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Abstract

This review provides a comprehensive analysis of graph-based models in credit risk assessment
within the financial industry. It systematically categorizes and evaluates various models, including
factorial network models, Graphical Gaussian Models (GGMs), Graph Neural Networks (GNNs),
network centrality measures, community detection methods, dynamic multi-layer networks, and
advanced techniques like graph attention networks and hypergraphs. The analysis highlights the
comparative advantages of graph-based models over traditional approaches in capturing complex
relationships and contagion within financial networks. Factorial network models and GGMs excel
in understanding latent factors and systemic risks, while GNNs and network centrality measures
enhance predictive accuracy and explainability. Community detection and dynamic multi-layer
networks offer insights into risk transmission and systemic risk. Advanced techniques such as graph
attention networks, hypergraphs, and knowledge graph models integrate diverse data sources for
holistic credit risk assessment. Additionally, the review underscores the potential of graph-based
models in handling imbalanced data, improving credit scoring for thin-file borrowers, and mitigating
financial contagion. The findings emphasize the need for future research to integrate early warning
systems into customer segmentation frameworks and extend the utility of graph-based models to
identify positive financial behaviors and lending opportunities.
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1. Introduction

This study builds upon the increased interest in the application of graph-based models within
the financial industry, particularly focusing on their role in credit risk assessment. By systematically
examining the integration of network analysis and traditional credit scoring, this literature review
aims to unveil the potential of graph-based techniques in enhancing predictive accuracy and risk
management.

With the rise of advanced analytical techniques and the proliferation of Big Data the financial
industry has undergone a significant evolution, offering novel opportunities for enhanced credit risk
assessment and management. Among the innovative approaches emerging in this domain, graph-
based models have gained significant attention for their ability to capture complex interdependencies
and network effects within financial interactions. The term of a graph-based model is hereby defined
as a Graph-Based Modeling System (GBMS) to develop a sophisticated modeling environment for
problems that can be represented by an attributed graph [Jones, 1990]. This literature review
systematically examines the role of graph-based models in credit default prediction, providing a
comprehensive overview of different models and their applications in credit risk assessment.

In recent years, the financial sector has increasingly relied on sophisticated data-driven methods
to improve risk management practices and enhance decision-making processes [Kou et al., 2014].
Traditional credit scoring models, predominantly based on individual borrower characteristics and
static financial ratios, often fall short in capturing the intricate web of relationships and interactions
that influence credit risk. Graph-based models, which leverage the structural properties of networks,
offer a promising alternative by incorporating relational data into risk assessment frameworks.

The literature on graph-based models is diverse with many model applications but it can be
broadly categorized into several main types: network centrality measures [Liu et al., 2024a,b, Long
et al., 2022], community detection algorithms [Ahelegbey et al., 2019b, Leng et al., 2017, Anagnostou
et al., 2018, Kanno, 2022, Tonzer, 2015], graphical gaussian models (GGMs) [Cerchiello and Giudici,
2016], and graph neural networks (GNNs) [Cheng et al., 2022, Lee et al., 2021, Mitra et al., 2024, Liu
et al., 2022, Muñoz-Cancino et al., 2023a,b, Shumovskaia et al., 2021, Song et al., 2024, Wei et al.,
2024, Wu et al., 2023]. Each of these models provides unique insights into the structural and dynamic
aspects of financial networks. Network centrality measures, such as degree centrality, betweenness,
and closeness, are found to identify the most influential nodes within a network, offering valuable
information on systemic risk and potential points of failure. In contrast, community detection
algorithms partition the network into cohesive subgroups, facilitating the identification of clusters
with similar risk profiles. Graph neural networks, as an advanced machine learning approach, act
as an overarching technique and integrate both node features and topological information, thereby
enabling more accurate and robust credit risk predictions.

The application of graph-based models in credit risk assessment has demonstrated significant
improvements in predictive performance and risk mitigation. By capturing the interconnectedness
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of borrowers and financial institutions, these models provide a more holistic view of credit risk,
accounting for contagion effects and systemic vulnerabilities. Empirical studies have shown that
incorporating network features into credit scoring models enhances their accuracy and reliability,
particularly in the context of peer-to-peer (P2P) lending platforms and complex financial networks.

Comparative analyses between graph-based and traditional models highlight the advantages
of the former in addressing the limitations of conventional approaches. Traditional models often
assume independence among borrowers, neglecting the impact of network effects and interdependen-
cies. In contrast, graph-based models explicitly account for these factors, leading to more accurate
risk assessments and better-informed decision-making. Studies have demonstrated that graph-based
models outperform traditional models in various settings, including default prediction, systemic risk
analysis, and portfolio management.

1.1. Research questions

The premise of this study is to analyze and compare the various graph-based models used in
credit risk assessment or other related domains to determine their relative effectiveness and scope
of applications. To achieve this goal, we seek to answer the following primary research question:
‘How do different graph-based models compare in enhancing credit risk assessment?’ This general
question is divided into the following sub-questions:

• What types of graph-based models are most commonly used in credit risk assessment?

• What are their specific applications?

• What areas will further spur the use of graph-based models in the context of credit risk
assessment?

Hence, we structure our study as follows: Section 2 outlines the methodology employed for the
review process. Section 3 provides an overview of different graph-based models, while Section 4
discusses their applications in credit risk assessment. Section 5 presents a comparative analysis
of graph-based and traditional models. Finally, Section 6 offers conclusions and future research
directions.

2. Methodology

In this literature review we follow the premise of a structured approach to ensure a consistent
and unbiased outcome of the review process. Building on the methodological framework established
by Varsha P S et al. [2024], our review is structured into eight key steps, which define the scope and
direction of our study. Initially, we identify the research questions by formulating specific research
questions. Next, we develop and validate a detailed review methodology to guide our data search
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and analysis. The third step involves an extensive examination and analysis of relevant literature
to ensure a thorough exploration of the topic. Following this, we apply specific criteria to carefully
select studies for inclusion, ensuring their relevance and quality. In the fifth phase, we conduct a
detailed assessment of the quality of each selected study. We then proceed to systematically extract
pertinent information from each study. The seventh phase involves analyzing and synthesizing
the collected data to integrate findings and generate significant insights. Finally, we compile our
results into comprehensive reports, presenting our findings in a clear and organized manner. This
methodological approach ensures the rigor and reliability of our literature review, providing valuable
insights into the subject matter.

Both Scopus1 and Web of Science2 are selected as research databases to draw upon the relevant
literature data analysed for this study. Scopus covers a wide range of scientific disciplines, providing
comprehensive research materials. It also offers powerful search and filtering capabilities[Burnham,
2006]. Web of Science has an extensive range of article repositories [Mongeon and Paul-Hus, 2016]
and robust search features [Chadegani et al., 2013]. The advanced search function of both databases
is used to customize a unique search query that includes keywords such as: ’graph’, ’network’,
’network models’, ’network-based models’, ’graph models’, ’network-based modeling’, ’graph-based
modeling’, ’credit risk’, ’financial risk’, ’banking risk’, ’loan risk’, ’credit scoring’, ’risk assessment’,
’financial’, ’banking’, ’loan’, ’P2P’, ’Peer-to-Peer’, ’networks’, and ’graphs’.These keywords were
subsequently combined with the Boolean operators ’AND’ and ’OR’. After several trials, we find
the search results to include papers applying graph-based models in analyzing disease transmission,
which do not match the research scope of this study. Thus, we further modify the research query
to exclude keywords "COVID-19", "epidemic", "infection", "disease" and "virus". Subsequently,
we retrieve our first two article resources:

• Source A: Use the following search query string to search in Scopus:

TITLE-ABS-KEY(("graph" OR "network" OR "graphs" OR "networks" OR "network mod-
els" OR "network-based models" OR "graph models" OR "network-based modeling" OR
"graph-based modeling") AND ("credit risk" OR "financial risk" OR "banking risk" OR
"loan risk" OR "credit scoring" OR "risk assessment") AND ("financial" OR "banking" OR
"loan" OR "P2P" OR "Peer-to-Peer"))
AND PUBYEAR > 1993
AND DOCTYPE(ar) NOT TITLE-ABS-KEY("COVID-19" OR "epidemic" OR "infection"
OR "disease" OR "virus")

1https://www.scopus.com/home.uri
2https://www.webofscience.com/wos/woscc/basic-search
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• Source B: Use the following search query string to search in Web of Science:

(TS=("graph" OR "network" OR "graphs" OR "networks" OR "network models" OR "network-
based models" OR "graph models" OR "network-based modeling" OR "graph-based model-
ing") AND TS=("credit risk" OR "financial risk" OR "banking risk" OR "loan risk" OR
"credit scoring" OR "risk assessment")
AND TS=("financial" OR "banking" OR "loan" OR "P2P" OR "Peer-to-Peer") AND TS=("network"
OR "graph" OR "network models" OR "graph models" OR "network-based modeling" OR
"graph-based modeling"))
NOT TS=("COVID-19" OR "epidemic" OR "infection" OR "disease" OR "virus")

After applying the search queries, the retrieved papers are further filtered according to a set
of exclusion criteria outlined in Table 1.

Table 1: Summary of article selection criteria.

Criteria Decision

Inclusion of pre-defined keywords in title, abstract, or keyword list Inclusion
Article publication in a scientific journal Inclusion
Article written in English Inclusion
Article published before 1993 Exclusion
Duplicates of an original article Exclusion
Relevance of abstract, title, and content to research objective Exclusion
Unavailability of the article online for free Exclusion
Publisher is MDPI or Hindawi Exclusion

We manually check the papers returned by Scopus and explore that, according to Scopus’
definition of the search query, some studies researching the influence of COVID-19 to financial
market by applying graph-based models are also included. These studies remain suitable for our
research question and were thus included in the sampling process though they contain disease-
relevant keywords.

To align the systematic sampling approach of the literature returned by the two databases, we
adjust the search query for Web of Science and check the additional publications returned. This
forms the third source of this review:

• Source C: Use the following search query string to search in Web of Science:

(TS=("graph" OR "network" OR "graphs" OR "networks" OR "network models" OR "network-
based models" OR "graph models" OR "network-based modeling" OR "graph-based model-
ing") AND TS=("credit risk" OR "financial risk" OR "banking risk" OR "loan risk" OR
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"credit scoring" OR "risk assessment")
AND TS=("financial" OR "banking" OR "loan" OR "P2P" OR "Peer-to-Peer") AND TS=("network"
OR "graph" OR "network models" OR "graph models" OR "network-based modeling" OR
"graph-based modeling"))

After applying these search queries, the retrieved articles already included in Source B are
removed. The remaining 69 studies comprise Source C.

For publications from all three sources, we combine them and conduct further checks, which are
explained in Fig 1.

Source A
(NA=85)

B
(NB=929)

C
(NC=69)

Check for duplicates
(N=1066)

Assess paper quality, language, accessibility
(N=1056)

Evaluate relevance
(N=78)

Coding

Presentation of results

Figure 1: Flowchart of the Literature Review Process

During the "Coding" step, we focus on the following eight aspects of the included research
studies:

• Type of graph: Which type of graph is applied to model the data, directed or undirected,
weighted or unweighted, multi-graph, or other types?

• Application situation: The application situation that the graph-based model is applied to.
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• Research question

• Methodology

• Data source

• Task type: What is the task type for the model?

• Performance metrics: What metrics are applied to measure the performance of the model?

• Validation and testing methods

These aspects of the literature will be presented in the following sections.

3. Deconstructing the research landscape

In this section, we will analyze the research landscape by examining three key aspects. First,
we will look at the temporal distribution of literature to understand trends and changes over time.
Next, we will explore the distribution of journals and topics to identify dominant areas of focus.
Finally, we will analyze the frequency of keywords to gain insights into the recurring themes and
emerging trends in the field.

3.1. Temporal distribution of literature

The temporal distribution of literature is plotted in Fig 2. The first study on this topic was
published by Hu et al. in 2012 [Hu et al., 2012]. This paper applies an undirected weighted graph
to model systemic risk in banking systems. It shows a significant increase in publications starting
from 2018, with a noticeable peak in 2024. The data indicate that the research interest in this
field has grown considerably over the years, particularly in recent times, suggesting a more central
interest network-based credit risk modeling.
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Figure 2: Temporal Distribution of Literature

3.2. Journal and topic distribution

This section presents an analysis of the journals and their primary topics where the top 20
most cited papers were published (Table 2). The journals represented in this list span a range of
disciplines, reflecting the interdisciplinary nature of the research. The majority of the journals focus
on Business & Economics (e.g., Journal of Financial Stability, International Review of Financial
Analysis), indicating a strong emphasis on economic stability and financial analysis. The field of
Computer Science also features prominently, particularly through journals like MIS Quarterly and
Expert Systems with Applications. Additionally, there is a significant presence of journals related
to Engineering and Operations Research & Management Science, such as Quality Engineering
and European Journal of Operational Research, pointing to the applied nature of the research in
optimizing processes and systems. Other areas such as Physics and Mathematics are represented
by journals like Physical A and Journal of Systems Science & Complexity.
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3.3. Distribution based on keywords
The word cloud (Fig 3) generated from the keywords of the collected literature provides a

visual representation of the most prominent topics and areas of research within the review sample.
The most frequently occurring keywords include "credit risk," "credit scoring," and "peer-to-peer
lending," highlighting the central focus on financial risk assessment and the mechanisms of credit
evaluation. Other significant terms such as "machine learning," "deep learning," and "graph neural
network" indicate that various models and methodologies are being employed in this research area.
Additionally, keywords like "covid-19 pandemic" and "financial stability" suggest a recent interest
in understanding the impacts of global crises on financial systems. The diverse array of keywords
reflects the interdisciplinary nature of the research, encompassing fields such as economics, finance,
computer science, and network theory, with a particular emphasis on risk management, network
models, and the application of artificial intelligence in financial contexts.

Figure 3: Word Cloud of Ketwords

4. The role of graph-based models in credit default prediction

4.1. Overview of Different Graph-Based Models
Graph-based models have emerged as powerful tools for analyzing and predicting credit risk,

leveraging the complex relationships inherent in financial networks. We find various types of graph-
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based models that are employed in the literature to capture the multifaceted nature of credit risk.
One of the primary models is the factorial network model, which improves credit risk manage-

ment by segmenting heterogeneous populations into clusters based on the comovement of latent
factors. This segmentation allows for the construction of more accurate credit score models, as
demonstrated by Ahelegbey et al. [2019a]. Similarly, the latent factor model classifies firms into
major network communities to estimate efficient logistic models for P2P credit scoring, showing
enhanced predictive performance compared to traditional methods [Ahelegbey et al., 2019b].

Graphical Gaussian models or (GGMs) are another vital approach, particularly useful for sys-
temic risk estimation. These models leverage financial network structures to enhance the un-
derstanding of interconnectedness and systemic risks, providing a more detailed depiction of risk
propagation through financial systems [Cerchiello and Giudici, 2016].

Contrarily, Graph neural networks (GNNs) have gained prominence for their ability to incorpo-
rate both node features and graph structures into credit risk prediction. For instance, Giudici et al.
[2019] and Liu et al. [2022] propose using GNNs to integrate alternative data, such as centrality
measures derived from similarity networks, significantly improving predictive accuracy and model
explainability. Additionally, Cheng et al. [2022] utilize deep graph learning to quantify systemic
risk in networked-loans, showcasing its effectiveness in detecting and isolating contagion risk. Con-
gruently, the application of GNNs extends further, as Muñoz-Cancino et al. [2023a] and Song et al.
[2024] demonstrate their potential in combining multiple graph representation learning methods
to enhance credit scoring for thin-file borrowers and enterprise credit risk assessment, respectively.
This highlights the versatility of GNNs in various financial contexts but also points to their intricate
implementation. Consequently, Shumovskaia et al. [2021] discuss using GNNs for predicting new
interactions in the network of bank clients and improving credit scoring, indicating their potential
in enhancing customer relationship management in the banking sector. In the context of fraud
detection, Shi and Zhao [2023] explore the use of hierarchical graph attention networks (HGAT)
for integrating local and extensive structural information, significantly improving the detection of
financial fraud. Shi et al. [2024] present a hybrid model using GNNs for credit risk prediction by
integrating graph representation learning and k-nearest neighbors (kNN) methods, which shows to
improve the predictive performance. Moreover, Wu et al. [2023] introduce a novel credit scoring
approach called CDGAT, which uses GNNs to predict potential credit card defaulters by consider-
ing customer interactions, further demonstrating the utility of GNNs in credit scoring applications.
Wei et al. [2024] discuss using GNNs to predict enterprise bankruptcy by combining intra-risk and
contagion risk, providing a comprehensive approach to risk assessment. In turn, Song et al. [2024]
propose a multi-structure cascaded graph neural network framework for enhancing enterprise credit
risk assessment, underscoring the advanced capabilities of GNNs in handling complex financial
datasets.

However, other approaches such as, modeling systems with network centrality measures remain a
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pivotal role in assessing credit risk. Liu et al. [2024b] demonstrate that a borrower’s position within
a P2P network, indicated by their degree centrality, is crucial in predicting loan default probabilities.
This approach is further validated by Lu et al. [2022], who employ multi-layer and parallel-connected
graph convolutional networks to detect default risk in P2P lending by considering a debtor-creditor
relationship network. The importance of centrality measures is further emphasized in studies by
Bhattacharya et al. [2020], Brownlees et al. [2021], and Long et al. [2022], indicating their effective
application in credit risk modeling. In addition, Ahelegbey et al. [2022] investigate the impact of
the COVID-19 pandemic on the economic relationships among top 50 S&P companies by leveraging
network analysis models that combine market and textual data. This study highlights how centrality
measures can also reveal the shifts in economic relations during a global crisis. Similarly, Ben Amor
et al. [2022] apply the Financial Risk Meter (FRM) to capture systemic risk behavior in emerging
markets, incorporating centrality measures to inform portfolio allocation decisions. Further research
by Giudici et al. [2019] proposes enhancing credit risk accuracy by leveraging topological information
embedded into similarity networks, employing topological coefficients such as centrality measures.
This methodology is supported by Giudici et al. [2020], who suggest augmenting traditional credit
scoring methods with centrality measures derived from similarity networks among borrowers to
improve predictive accuracy and model explainability. Liu et al. [2024b] further underscore these
findings by emphasising the significance of a borrower’s position and connectivity within the P2P
lending network for accurate credit risk assessment.

These studies collectively underscore the critical role of network centrality measures in diverse
risk analysis settings, from assessing systemic risk during crisis to improving credit risk management
in peer-to-peer lending platforms.

Another immanent strand in the family of graph-based models, namely community detection
methods are utilized to identify clusters of financially interconnected firms, aiding in the under-
standing of risk transmission mechanisms. Anagnostou et al. [2018] propose augmenting systematic
risk factors with a contagious default mechanism, constructing credit stress propagation networks to
calibrate contagion parameters for infectious defaults. This methodology is supported by the work
of Rao et al. [2020], who implemented a 2-stage modified random forest model for credit risk assess-
ment in P2P lending. Ahelegbey et al. [2019b] present a latent factor-based classification technique
to divide the population into major network communities, enhancing the predictive performance
of P2P scoring models. Ahelegbey et al. [2022] analyze the impact of the COVID-19 pandemic
by combining market and textual data to highlight intercompany connections using community
detection algorithms. Bhattacharya et al. [2020] investigate financial connectivity using commu-
nity detection in syndicated loan networks to relate financial integration and credit risk of banks.
Studies by Cerchiello and Giudici [2016], Cheng et al. [2022], and Chen et al. [2020] further employ
deep graphical models with community detection techniques to enhance systemic risk estimation in
markets such as interbank lending and regulate contagion risk within the networked loans. Lee et al.
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[2021] incorporate a community detection technique into a graph convolutional network to enhance
the credit default prediction process. Similarly, Óskarsdóttir and Bravo [2021] apply multi-layer
network analysis with community detection to improve credit risk prediction. Congruently, Poledna
et al. [2015] expand this study context to explore the multi-layer nature of systemic risk in financial
networks using community detection methods, and Tonzer [2015] consider cross-border interbank
networks to understand banking risk and contagion through the use of community structures.

Building on this approach Dynamic multi-layer network models have been employed to capture
the interactions across different layers of financial networks. Jin et al. [2024] and Poledna et al.
[2015] illustrate the application of these models in understanding the propagation of systemic risk in
interconnected financial systems. At the micro level, Lu et al. [2022] utilize multi-layer and parallel-
connected graph convolutional networks for detecting debt default in P2P networks, while Song
et al. [2024] enhance enterprise credit risk assessment with cascaded multi-level graph representation
learning. Óskarsdóttir and Bravo [2021] and Lin et al. [2022] further explore the implications of
multilayer networks in financial risk prediction and information diffusion, respectively.

Further advanced techniques such as graph attention networks (GATs) and hypergraphs are also
found to be utilized to enhance the credit risk assessment process. Shi and Zhao [2023] and Song
et al. [2024] illustrate the use of hierarchical GATs and multi-structure cascaded GNNs, respectively,
to capture complex inter-entity relationships and high-order relationships among enterprises. Their
resulting approaches lead to superior performance in financial fraud detection and enterprise credit
risk assessment.

As another graph representation concept, knowledge graph models have been utilized to account
for the integration of relational data into credit risk models. Mitra et al. [2024] and Zhang et al.
[2024] demonstrate the effectiveness of these models in improving credit risk assessments for Micro,
Small, and Medium-sized Enterprises (MSMEs) by leveraging enterprise association data. Further-
more, Song et al. [2024] also showcase the enhancement of enterprise credit risk assessment using a
knowledge graph embedded network implementation. This approach allows for a more nuanced un-
derstanding of the relationships and dependencies between different enterprise entities by learning
relation-specific representations. Similarly, Shi et al. [2024] illustrate the benefits of an integrated
graph representation learning approach with graph transformation, which yields improved credit
risk prediction over a conventional credit scoring approach. Scholarly work by Lee et al. [2021]
further emphasizes the utilization of graph convolutional networks, highlighting the importance of
virtual distances among borrowers in credit default prediction. These studies collectively underscore
the pivotal role of advanced graph-based models in refining credit risk assessments and underscore
the growing importance of incorporating complex relational data into financial risk modeling.

Further model types such as Graph-based semi-supervised learning models and graph pattern
mining models have also been explored in credit risk contexts. Kang et al. [2021] applied a semi-
supervised reject inference framework for consumer credit scoring, while Ribeiro et al. [2019] em-
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ployed graph pattern mining to identify financial risk patterns.
These diverse graph-based model applications point towards collectively enhancing the predictive

power and interpretability of credit risk assessments, offering nuanced insights into the dynamics
of financial networks and providing robust tools for risk management in the financial sector.

4.2. Applications of graph-based models in credit risk assessment

Graph-based models have found extensive applications in credit risk assessment, leveraging the
inherent interconnectedness within financial networks to enhance predictive accuracy and risk man-
agement strategies. These models offer significant advantages in capturing the complex relationships
and contagion effects that traditional models often overlook.

One prominent application is the improvement of credit scoring models for personal- and cor-
porate loans in Peer-to-Peer (P2P) lending platforms. Ahelegbey et al. [2019b] introduced a latent
factor-based method that constructs a network of Small- and Medium sized Enterprises (SMEs)
based on latent factor co-movements, allowing for the development of more accurate credit score
models for different clusters, outperforming conventional logistic regression models. Similarly, Giu-
dici et al. [2019] demonstrated that incorporating topological information from borrowers’ financial
data into credit scoring models significantly enhances their predictive performance. The effective-
ness of these approaches is further corroborated by studies highlighting the roles of network topology
and network centrality in credit risk assessment for personal P2P lending [Liu et al., 2024a,b]. Ad-
ditionally, the use of multilayer and parallel-connected graph convolutional networks for detecting
debt default in P2P networks [Lu et al., 2022], factorial network models for improving P2P credit
risk management [Ahelegbey et al., 2019a], and network-based scoring models to enhance credit risk
management in P2P lending platforms [Giudici et al., 2019] have shown promising results. More-
over, FCM-based P2P network lending platforms for dynamic credit risk assessment [Han et al.,
2020], graph convolutional networks for credit default prediction [Lee et al., 2021], and evaluating
borrowers’ default risk with a spatial probit model [Lee and Sohn, 2021] further exemplify the utility
of graph-based models. Furthermore, the impact of network-derived interfirm financial transactions
and user-generated text on credit risk in P2P lending is found to enhance the prediction accuracy
of scoring models [Vinciotti et al., 2019, Kriebel and Stitz, 2022].

In the context of SME credit risk, Long et al. [2022] proposed a framework that incorporates both
intrinsic risk and relational risk derived from neighboring firms’ risk events. This approach, which
combines relational risk scores with traditional financial and demographic features, significantly im-
proves the discrimination and granting performance of SME credit risk evaluations. Vinciotti et al.
[2019] further highlighted the impact of interfirm financial transactions on the credit risk of SMEs,
showing that incorporating transaction network information enhances the predictive power of credit
risk models. Rishehchi Fayyaz et al. [2020] applied network-aware approaches to credit risk pre-
diction in supply chain finance, thereby considering the importance of social network structures in
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managing financial stability. These findings are echoed in Muñoz-Cancino et al. [2023b], who among
others [Long et al., 2022, Vinciotti et al., 2019] discusses the dynamic nature of creditworthiness
influenced by social interaction features.

Subsequently, Muñoz-Cancino et al. [2023a] developed a framework that integrates multiple
methods of graph representation learning with social network information to assess the creditwor-
thiness of thin-file borrowers. By combining feature engineering, graph embeddings, and GNNs,
this approach significantly improves credit scoring performance for individuals and companies with
limited credit histories. Yıldırım et al. [2021] also demonstrated the effectiveness of incorporat-
ing graph theory into big data analytics for default prediction, showing substantial improvements
in predictive accuracy. These advanced techniques are further explored by Han et al. [2020] and
Shumovskaia et al. [2021], who among other scholars apply graph-based models to dynamic credit
risk assessment scenarios [Muñoz-Cancino et al., 2023a, Yıldırım et al., 2021, Han et al., 2020,
Shumovskaia et al., 2021].

Overall, the applications of graph-based models in credit risk assessment illustrate their ability
to capture complex relationships and contagion effects within financial networks. By leveraging
the structural properties of these networks, graph-based models provide deeper insights into risk
propagation and interdependencies. In the following section, we further detail the work that has
exclusively focused on analyzing bank lending and systemic credit risk assessment.

4.3. Applications of Graph-Based Models in Analyzing Bank Lending and Systemic Credit Risk

Within the literature the analysis of systemic risk within financial systems, particularly through
the lens of bank lending networks, has garnered substantial academic attention. Systemic risk
pertains to the risk of collapse of an entire financial system or entire market, due to the potential
domino effect of the failure of a single entity or cluster of entities, which can result in a severe
economic downturn. Graph-based models have emerged as powerful tools to study such intercon-
nected financial networks, offering insights into how risks propagate and how the structure of these
networks can influence systemic stability. Thus, the application of graph-based models in under-
standing credit risk contagion within interbank markets is another critical area. Chen et al. [2021]
developed a network model to study credit risk contagion in the supply chain finance context under
COVID-19, considering factors like disruptions and financial stress propagation. Their findings
revealed how credit risk contagion accumulates and spreads, highlighting the nonlinear evolution of
risk contagion within the financial system. Zhao et al. [2023] further explored cross-border credit
networks, and found how international banking linkages facilitate risk contagion, thereby identify-
ing the centrality of certain banking sectors in propagating systemic risk. This is supported by Hu
et al. [2012], who analyzed the systemic risk within banking systems by utilizing a BI algorithm
that incorporates both network- and financial principles to reveal intricate contagion pathways in
interbank relationships. Cerchiello and Giudici [2016] utilize conditional graphical models to esti-
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mate systemic risk in a European interbank network, thereby underlining that the transmission of
systemic risk underlies a strong country effect induced by the economic strength of an individual
nation.

From these insights it becomes evident that graph-based models may represent an effective
tool for assessing systemic risk when analyzing banking networks. Several studies [Steinbacher
et al., 2016, Tonzer, 2015, Chen et al., 2020, Cheng et al., 2022, Lin et al., 2022, Poledna et al.,
2015, Jin et al., 2024] have focused on the robustness and vulnerability of banking networks to
systemic shocks. For instance, Steinbacher et al. [2016] propose a network-based structural model
to illustrate the propagation of idiosyncratic and systemic shocks across banking systems. Their
findings suggest that while idiosyncratic shocks have limited impact, systemic shocks can cause
extensive damage due to their contagious potential. Tonzer [2015] accounted for this in their
objective to analyze how interconnectedness in cross-border interbank networks can contribute
to financial contagion and systemic risk. It is found that cross-border linkages among banking
systems of different countries are related to systemic credit risk transmissions and interconnections
between banks appear to propagate shocks within the network. This finding suggests that network
topological properties of a network contain valid information about the risk contagion between
node instances. Congruently, Chen et al. [2020] construct a network model of credit risk contagion
in the interbank lending market, considering the impact of bank runs and fire sales of external
assets, and reveals how these factors exacerbate the spread of financial distress. In turn, Cheng
et al. [2022] proposed a deep graph learning approach to mitigate contagion risk in networked-
loans, showing that banks’ centrality within the network significantly influences their susceptibility
to systemic risk. These results confirm the importance of understanding the network component
in form of interconnectedness among banks to manage systemic risk effectively [Poledna et al.,
2015, Steinbacher et al., 2016]. Building on this foundation Lin et al. [2022] investigated the
co-evolution of financial information diffusion and risk spreading on two-layer networks, finding
that optimal information diffusion can significantly suppress financial risk. This highlights the
potential of graph-based models in designing strategies to control risk contagion. Additionally,
Poledna et al. [2015] emphasize the multi-layer nature of systemic risk, arguing that systemic risk
can be differentiated into separate layers of financial networks (e.g., interbank, derivatives, and
payment networks) that each contribute to the overall systemic risk. Their findings suggest that
understanding the interconnectedness across these layers is crucial for effective risk management.Jin
et al. [2024] further develop a dynamic multi-layer financial network model to study risk contagion
between banks and firms. Their model incorporates both traditional bank-firm lending relationships
and dynamic short-term loans, showing how these interactions influence systemic stability.
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5. The relationship between network analysis and credit risk assessment

This section explores the intricate relationship between network analysis and credit risk assess-
ment, highlighting two discovered research streams from our review of the literature that aims to
investigate how these two areas intersect and inform each other. Despite research efforts in both
fields, the literature exemplifies a limited amount of studies that explicitly address their integration.
This analysis aims to identify patterns and potential synergies, thereby providing a foundation for
future research in this domain. From this systematic review of the literature it is found that the
two predominant research streams that consider the integration of network analysis and credit risk
are found in the field of P2P lending and corporate bankruptcy prediction. The employed research
methods are primarily linked to supervised ML approaches that vary from simple linear models to
complex neural networks and tree-based models.

5.1. The interplay between network analysis and credit risk in P2P lending

Network analysis has emerged as a pivotal tool in understanding the interconnected nature of
financial entities, loan pools, and the propagation of risks through these connections. Traditional
credit risk assessment models often fail to capture the complexity of these interconnections, focusing
instead on isolated financial metrics. Consequently, the integration of network analysis is found to
address this shortcoming by providing a more holistic view through an enhanced data representation
that can yield latent information that otherwise remains hidden in the data structure. For instance,
Ahelegbey et al. [2019a] and Liu et al. [2024a] highlight how network models can improve credit risk
assessment in P2P lending by identifying latent factors and community structures within financial
loan networks. These studies demonstrate that incorporating network-derived variables can signif-
icantly enhance the predictive accuracy of credit risk models. These insights coincide with other
studies [Giudici et al., 2019, 2020, Chen et al., 2022, Ahelegbey et al., 2019a,b, Han et al., 2020]
that find retrieved network-induced information to significantly improve the prediction accuracy of
various scoring models. Nevertheless, it becomes evident that the application of network theory in
credit risk assessment for P2P lending is primarily dominated by generalised linear models (GLS).
Giudici et al. [2019] discuss the use of network-based scoring models represented through a logistic
regression classifier to better capture the risk profiles of borrowers in peer-to-peer lending platforms
via the computation of network effects measured through centrality measures. It is found that the
inclusion of the centrality features in the credit modelling process contains relevant information for
forecasting borrower default [Giudici et al., 2019]. This finding is corroborated by the results of
Giudici et al. [2020], Chen et al. [2022], and Ahelegbey et al. [2019b], which showcase for the model
family of GLS, the ability of topological features to to convey latent information that benefits the
prediction of the credit default likelihood. Other studies such as Ahelegbey et al. [2019a] and Han
et al. [2020] reveal that further advanced graph representations such as fuzzy recognition maps and
factor network-based segmentation inhere beneficial information for the default prediction process in
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the context of P2P lending. In light of these findings it becomes crucial to intensify research efforts
in the domain of complex network analysis to retrieve more empirical evidence on the effectiveness
of graph-based credit risk modeling in P2P lending.

5.2. Network analysis and corporate default prediction

Within the area of credit risk assessment at the corporate level, scholarly efforts have been
intensified to integrate network analysis with existing ML methods for predicting firm bankruptcy
prediction in the context of SMEs. Several studies [Kou et al., 2021, Yıldırım et al., 2021, Sukharev
et al., 2020, Zhou et al., 2023, Shi et al., 2024, Mitra et al., 2024] have proven the effectiveness of
graph-based models in predicting firm default over conventional modeling approaches. Kou et al.
[2021] leverage network data extracted from payment networks of SMEs, where firms are represented
as nodes and shared payment transactions as edges, to forecast corporate defaults. The resulting
topological insights demonstrate that incorporating transactional data enhances the prediction ac-
curacy of SME bankruptcies. Building on this approach, Yıldırım et al. [2021] introduce graph
centrality metrics and conduct a comparative analysis of statistical and tree-based credit scoring
models using a dataset of Turkish firms. Their results indicate consistent improvement across all
graph-augmented model ROC curves compared to traditional methods. Similarly, Sukharev et al.
[2020] corroborate these findings, showing that transactional information derived from graphs sub-
stantially boosts the accuracy of neural networks in predicting loan defaults among bank clients.
On the other hand, research focused on consumer credit default prediction also supports the value
of graph-topological data in credit risk modeling. Zhou et al. [2023] utilize graph-attention-based
networks to capture the complex interrelationships among users of credit providers, leading to supe-
rior predictive performance for the graph-based model compared to conventional machine learning
techniques. Shi et al. [2024] employ a hybrid approach that combines graph neural networks (GNNs)
with k-nearest-neighbor (KNN) to perform unsupervised graph transformations, thereby enhancing
the prediction of loan defaults. Their model’s higher classification accuracy relative to standard
machine learning models highlights the advantage of establishing connections between observed in-
stances before modeling to better exploit latent information in credit data. Conversely, Mitra et al.
[2024] propose a novel credit risk assessment model for MSMEs that integrates a Relational Graph
Convolutional Network (RGCN) with a Random Forest (RF) classifier. This approach leverages the
strengths of knowledge graphs to capture complex relationships between entities such as borrow-
ers, lenders, and their transactions. By embedding these relationships and combining them with
traditional financial metrics, the RGCN-RF model delivers superior performance over conventional
models in identifying credit risk.

5.3. Challenges and future directions

While the integration of network analysis and credit risk assessment holds great promise, we
identify several challenges that remain to be solved. One obstacle is rooted in the data availability
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and quality of model training sets that can impose constraints, as highlighted by Muñoz-Cancino
et al. [2023a]. Ensuring the robustness of network models in the face of incomplete or noisy data
is crucial for their effective application [Hu et al., 2012] and thus a major concern for future re-
search efforts. Furthermore, the computational complexity of network-based methods necessitates
advanced techniques for scalability and efficiency. Studies such as Yıldırım et al. [2021] and Wu
et al. [2023] underscore the importance of leveraging big data analytics and scalable machine learn-
ing frameworks to handle the vast amounts of financial data involved. In addition, the development
of further advanced distributed ledger technologies (DLTs) and decentralized finance might grant
further opportunities to assess credit risk in financial transactions specifically bound to these appli-
cations. Currently, scholarly efforts concentrated on providing an understanding to the structural
properties of blockchains networks and their financial implications [Treiblmaier and Beck, 2019].
Hence, future research could explore how graph-based models can be adapted to assess credit risk
within these decentralized networks. For example, the unique transactional patterns on blockchain
could be modeled using graph structures to identify potential risks in smart contracts or lending
pools. Additionally, the integration of peer-to-peer lending platforms with DeFi protocols could
benefit from graph-based models to predict default risks more accurately. Another evolving area
with future potential for the effective integration of network analysis in the context of credit risk
modeling refers to real-time credit scoring. Given that many ML-driven credit scoring models op-
erate on static data sources [Dastile et al., 2020], real-time monitoring systems can continuously
assess credit risk as new data becomes available. In volatile credit markets that react in stronger
magnitudes to sudden changes in economic conditions, these models can enhance the scoring ac-
curacy and thus the credit risk assessment within these markets. Graph-based models may offer
suitable characteristics for such tasks as the given network structure could allow for monitoring
multiple inputs such as transactions, market movements, and changes in borrower behaviour si-
multaneously. First study approaches by Steinbacher et al. [2016] on the robustness of banking
networks to systemic shocks underline the need for a timely response of credit providers in times
of market stress. Studies particularly on multi-layer networks such as in Lin et al. [2022], Lu et al.
[2022], and Song et al. [2024] can pinpoint to new approaches that could foster the application of
graph-based models in this area. Overall, the relationship between network analysis and credit risk
assessment is multifaceted and presents further applicable fields for exploration. By bridging these
fields, we aim to direct researchers to develop more robust and network-based predictive models
that better capture the complexities of modern credit systems.

6. Conclusion

In this study we conducted a comprehensive systematic literature review on the novel application
of graph-based models in credit risk assessment. We explored a sample of 78 scholarly articles related
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to the research premise to uncover key themes and use cases in the field of graph-based credit risk
modeling. The review aimed to provide a detailed understanding of how graph-based techniques
enhance credit risk assessment and to identify emerging trends and future research directions in
this field.

This structured approach allowed us to address the primary research questions posed at the
beginning of the review:

• Main techniques used for graph-based credit risk assessment and their valida-
tion: The literature reveals a significant surge in interest in graph-based models for credit
risk assessment, particularly over the past decade. The research landscape is characterized by
a diversity of methodologies, including GNNs, network centrality measures, and community
detection algorithms, which are frequently applied across various financial contexts related to
credit issuance such as P2P lending as well as banking- and SME lending. These techniques
are found to employ robust predictive capabilities and offer new dimensions in understanding
systemic risks and financial contagion. The keyword analysis highlights the growing impor-
tance of terms like ‘graph-based models’, ‘credit risk’, and ‘network analysis’, reflecting the
increasing recognition of these models’ potential.

• Relationship between network analysis and credit risk assessment: The intersection
of network analysis and credit risk assessment has been increasingly researched, revealing how
graph-based models can capture the complex interdependencies and systemic risks within
financial networks more effectively than traditional models. The review underscores that
while network analysis has made significant strides in enhancing credit risk assessment, the
integration of these techniques into traditional credit risk frameworks remains an area for
further exploration. This gap suggests substantial opportunities for future research to build
more holistic and integrated credit risk models.

Overall, the analysis of graph-based models in credit risk assessment uncovers distinct pat-
terns of research focus and highlights areas with significant potential for further development. The
methodologies reviewed range from simple graph-based indicators to complex, multi-layered net-
work models, each contributing uniquely to the predictive power and interpretability of credit risk
assessments. This diverse landscape points to the need for continued scientific innovation, partic-
ularly in integrating graph-based techniques with conventional credit risk models to enhance their
applicability and effectiveness across different financial settings.

6.1. Implications of the study

This study has significant implications for both academic research and practical applications
within the field of credit risk assessment. By examining the current landscape of graph-based
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models, we not only consolidates existing knowledge but also shed light on areas where further
development is needed. The implications of these findings are immanent and can be categorized
into research implications and practical implications.

• Research Implications: The results indicate that graph-based models have demonstrated
considerable promise in enhancing the accuracy and robustness of credit risk assessment.
These models, particularly Graph Neural Networks (GNNs), network centrality measures,
and community detection methods, have been shown to provide deeper insights into the
systemic risks and interconnectedness inherent in financial networks. However, the study
also highlights several gaps in the existing literature that warrant further exploration. For
instance, while graph-based models have been effectively applied in various contexts such as
peer-to-peer lending and banking networks, there is a noticeable scarcity of research on their
integration with traditional credit risk models. This gap presents an opportunity for future
research to develop hybrid frameworks that combine the strengths of both graph-based and
conventional models, potentially leading to more comprehensive and accurate risk assessment
tools. Additionally, the review identifies a need for more empirical studies that test the
effectiveness of graph-based models across different financial contexts and market conditions.
Such studies could provide valuable evidence to support the broader adoption of these models
in practice.

• Practical Implications: For practitioners, the findings of this review offer valuable insights
into the potential applications of graph-based models in real-world settings. The ability of
these models to capture complex relationships and predict systemic risks more accurately than
traditional models could further evolve credit risk management. By adopting graph-based
techniques, financial institutions could enhance their ability to identify high-risk borrowers,
detect early warning signs of financial distress, and manage systemic risks more effectively.
Moreover, the review suggests that graph-based models could be particularly useful in con-
texts where traditional models struggle, such as in assessing the creditworthiness of thin-file
borrowers or in dynamic environments such as volatile as peer-to-peer credit markets. Imple-
menting these models could lead to more informed lending decisions, reduced default rates,
and improved overall financial stability. Furthermore, the study highlights the importance of
continuous evaluation and adaptation of these models to ensure they remain effective in the
face of evolving financial landscapes and emerging risks.

6.2. Limitations and future recommendations
While this systematic literature review offered valuable insights into the domain of network-

based credit risk assessment, it is critical to recognize the inherent limitations that may have
influenced our findings. These limitations should be considered when interpreting the results of this
study:
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• Reliance on specific citation databases and search terms: The review’s scope was
narrowed down by exclusively using the Web of Science and Scopus databases and specific
search queries to gather the literature. While this approach streamlined the literature collec-
tion process, it inevitably resulted in the omission of potentially relevant studies that were
either not available in these database or categorized under different keywords.

• Application of distinct search filters: The use of search engine filters pertaining to
article type, interest area, language, and publication year may have inadvertently prevented
the inclusion of additional relevant studies.

• Subjectivity in further selection: Despite using specific keywords and queries to retrieve
a comprehensive literature list, the subjective evaluation led to the exclusion of numerous
articles that were not wholly aligned with the research objective.

• Limited available literature: The review encountered limitations imposed by the literature
itself, as network-based credit risk models have only recently begun to receive wider attention
in the academic community, therefore limiting the breadth of available research.

Taking into account these limitations and building on the study results, we ought to express
several recommendations that can be made to guide future research and potential implementations:

• Exploring the integration of network models within traditional credit risk frame-
works: As the review indicated, few articles explored the incorporation of network analysis
within traditional credit risk models. Future studies could bridge this literature gap by de-
veloping systems that allow to blend these methodologies to build theoretically enhanced
prediction models.

• Expanding the functionality of network-based models: Traditionally, these models are
designed to detect and track risk early through their topological features. However, a further
advanced approach could involve monitoring specific indicators of borrowers’ financial health
and growth through parametric adaptations, thus identifying promising lending opportunities
and expanding the utility of network-based models beyond risk mitigation.

Hence, the scope for innovation and expansion within the fields of network-based credit risk
assessment is immanent. By exploring underrepresented applications and adopting novel approaches
to existing technologies, future research can continue to enhance our understanding of advanced
topological systems, ultimately contributing to more effective and comprehensive financial decision-
making processes.
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7. Appendix

Citation Key Type of graph Data Source Task type
1 Liu et al. [2024a] Undirected,

Weighted
Bondora platform data,
covering loan information
from June 2009 to April
2022

Credit risk assessment and
loan default prediction

2 Liu et al.
[2024b]

Undirected,
Weighted

Bondora platform data,
covering loan information
from June 2009 to April
2022

Credit risk assessment and
loan default prediction

3 Giudici et al.
[2020]

Undirected,
Weighted

ModeFinance data on fi-
nancial ratios from bal-
ance sheets of 9981 SMEs,
mostly based in Southern
Europe

Credit risk assessment and
loan default prediction

4 Giudici et al.
[2019]

Undirected,
Weighted

European External Credit
Assessment Institution
(ECAI) data on financial
ratios from 4514 Italian
SMEs

Credit risk assessment and
prediction of loan defaults

5 Lu et al. [2022] Directed, Weighted Renrendai platform trans-
action data from January
1, 2015, to March 31,
2015, including 1,115,855
transactions

Default risk detection in
P2P lending platforms

6 Ahelegbey et al.
[2019a]

Undirected,
Weighted

European External Credit
Assessment Institution
(ECAI) data on 15,045
SMEs engaged in P2P
lending across Southern
Europe

Credit risk assessment and
loan default prediction
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Citation Key Type of graph Data Source Task type
7 Ahelegbey et al.

[2019b]
Undirected,
Weighted

European External Credit
Assessment Institution
(ECAI) data on 813
SMEs, mostly based in
Southern Europe, for the
year 2015

Credit risk assessment and
loan default prediction

8 Shumovskaia
et al. [2021]

Directed, Weighted Large European bank’s
transaction data over sev-
eral years, anonymized
and depersonalized

Link prediction and credit
scoring

9 Han et al. [2020] Directed, Weighted Nine indicators derived
from transaction data,
user product data, and
overdue compensation
data from the Lu Jinfu
platform and two other
platforms

Platform risk assessment,
Credit risk evaluation

10 Lee et al. [2021] Undirected,
Weighted

Lending Club data, in-
cluding 2,260,688 loan
records with 145 at-
tributes collected until
December 2018

Credit risk assessment and
default prediction

11 Wu et al. [2023] Directed, Weighted Transaction data from In-
dustrial and Commercial
Bank of China (Macau)
Limited (ICBC Macau)
from January 1, 2015, to
December 31, 2019

Credit risk assessment and
prediction of credit card
defaulters

12 Song et al.
[2024]

Directed, Weighted Real-world enterprise
data from 5195 companies
in China, collected from
Datayes and CSMAR
databases, including 18
financial indicators

Credit risk assessment

Continued on next page
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Citation Key Type of graph Data Source Task type
13 ? Undirected,

Weighted
Publicly available
datasets including Lend-
ing Club, Home Credit,
and PPD datasets from
2013 to 2015, and addi-
tional datasets specific to
default detection

Default risk detection in
P2P lending

14 Lee and Sohn
[2021]

Undirected,
Weighted

Lending Club dataset
from June 2007 to De-
cember 2018, focusing
on loans issued in 2012
for which default records
were known

Default risk prediction

15 Rao et al. [2020] Directed, Weighted Loan data from the
Pterosaur Loan plat-
form, focusing on "Three
Rurals" borrowers

Credit risk evaluation

16 Muñoz-Cancino
et al. [2023a]

Undirected,
Weighted

Multi-source dataset from
a large Latin American
country, characterizing re-
lationships, interactions,
and credit history for the
entire population, includ-
ing both individuals and
companies

Credit risk assessment
and creditworthiness
prediction

17 Wang et al.
[2024]

Undirected,
Weighted

Internal electronic credit
data of a commercial bank
from 2015 to 2017, desen-
sitized to contain feature
information on loan and
personal data

Credit risk assessment and
multi-classification
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Citation Key Type of graph Data Source Task type
18 Steinbacher

et al. [2016]
Directed, Weighted Balance sheet data from

40 real banks, including
Tier 1 capital and total as-
sets, extracted from 2011
Annual Reports

Shock propagation analy-
sis in banking networks

19 Vinciotti et al.
[2019]

Undirected,
Weighted

Financial transaction data
between SMEs in the UK

SME credit risk assess-
ment

20 Mitra et al.
[2024]

Directed, Weighted Indian MSMEs database
from CMIE, including fi-
nancial statements and re-
lational data spanning six
years (2016-2021)

Credit risk assessment and
prediction of enterprise
defaults

21 Muñoz-Cancino
et al. [2023b]

Undirected,
Weighted

Dataset of 97,000 individ-
uals and companies from a
Latin American bank, in-
cluding social interaction
data and financial data

Creditworthiness assess-
ment

22 Ribeiro et al.
[2019]

Undirected,
Weighted

Two datasets: a qual-
itative bankruptcy data
benchmark and a real-
world French database of
corporate companies

Financial risk prediction

23 Hu et al. [2012] Undirected,
Weighted

Federal Deposit Insurance
Corporation (FDIC) data
from 7,822 banks, span-
ning from 2001 to 2010

Systemic risk analysis and
prediction of contagious
bank failures

24 Stolbov and
Parfenov [2023]

Directed, Undi-
rected, Weighted

Aggregate probability of
default (PD) data from
the Credit Research Ini-
tiative covering 46 coun-
tries from January 2000 to
December 2019

Credit risk propagation
analysis

Continued on next page
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Citation Key Type of graph Data Source Task type
25 Kriebel and

Stitz [2022]
Undirected,
Weighted

Lending Club dataset
from 2007 to 2014, includ-
ing 40,229 funded loans
with user-generated text
descriptions

Credit risk assessment and
default prediction

26 Shi et al. [2024] Undirected,
Weighted

Benchmark credit
datasets including Aus-
tralian Credit Data,
German Credit Data,
Default of Credit Card
Clients Data Set, and
South German Credit
Data

Credit risk assessment and
prediction

27 Zhao et al.
[2023]

Undirected,
Weighted

Credit risk assessment Z-score, Nonperforming
loan ratio

28 Cheng et al.
[2022]

Directed, Weighted Comprehensive loan
dataset from commer-
cial banks across two of
China’s main mega city
clusters (Yangtze River
and Pearl River Delta),
covering 0.83 million
guarantee relationships
and 0.57 million SMEs
from January 2004 to
December 2015

Systemic risk assessment
and contagion risk predic-
tion

29 Cerchiello and
Giudici [2016]

Undirected,
Weighted

Financial and market data
for the largest European
banks from 2001 to 2010,
sourced from FDIC

Systemic risk estimation
and contagion risk predic-
tion

30 Bhattacharya
et al. [2020]

Directed, Weighted Syndicated loan data from
Loan Pricing Corporation
DealScan Dataset, cover-
ing 39 countries from 1988
to 2014

Credit risk assessment and
financial integration anal-
ysis

Continued on next page
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Citation Key Type of graph Data Source Task type
31 Wang et al.

[2021]
Undirected,
Weighted

Financial data from 104
quoted SMEs in China’s
mobile manufacturing
supply chain, covering the
period from 2011 to 2019

Credit risk assessment and
prediction of risky vs.
non-risky SMEs

32 Leng et al.
[2017]

Directed, Weighted Data from a real SME
loan guarantee network
in Hangzhou, Zhejiang
province, China, involving
13 SMEs

SME credit risk assess-
ment, systemic risk anal-
ysis

33 Kang et al.
[2021]

Undirected,
Weighted

Financial data provided
by a leading Chinese
fintech company, covering
30,112 loan applicants
from March 1, 2015, to
March 31, 2017

Credit risk assessment and
reject inference

34 Shi and Zhao
[2023]

Directed, Weighted Publicly available finan-
cial report dataset demon-
strating fraud and non-
fraud cases from multiple
sectors

Financial fraud detection

35 Jin et al. [2024] Directed, Weighted Data from banks and
firms in China, cover-
ing interbank loans, firm-
bank loans, and cross-
shareholding relationships

Risk contagion analysis,
Systemic risk manage-
ment

Continued on next page
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Citation Key Type of graph Data Source Task type
36 Tonzer [2015] Directed, Weighted Annual data for banking

systems of 15 Euro-
pean countries, Canada,
Japan, and the United
States from 1994 to
2012, including bilateral
cross-border asset and
liability positions from
BIS and country-specific
banking sector data from
Bankscope and World
Bank

Banks’ risk assessment, fi-
nancial stability analysis

37 Liu et al. [2022] Undirected,
Weighted

Lending Club dataset
from 2007 to 2016, in-
cluding personal and
demographic information
of applicants

Credit risk assessment and
default prediction

38 Lin et al. [2022] Directed, Weighted Data from various finan-
cial institutions and CEO
interactions, simulated
data for model validation

Financial risk spreading,
Systemic risk manage-
ment

39 Ouyang et al.
[2020]

Directed, Weighted Weekly stock market
closing price data from
16 listed Chinese banks,
Baidu search index, and
various macroeconomic
indicators from January
2014 to September 2018

Systemic risk measure-
ment and contagion risk
analysis

40 Brownlees et al.
[2021]

Directed, Weighted Markit, providing daily
CDS spreads for one-
year to ten-year contracts
for Eurozone banks and
sovereigns from January
2006 to December 2013

Credit risk assessment and
network analysis

Continued on next page
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Citation Key Type of graph Data Source Task type
41 Poledna et al.

[2015]
Directed, Weighted Data from Banco de Méx-

ico, covering daily ex-
posures between major
Mexican financial inter-
mediaries from 2007 to
2013 across four markets:
derivatives, securities, for-
eign exchange, and de-
posits & loans

Systemic risk assessment,
Quantification of financial
crises costs

42 Zhang et al.
[2024]

Undirected,
Weighted

Transaction data between
enterprises in China, in-
cluding sales and input in-
voice data for 123 MSMEs
from an enterprise credit
assessment platform

Credit risk assessment,
Credit strategy develop-
ment

43 Óskarsdóttir
and Bravo
[2021]

Multilayer Net-
work, Directed,
Weighted

Agricultural lending
dataset from a Latin
American country, cov-
ering loans between
1998-2013, including loan
information, sociodemo-
graphic data, and past
financial behavior.

Credit risk assessment and
loan default prediction

44 Kanno [2022] Directed, Weighted Data from Refinitiv LPC’s
DealScan database, cover-
ing syndicated loan deals
for J-REITs from FY2013
to FY2021, including in-
formation on lenders, bor-
rowers, loan amounts, and
maturity periods

Risk contagion analysis,
Credit risk assessment

Continued on next page
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45 Long et al.

[2022]
Undirected,
Weighted

Data from a Chinese re-
gional commercial bank
and Qichacha (an en-
terprise information in-
quiry website) covering
manufacturing SMEs and
NEEQ SMEs in China
from 2016 to 2020

Credit risk assessment,
Relational risk quantifica-
tion

46 Paraíso et al.
[2021]

Directed, Weighted Dataset from a microfi-
nance institution in Sub-
Saharan Africa, includ-
ing smartphone data for
11,486 loans from 2016 to
2020

Credit scoring, Loan clas-
sification

47 Chen et al.
[2020]

Directed, Weighted Balance sheet data from
banks in the interbank
lending market, including
interbank assets, liabili-
ties, and external assets

Credit risk contagion
analysis, Systemic risk
management

48 Rishehchi Fayyaz
et al. [2020]

Directed, Weighted SCF data from an auto-
motive industry in Iran,
including financial trans-
actions and organizational
attributes of 500 actors in
the SCF network

Credit risk assessment and
prediction of actor de-
faults

49 Wei et al. [2024] Directed, Weighted Real-world multi-source
data on SMEs in China,
covering enterprise busi-
ness information and
litigation events from
2014 to 2021

Bankruptcy prediction for
SMEs

Continued on next page
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50 Anagnostou

et al. [2018]
Directed, Weighted CDS data for synthetic

test portfolios, calibrated
with real data from
sovereign and corporate
bonds in various countries

Portfolio credit risk esti-
mation and extreme loss
prediction

51 Yıldırım et al.
[2021]

Undirected,
Weighted

Financial data for over
one million companies
in Turkey from 2010 to
2018, including balance
sheet, credit, and invoice
datasets

Default prediction

52 Hurd et al.
[2017]

Directed, Weighted Theoretical Model Modeling and Simulation

53 Behbehani et al.
[2023]

Directed, Dynamic
Bayesian Network

Case study based on the
Capital One breach, syn-
thetic dataset generated
using vulnerabilities from
NVD, exploit-db.com, and
AlienVault OTX Pulse.

Dynamic Risk Assessment

54 d’Ambrosio
et al. [2023]

Directed, Bayesian
Threat Graph
(BTG)

Theoretical model based
on existing literature and
empirical data, including
vulnerability databases
and global security inci-
dent trends.

Risk Management and
Cybersecurity

55 Mou et al. [2020] Directed, Weighted Proprietary dataset from
a financial firm in Manila,
Philippines, including
784 loan contracts and
4,142,474 individual SMS
and voice communica-
tions.

Risk Assessment

Continued on next page
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56 Chen et al.

[2021]
Undirected,
Weighted, Scale-
free Network (BA
model)

Theoretical model based
on empirical studies and
simulation data represent-
ing the supply chain fi-
nance network and the im-
pact of COVID-19.

Credit Risk Contagion
Analysis

57 Cinicioglu et al.
[2024]

Directed, Bayesian
Network

Daily CDS values from
17 EU countries, obtained
from Refinitiv Datastream
database.

Systemic Risk Assessment

58 Ağca et al.
[2023]

Undirected,
Network-based
(Complex Network
Analysis)

Theoretical model based
on empirical data from
financial statements and
supply chain information
of firms. Specific data de-
tails are not provided in
the summary but would
typically include finan-
cial ratios, credit ratings,
and inter-firm transaction
data.

Credit Risk Contagion
Analysis

59 Liu et al. [2024]
60 Durango-

Gutiérrez et al.
[2023]

Not specified Data from two microcre-
dit portfolios in Bolivia
and Colombia, contain-
ing 4,758 entries for Bo-
livia and 2,627 entries for
Colombia.

Credit Risk Assessment

Continued on next page
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61 Kanno [2024] Correlation-based

Network
Sovereign CDS spreads,
sovereign bond yields,
and recovery rates from
Refinitiv Datastream
for G7+5 countries.
Macroeconomic and
COVID-19-related data
from various sources,
including Datastream,
Eikon, and government
statements.

Sovereign Default Risk
Assessment

62 Zhang and Nan
[2023]

Directed,
Weighted, Dy-
namic Network

Daily closing price data of
31 associated enterprises
in Evergrande’s supply
chain from January 2,
2020, to December 27,
2021, obtained from the
Choice database.

Financial Risk Spillover
and Contagion Analysis

63 Chen et al.
[2024]

Directed, Weighted
Network

Sovereign CDS spreads,
stock market data, bond
yields, and exchange rates
from various financial in-
stitutions in China from
2011 to 2021.

Systemic Risk Assessment

64 Ben Amor et al.
[2022]

Directed, Weighted Bloomberg, market in-
dices, macroeconomic
data from Adrian and
Brunnermeier (2016)

Risk Assessment, Portfo-
lio Optimization

65 D’Innocenzo
et al. [2023]

Dynamic Diagonal
Spatial Model

Weekly changes of 5-year
government yield spreads
from Datastream and
Bloomberg (2009-2022)

Risk assessment, Empiri-
cal modeling
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66 Jović and

Ðaković [2022]
Undirected Net-
work

Bank non-performing
loans (NPL) data,
macroeconomic vari-
ables from the National
Bank of Serbia and the
Statistical Office of the
Republic of Serbia

Risk assessment, Analysis
of credit contagion

67 Qian et al.
[2023]

Undirected, Un-
weighted Network

Financial data from in-
terconnected enterprises
(supply chain relation-
ships, credit reports)

Risk assessment, Strategy
evaluation

68 Wang et al.
[2019]

Undirected,
Weighted Net-
work

Financial data from credit
asset markets, behavioral
finance data

Risk assessment, Conta-
gion analysis

69 Zhu et al. [2019]
70 Naeem et al.

[2024]
Directed, Weighted
Networks

Proprietary datasets from
financial institutions de-
tailing bilateral exposures
and balance sheet infor-
mation

Risk Assessment

71 Ahelegbey et al.
[2022]

Multilayer, di-
rected, weighted,
time-varying graph

Interbank market trans-
action data, balance sheet
data, public financial
statements

Network analysis, risk
propagation, stability
assessment

72 Gu et al. [2019] Dynamic, Directed,
Weighted Network

Banking data including
interbank lending, bal-
ance sheets, financial
statements

Risk assessment, Systemic
risk analysis

73 Jin [2021]
74 Maghyereh and

Abdoh [2024]
Directed,
Weighted, and
Unweighted Graphs

Financial Data from En-
terprises, Simulated Data

Credit Risk Contagion
Control

75 Chen et al.
[2022]

Directed; Weighted Chinese lending platform Predictive analysis

76 Kou et al. [2021] Directed; Weighted SME data Predictive analysis
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77 Sukharev et al.

[2020]
Directed; Weighted Bank transactional data Credit scoring

78 Zhou et al.
[2023]

Directed; Weighted Credit default datasets Risk prediction
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