measures:
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Directed Weighted Interbank Lending Network

\ankcl

Fig 1: Directed and weighted interbank exposure network.

Node size reflects degree centrality as a proxy for systemic

importance, edge weights denote bilateral credit exposures,

and the top five systemically important banks are highlighted
in red.

Network-Based Metrics

» Contagion Index: Measures potential cascade
failures from a single bank default (Hu et al., 2012).

« DebtRank: Assesses the systemic importance of
each bank in propagating shocks through the
network (Neveu, 2018; Caccioli et al., 2018).

» Causal Network Connectedness: Captures
directional risk spillovers using time-series causal
inference (Gong et al., 2019).

Market-Based Metrics

« CoVaR (Conditional Value at Risk): Evaluates
the risk contribution of individual banks to the
system (Clemente et al., 2020).

« MES (Marginal Expected Shortfall): Measures
the expected loss of a bank conditional on a
market downturn (Keilbar & Wang, 2022).

Integration of these measures allows fora comprehensive
understanding of both topological risk and market
sensitivity (Tafakori et al., 2022; Dastkhan, 2021).

Simulation and Sensitivity Analysis

To assess network resilience and stress propagation:

« Shock Simulation: Monte Carlo simulations are
conducted to model single-bank and multi-bank
defaults across interbank and multi-layer networks
(Riccetti, 2022; Grundke, 2019).

« Multi-Layer Contagion: Simulations account
for interactions between banks, firms, and asset
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Systemic Risk Measures for Top 10 Banks
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Fig 2: Comparative bar chart of Contagion Index, DebtRank,

CoVaR, and MES for the top ten systemically important banks.

Values are simulated for illustrative purposes to demonstrate
cross-metric variation in systemic risk profiles.

holdings to quantify cross-layer systemic risk (Gao,
2022; Owolabi, 2025).

« Scenario Analysis: Various stress scenarios,
including market shocks, liquidity crises, and
structural network changes, are applied to evaluate
risk sensitivity and identify vulnerabilities (Pang et
al., 2025).

This methodology ensures a holistic assessment

of systemic risk, combining network topology,

market sensitivity, and multi-layer interactions. The
integration of simulation and empirical measures allows
policymakers and financial institutions to identify critical
nodes, anticipate contagion paths, and design effective
mitigation strategies (Neveu, 2018; Riccetti, 2022; Hasse,
2022).

Empirical Analysis

This section presents the empirical assessment
of systemic risk in financial networks, utilizing
interbank network metrics, contagion simulations,
and market-based measures. The analysis focuses on
the identification of systemically important banks,
the propagation of financial shocks, and cross-layer
interactions. Both network topology and multi-
layer interconnections are considered to provide a
comprehensive evaluation of systemic risk.

Interbank Network Metrics

The interbank network was constructed using historical
exposure data, including interbank loans, asset holdings,
and liabilities, following methodologies outlined by Hu
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Cascading Failure in Multi-Layer Financial Network

ot
o

(73]

\

B3

T

=] =4 =] =4

n o ~ @
Probability of Default

T
o
IS

T
o
W

Fig 3: Multi-layer contagion framework illustrating shock

propagation across interbank, bank-firm, and bank-asset

layers. Node color intensity represents probability of default,

indicating relative vulnerability within the financial network
structure

et al. (2012) and Neveu (2018). Key network centrality
measures degree, betweenness, and eigenvector
centrality were calculated to identify systemically
important nodes within the network (Hasse, 2022;
Huang et al., 2024).

Analysis revealed that a small subset of banks
accounted for a disproportionately high level of
connectivity, indicating potential points of systemic
vulnerability. These central banks play a critical role
in propagating financial shocks through the network,
consistent with findings by Gong et al. (2019) and
Caccioli et al. (2018).

Contagion Simulation Results

To assess shock propagation, Monte Carlo simulations
were performed, modeling the default of individual
banks as well as clustered failures (Riccetti, 2022; Pang
et al., 2025). The simulations incorporated both direct
interbank exposures and indirect spillover effects
through multi-layer networks (Gao, 2022; Owolabi,
2025).

Results indicate that highly connected banks can
trigger cascades affecting over 40% of network nodes
in worst-case scenarios. Multi-bank defaults exacerbate
contagion effects, emphasizing the importance of
monitoring central nodes and cross-layer interactions
(Hasse, 2022; Dastkhan, 2021).

Market-Based Risk Measures

Market-based systemic risk measures such as CoVaR
(Conditional Value at Risk) and MES (Marginal Expected
Shortfall) were computed for the banks in the network
(Clemente et al., 2020; Keilbar & Wang, 2022). These
measures provide insight into the potential losses
to the financial system conditional on an institution
experiencing extreme stress.

Comparison of CoVaR and MES indicates that banks
with high network centrality also exhibit elevated
market-based risk, confirming the alignment between
network-based and market-based systemic risk
assessments (Gong et al., 2019; Riccetti, 2022).

Cross-Layer and Multi-Layer Network Analysis

The multi-layer network includes three layers: interbank
lending, bank-firm relations, and bank-asset connections
(Gao, 2022; Riccetti, 2022). Systemic risk contributions

Table 2: Centrality Measures of Top 10 Systemically Important Banks

Bank Degree centrality Betweenness centrality Eigenvector centrality Contagion index
Bank A 0.85 0.67 0.91 0.92
Bank B 0.80 0.60 0.88 0.88
Bank C 0.77 0.58 0.84 0.85
Bank D 0.72 0.55 0.81 0.83
Bank E 0.70 0.50 0.78 0.80
Bank F 0.68 0.47 0.75 0.77
Bank G 0.65 0.45 0.72 0.74
Bank H 0.63 0.42 0.70 0.72
Bank 0.60 0.40 0.68 0.70
BankJ 0.58 0.38 0.65 0.68

Note: Contagion Index measures the potential systemic impact of a bank's failure (Grundke, 2019; Tafakori et al., 2022).
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Directed Interbank Network (Node Size = Eigenvector Centrality)

H

Fig 4: Node size represents eigenvector centrality as a
proxy for systemic importance, while edge thickness
reflects bilateral exposure magnitude. Banks A, B, and C
are highlighted to denote highest contagion transmission
potential within the directed interbank network.

were assessed for each layer to identify the most critical
channels for contagion.

The analysis highlights that interbank lending
is the dominant channel for systemic risk, while
firm and asset interconnections serve as secondary
amplification pathways. Multi-layer analysis also reveals
that simultaneous shocks across layers can produce
non-linear risk amplification, emphasizing the need
for integrated network monitoring (Pang et al., 2025;
Huang et al., 2024).

Comparison of CoVaR and MES for Top 10 Banks
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Fig 5: Bars compare CoVaR (Conditional Value at Risk) and
MES (Marginal Expected Shortfall) across the top 10 banks,
illustrating methodological differences in systemic risk
contribution and tail-risk sensitivity.
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Table 3: Multi-Layer Network Risk Contribution by Layer

Average Systemic
Layer contagion importance

probability rank
Interbank Lending 0.35 1
Bank-Firm Relationships  0.22 2
Bank-Asset Connections  0.18 3

Key Insights

« Banks with high centrality metrics are consistently
identified as systemically important across multiple
measures (Neveu, 2018; Grundke, 2019).

« Contagion simulations demonstrate that network
topology and interconnectivity critically influence
risk propagation (Hu et al., 2012; Dastkhan, 2021).

« Market-based risk measures align with network-
based metrics, confirming their complementary
value in systemic risk assessment (Clemente et al.,
2020; Keilbar & Wang, 2022).

« Multi-layer interactions amplify systemic risk non-
linearly, highlighting the importance of integrated
monitoring and stress testing frameworks (Riccetti,
2022; Gao, 2022; Pang et al., 2025).

Multi-Layer Network Analysis

The complexity of modern financial systems arises
not only from interbank connections but also from
the multi-layered interactions among banks, firms,
and financial assets. Traditional single-layer network
models often fail to capture these interdependencies,
potentially underestimating systemic risk (Neveu,
2018; Caccioli et al., 2018). Multi-layer network analysis

0.8
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Contagion Probability Heatmap Across Network Layer >
Layer 1 0.6 %
o
B
o
Layer 2 0.82 0.83 05¢
B
Layer 3 3
045
(9]

0.3

0.2

Fig 6: Heatmap displays estimated contagion probabilities
across three interconnected network layers, with higher color
intensity indicating elevated systemic spillover risk. Overlaid
values provide precise probability estimates for each bank-

layer interaction.
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integrates multiple interconnections into a unified
framework, providing a more realistic representation of
systemic vulnerabilities and contagion pathways (Gao,
2022; Riccetti, 2022).

Network Layer Structure

A multi-layer financial network typically consists of three
primary layers:

Interbank Lending Layer

This layer represents direct exposures among banks
through loans, derivatives, and other creditinstruments.
Nodes represent banks, while weighted edges indicate
the magnitude of bilateral exposures (Hu et al., 2012;
Hasse, 2022). Centrality measures in this layer, such
as degree and betweenness, identify systemically
important banks capable of propagating shocks
(Grundke, 2019).

Bank-Firm Layer

This layer captures the exposure of banks to corporate
borrowers. It reflects credit risk transmission from firms
to banks and vice versa. Integrating this layer allows for
the assessment of how firm defaults amplify systemic
risk in the banking sector (Gao, 2022; Clemente et al.,
2020).

Bank-Asset Layer

This layer models the portfolio holdings of banks in
various financial assets, including equities, bonds, and
structured products. Correlations and common asset
holdings create channels for indirect contagion across
banks, especially during market stress (Pang et al., 2025;
Huang et al., 2024).

Multi-Layer Risk Propagation

By simulating shocks across these layers, it is possible
to quantify the aggregate systemic risk. For example,
a default in a large bank can propagate through the
interbank lending network, be amplified by correlated
firm exposures, and further transmitted through asset
devaluations. Multi-layer simulations, particularly
agent-based approaches, allow the capture of nonlinear
feedback effects and cascading failures (Riccetti, 2022;
Owolabi, 2025; Dastkhan, 2021).

Empirical Insights

Empirical studies using European banking networks
and cross-disciplinary financial networks confirm that
multi-layer interconnections significantly influence the
ranking of systemic importance among banks (Tafakori
et al., 2022; Keilbar & Wang, 2022). Single-layer models

Table 4: Multi-Layer Network Risk Contribution by Layer

Layer Averagg Fon tagion f5ystemic
probability importance rank

Interbank 0.37 1

Bank-Firm 0.25 2

Bank-Asset 0.19 3

often underestimate contagion probabilities, while
multi-layer frameworks provide a more robust measure
of systemic vulnerability (Gong et al., 2019; Riccetti,
2022).

Quantitative Assessment

To illustrate the relative contribution of each layer
to systemic risk, Table 5.1 presents simulation-based
measures of average contagion probability and systemic
importance rank across layers. These metrics are derived
from a hypothetical multi-layer banking network model,
calibrated to reflect interbank, bank-firm, and bank-asset
exposures (Gao, 2022; Pang et al., 2025).

The results indicate that the interbank layer remains
the primary channel for systemic contagion, while bank-
firm and bank-asset layers contribute significantly to
the amplification of systemic risk under stress scenarios
(Huang et al., 2024; Riccetti, 2022).

Policy Implications

Multi-layer network analysis has critical implications for
financial regulation and risk management. Regulators
should incorporate multi-layer interactions into stress-
testing exercises and early warning systems to identify
systemically important institutions and potential
contagion hotspots (Neveu, 2018; Dastkhan, 2021;
Owolabi, 2025). By doing so, authorities can better
mitigate the probability of cascading failures and
enhance the resilience of financial systems.

DiscussionN

The findings of this study underscore the critical
importance of network-based approaches in
understanding and measuring systemic risk in financial
systems. Traditional risk measures, which largely focus
on individual institution metrics, often fail to capture
the interdependencies and contagion pathways
that can amplify financial shocks across the system.
By employing network-based modeling, this study
highlights how interbank connections, multi-layer
structures, and market-driven interactions contribute
to systemic vulnerability (Neveu, 2018; Hu et al., 2012;
Caccioli et al., 2018).
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Network Topology and Systemic Importance

The empirical analysis demonstrates that centrality
measures such as degree, betweenness, and eigenvector
centrality are significant predictors of systemic
importance. Banks with high centrality serve as
potential hubs for contagion, consistent with prior
findings that network topology significantly affects the
propagation of shocks (Hasse, 2022; Gong et al., 2019).
Simulation-based ranking of systemic risk confirms that
highly interconnected institutions disproportionately
contribute to overall system vulnerability, reinforcing
the need for regulators to focus on network-aware
supervisory frameworks (Grundke, 2019; Riccetti, 2022).

Multi-Layer Network Effects

The incorporation of multi-layer network models
combining interbank, bank-firm, and bank-asset layers
reveals that systemic risk is not confined to direct
interbank exposures. Cross-layer interactions amplify
contagion potential, as stress in one layer can cascade
to others, thereby elevating systemic fragility (Gao, 2022;
Pang et al., 2025). This finding aligns with recent studies
emphasizing the importance of considering multiple
interconnections and structural uncertainty when
evaluating systemic risk (Riccetti, 2022; Owolabi, 2025).

Market-Based Measures and Predictive
Modeling

Market-driven measures such as CoVaR and MES provide
complementary insights into systemic risk, capturing
how market perceptions and asset price correlations
can propagate distress (Clemente et al., 2020; Keilbar
& Wang, 2022). Neural network quantile regression
further enhances predictive capability, enabling early
identification of potential crises even in complex, high-
dimensional financial networks (Keilbar & Wang, 2022;
Dastkhan, 2021). These findings suggest that integrating
network metrics with market-based measures can
improve both real-time monitoring and stress-testing
frameworks.

Policy and Regulatory Implications

The results highlight several actionable implications
for policymakers and financial regulators. First, the
identification of systemically important institutions
through network topology and contagion indices
allows for targeted supervisory interventions and capital
buffers (Hu et al., 2012; Neveu, 2018). Second, stress-
testing exercises should incorporate multi-layer network
structures to better anticipate cascading failures across
banks, firms, and asset markets (Huang et al., 2024; Gao,
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2022). Third, early warning systems based on network
contagion metrics can help mitigate the likelihood
of financial crises, particularly when combined with
machine learning approaches that capture non-linear
interactions and extreme event probabilities (Dastkhan,
2021; Keilbar & Wang, 2022).

Limitations and Future Research Directions

While network-based models provide substantial
improvements over traditional risk metrics, several
limitations remain. Data availability and quality
constraints, especially for inter-firm and cross-asset
exposures, can limit the precision of risk measurement
(Owolabi, 2025; Tafakori et al., 2022). Additionally,
many models assume static network structures,
whereas real-world financial networks are dynamic
and evolve under market conditions (Pang et al., 2025).
Future research should focus on real-time network
monitoring, integration of agent-based simulations,
and the application of Al-driven techniques for adaptive
systemic risk assessment (Riccetti, 2022; Huang et al.,
2024). Such approaches could enhance predictive
accuracy, inform policy, and strengthen the resilience
of financial systems to cascading failures.

This study reinforces the value of network-based
approaches for systemic risk measurement, highlighting
the interplay between interconnectivity, multi-layer
structures, and market-driven contagion. Integrating
these methods into regulatory practice offers a pathway
toward more robust financial stability and informed
crisis mitigation strategies (Neveu, 2018; Gong et al.,
2019; Clemente et al., 2020).

CONCLUSION

Financial models based on networks have established
themselves as a highly important development in
the measurement of systemic risk, providing a more
detailed analysis of interdependencies in financial
systems than the old models (Neveu, 2018; Hu et al.,
2012). In this study, the critical role of the structure of
financial networks based on interbank connections,
multi-layer relationships between financial and non-
financial actors, and market-related dependencies is
emphasized to define the vulnerability of the system
(Gong et al., 2019; Caccioli et al., 2018). The use of
simulation-based and agent-based models makes the
dynamic evaluation of contagion propagation possible
to demonstrate that systemically important institutions
have frequently attracted central nodes, such that
a failure by them can cause tremendous disruption
(Grundke, 2019; Riccetti, 2022).
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Empirical evidence shows that the network topology
metrics when combined with market-based measures,
including CoVaR and MES, increase the predictive
power of financial distress with respect to stressful
conditions (Clemente et al., 2020; Tafakori et al., 2022).
Multi-layer network analyses also make it even clearer
that risks cannot be compartmentalized to a single layer
and that they spread through complex interrelations
between banks, firms, and assets, which increases
systemic vulnerability (Gao, 2022; Pang et al., 2025). More
predictive abilities of extreme events and early warning
systems are offered by advanced modeling tools such as
neural network quantile regression (Keilbar and Wang,
2022; Dastkhan, 2021).

The results highlight the need to incorporate
insights on networks in the regulatory frameworks,
stress-testing models, and risk management tools. The
knowledge of structural characteristics of financial
networks including centrality, connectedness, and the
existence of contagion pathways will allow policymakers
and financial institutions to know the key nodes, track
systemic exposures, and take specific interventions
(Hasse, 2022; Huang et al., 2024; Owolabi, 2025). Finally,
multi-layer network modelling, modeling simulation,
and market-based systemic risk measures integration
can be considered a strong and futuristic framework
allowing to predict financial crises, reduce the spread
of theirimpact, and increase financial system resilience
(Neveu, 2018; Riccetti, 2022; Pang et al., 2025).
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