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Abstract

This study conducts a comprehensive bibliometric analysis and predictive modeling of
financial risk research from 2015 to 2024, integrating conceptual, knowledge, and collabo-
ration perspectives. Utilizing the PRISMA framework for literature screening, the study
identifies publications, research areas, and research institutions. A co-citation network
approach reveals the intellectual structure and milestone works, while emergent keyword
detection highlights cutting-edge topics such as economic policy uncertainty, climate risk,
and green innovation. Furthermore, the study proposes a novel semantic forecasting
model, SEF-ACLSTM (Semantic Evolution Forecasting with Aligned Clustered LSTM), to
predict the evolution of research themes through 2030. The results identify three major
thematic clusters: methodological innovation, traditional risk management, and green
finance. The predictive analysis indicates a growing emphasis on methodological and
sustainability-oriented topics, suggesting a paradigmatic shift in financial risk research.
The findings offer theoretical insights and strategic guidance for future academic inquiry
and policy formulation.

Keywords: financial risk; citation analysis; Hawkes processes; green finance

1. Introduction

In recent years, research about financial risk has exhibited a clear trajectory of thematic
expansion and methodological innovation. Scholars have increasingly focused on credit
scoring, green bonds, climate risk, systematic risk, the mean—variance criterion, value-at-
risk (VaR), and Hawkes processes. Among these, credit scoring remains a foundational
approach for assessing both individual and institutional risk, evolving from traditional
statistical models to advanced machine learning algorithms that enhance both predictive
accuracy and model interpretability (Gambacorta et al., 2024; Tu & Wu, 2025). Simultane-
ously, growing attention to environmental and sustainability factors have fueled the rise of
research on green bonds. These studies primarily explore pricing mechanisms, risk-return
characteristics, and policy implications within the broader context of ESG investment
frameworks (Tang & Zhang, 2020; Flammer, 2021). The concept of climate risk has also
expanded considerably, especially in light of global climate agreements and increasing
financial regulatory scrutiny. Researchers now widely recognize that climate-related shocks
affect not only firm-level operations but also contribute to broader systematic risk across
the financial system (Battiston et al., 2017). Within this context, traditional quantitative
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tools such as the mean—variance criterion (Markowitz, 1952) and VaR (Jorion, 2007) remain
central to portfolio management and regulatory compliance. However, these models are
increasingly adapted to incorporate nonlinear dynamics, fat-tailed distributions and feed-
back loops associated with climate and market volatility. Moreover, Hawkes processes
have gained traction in high-frequency risk modeling due to their ability to capture event
clustering, contagion effects, and temporal dependencies in financial markets (Bacry et al.,
2015; Lin et al., 2025). These models are especially useful for identifying latent chan-
nels of risk transmission across asset classes and financial institutions, thereby enhancing
early-warning systems.

Overall, this evolving body of literature signals a shift from traditional portfolio-centric
risk analysis toward a more integrated and interdisciplinary paradigm. By embedding
data-driven modeling, green finance, and climate resilience into risk research, scholars are
broadening the theoretical foundation of financial risk management and advancing more
robust frameworks for risk monitoring, asset pricing, and regulatory strategy. However,
existing research has overlooked the financial crises of enterprises in corporate finance when
examining financial risks, and on the other hand, the existing bibliometric research lacks
a systematic theoretical framework, which results in isolated conclusions. To overcome
these limitations, this study first provides a definition of financial risk. Then, based on
10,766 articles collected from the Web of Science between 2015 and 2024, it creates a specific
framework diagram for the cluster analysis of co-cited articles, the analysis of emergent
keywords and the dynamic evolution of co-cited keywords in the field of financial risk. The
objective of this study is to answer these three problems, as follows:

(1) How has the field of financial risk research evolved from 2015 to 2024 in terms of
publications and research areas, and which research organizations have made the
most significant cumulative contributions over this period?

(2) What are the underlying intellectual foundations, influential contributors, and emer-
gent thematic hotspots that have shaped the development of financial risk research
over the past decade?

(3) Based on the past decade of research, what are the predicted future research themes
in the field of financial risk?

Compared with existing studies, this study makes the following theoretical contribu-
tions to the bibliometric analysis of financial risk research: First, although previous studies
have mainly examined credit risk, market risk, and systemic risks (Chen et al., 2020; Zhou
& Yin, 2019), corporate financial distress, which is an important aspect of financial risk,
has yet to be systematically included in bibliometric analyses (Li et al., 2022). This study
integrates perspectives from corporate finance, such as financial distress and bankruptcy
prediction, into the analytical framework, thereby expanding the theoretical boundaries of
financial risk research by drawing on foundational theories of financial crisis (Altman, 1968;
Ohlson, 1980). Second, in contrast to earlier studies that typically rely on single-dimensional
approaches such as keyword co-occurrence (L. Wang et al., 2021) or highly cited literature
analysis (Xu & Chen, 2019), this study develops a comprehensive multi-dimensional bib-
liometric framework. It encompasses publication growth trends, collaboration networks,
citation structures, and thematic evolution, thus addressing the issue of fragmentation and
responding to criticisms of the lack of systematicity and theoretical integration in biblio-
metric research (Aria & Cuccurullo, 2017). Finally, this study proposes the SEF-ACLSTM
framework, which integrates semantic modeling, deep learning-based prediction, and
visual presentation. Unlike conventional topic identification methods that primarily rely
on keyword frequency and co-occurrence analysis (Liu et al., 2021; ]. Wang & Zhang, 2020),
this framework introduces deep semantic encoding techniques and an attention-driven
LSTM network to model the evolution and predict future trends of research topics in higher
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dimensions. Moreover, the temporal visualization of topic evolution supplements existing
limitations in portraying topic lifecycles, popularity dynamics, and semantic transitions
(Aria & Cuccurullo, 2017), providing a systematic and integrative paradigm for studying
knowledge evolution in complex academic ecosystems.

The significance of this study lies in two main aspects. First, it reveals the structural
transformation of financial risk research between 2015 and 2024 in terms of thematic evo-
lution, regional characteristics, and academic paradigms. By emphasizing the integration
of green finance, intelligent technologies, and interdisciplinary approaches, the study con-
tributes practical insights for risk governance and policy design in an increasingly complex
global financial landscape. Second, through a systematic analysis of research hotspots, evo-
lutionary trajectories, and emerging trends in the financial risk literature, this study offers a
comprehensive research roadmap that aids scholars in identifying influential works and
frontier topics, thereby enhancing the scientific rigor of research design and the theoretical
contribution of future studies.

The structure of this study is organized as follows. Section 1 outlines the concep-
tual foundation, including the definition and scope of financial risk. Section 2 details the
methodological design, with a focus on the application of the PRISMA framework for
literature screening. Section 3 presents a statistical analysis of financial risk publications,
examining trends in publication volume, disciplinary distribution, and contributor net-
works. Section 4 conducts an in-depth co-citation network analysis to reveal the intellectual
structure, milestone works, and emerging thematic clusters within the field. Section 5
explores the evolutionary trajectories and predictive analysis of research themes using
the SEF-ACLSTM model. Finally, Section 6 summarizes the main findings and research
implications, and offers concrete suggestions for future directions.

2. Analytical Framework for Bibliometric Research on Financial Risk

This study adopts a concept-knowledge—collaboration network framework to conduct
a comprehensive bibliometric analysis of the financial risk literature in Figure 1. The
analytical process is structured into four stages: First, the study defines the concept of
financial risk and applies the PRISMA framework (Page et al., 2021) to systematically
screen and filter relevant literature, ensuring transparency and methodological rigor in
data collection. Second, based on descriptive statistics of the retrieved publications, the
study investigates the evolution of research output and disciplinary distribution over time,
and identifies the most influential authors, institutions, and countries contributing to the
field. Third, to uncover the intellectual structure and thematic development of financial risk
research, the study employs co-citation network analysis. This includes identifying highly
co-cited articles, recognizing intellectual milestones and paradigm shifts, mapping co-
cited authors, and analyzing emergent keywords to highlight emerging research frontiers.
Fourth, to explore the temporal evolution and forecast future trajectories of research themes,
the study introduces a Semantic Evolution Forecasting with Aligned Clustered LSTM (SEF-
ACLSTM). This model aligns annual keyword clusters across years and predicts their
semantic evolution using an attention-enhanced LSTM framework, enabling forward-
looking insights into theme development between 2025 and 2030.
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Figure 1. The concept-knowledge—collaboration network framework.

2.1. Conceptual Foundation: Definition and Scope of Financial Risk

The study defines the concept of financial risk as the analytical foundation. Financial
risk refers to the potential for financial loss or bankruptcy faced by firms and financial
institutions. It is a multifaceted concept widely discussed in the literature, covering dimen-
sions such as market volatility, liquidity constraints, credit risk, and insolvency (Fabozzi
& Peterson, 2003; Crouhy et al., 2001; Rejda & McNamara, 2020). Among these, systemic
financial risk is especially critical, as the failure of one or more interconnected institutions
may propagate through the financial system, potentially leading to cascading defaults and
broad-based macroeconomic instability (Acharya et al., 2017).

Accordingly, financial risk can be categorized into two interrelated distinct forms:
corporate financial risk and systemic financial risk. Corporate financial risk arises from
firm-specific operational, legal, or financial failures and reflects the internal financial health
of individual firms. Systemic financial risk, by contrast, refers to financial distress that
spreads across institutions through interconnected networks, threatening the stability of
the broader financial system. Though different in scope and mechanism, the two are closely
linked: firm-level failures, particularly in interconnected environments, can escalate into
systemic crises. In this sense, corporate risk forms the micro-foundation of systemic risk.

The theoretical basis for these categories originates from seminal models. Altman’s
Z-score model (Altman, 1968) introduced a quantitative approach to assess corporate
bankruptcy using financial ratios. Merton’s structural model (Merton, 1974) introduced a
framework in which default risk is modeled as a function of asset volatility and leverage,
with corporate equity interpreted as a call option on the firm'’s assets. This pioneering
approach has since served as a cornerstone for the development of modern systemic risk
assessment models.

In sum, financial risk encompasses both firm-level and system-level vulnerabilities.
While their analytical focus differs, corporate and systemic risks are deeply interconnected.
Weaknesses at the micro level can accumulate into broader systemic fragility. Table 1
summarizes the distinctions and interdependencies between these two types of risk, along
with their theoretical and regulatory implications.
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Table 1. Financial risk: corporate vs. systemic.

Dimension Corporate Financial Risk Systemic Financial Risk
S The potential for an individual firm to suffer The risk of collapse or severe disruption of
Definition . . o .
financial losses or bankruptcy the entire financial system
Scope Firm-level Economy-wide or financial sector-wide

Primary Causes

Poor financial management, credit defaults,
liquidity issues, operational failures

Interconnected exposures, contagion effects,
large-scale defaults, market panic

Key Indicators

Financial ratios (e.g., Altman Z-score), debt
servicing ability, cash flow volatility

Interbank lending stress, cross-institution
leverage, system-wide liquidity constraints

Mechanism of Impact

Direct losses to firm and stakeholders

Cascading failures affecting multiple
institutions and economic functions

Representative Models

Altman’s Z-score (Altman, 1968), Merton’s
model (Merton, 1974)

CoVaR (Adrian & Brunnermeier, 2016),
SRISK (Acharya et al., 2017)

Policy Response Focus

Firm-level risk management and
internal controls

Macroprudential regulation, central bank
intervention, systemic surveillance

2.2. Methodological Design: Application of the PRISMA Framework

To enhance the transparency and methodological rigor of bibliometric analysis, this

study adopts the PRISMA framework, which has been increasingly applied in bibliomet-

ric research for its structured and transparent approach to literature selection (Zupic &

Cater, 2015; Page et al., 2021; Donthu et al., 2021). The specific implementation process,

as illustrated in Figure 2, follows the four-stage PRISMA procedure and is structured

as follows:

@

@)

Identification: A total of 53,468 publications were initially retrieved from the Web
of Science Core Collection (SCI-Expanded), using the keyword “financial risk”, with
the research areas restricted to Business & Economics, Computer Science, Energy &
Fuels, Engineering, Environmental Sciences & Ecology, Mathematics in Social Sciences,
Mathematics, Operations Research & Management Science, Other Topics in Science &
Technology, and Transportation. The search covered the period from January 2015
to December 2024. This study selects the period from 2015 to 2024 as the time frame
for bibliometric analysis, based on the following two key considerations. First, from
the perspective of temporal scope, a ten-year span allows for a more comprehensive
and systematic examination of the development trajectory and structural evolution
of financial risk research, minimizing the influence of short-term fluctuations and
stage-specific biases. Second, this decade not only includes the relatively stable early
stage of policy and technological development, but also captures the profound impact
of major external events on research themes, such as the outbreak of COVID-19 and
the advancement of China’s dual carbon strategy. This facilitates the identification of
dynamic trends in theoretical expansion and methodological innovation within the
field of financial risk.

Screening: To ensure the relevance of the dataset, a two-stage manual audit was
conducted. Eight scholars with expertise in financial risk research were invited to
participate in the screening process. In the first stage, four researchers independently
reviewed the titles and abstracts of the retrieved articles to identify and exclude stud-
ies that were clearly unrelated to the theme of financial risk (e.g., those focusing solely
on physical health risks, biological hazards, or engineering reliability without finan-
cial implications). In the second stage, the remaining four scholars cross-validated
the initial decisions to enhance consistency and mitigate subjective bias. Through
this rigorous two-stage manual audit process, a total of 33,166 irrelevant articles
were excluded.
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(3) Eligibility: Of the remaining records, 7866 articles were excluded due to missing or
incorrect essential bibliographic information, such as keywords, author abstracts, or
DOI numbers, that rendered them unsuitable for further bibliometric analysis.

(4) Inclusion: An additional 166 articles were removed due to incorrectly labeled or mis-
leading keywords. Ultimately, 12,270 high-quality publications that met all inclusion
criteria were retained for subsequent bibliometric analysis.

By systematically applying the PRISMA framework and clearly documenting each
step through quantitative filtering and quality control, this study ensures the reliability
and reproducibility of the analysis. The refined corpus of 12,270 articles provides a solid
foundation for subsequent knowledge mapping and trend analysis in the financial risk
research domain.

Identification >

-

-

N\ a
Records identified from:
Financial risk
Databases (n = 53,468).

Records removed before screening:
Duplicate records (n = 0).

J - J

Screening >

\ 4

Vs

.

Records remaining after
screening (n = 20,302).

v

Two-stage manual audit (n = 33,166).

Included >

[

J N 7
N
not assessed for eligibility (n = 7866):
or abstract, or DOI number.
J
N\
not assessed for eligibility (n = 166):
J
\
Records included in review (n = 12,270).

Figure 2. The PRISMA framework.

3. Statistical Analysis of Financial Risk Publications

This study presents a comprehensive analysis of the scholarly domain by examining
three aspects: the analysis of overall growth trend, the analysis of high-level research
institutions and the analysis of core authors.

3.1. The Analysis of Overall Growth Trend

The expansion of scientific knowledge and its discernible patterns are intricately
linked to the proliferation and distribution of scholarly publications. The fluctuations in the
volume of publications serve as a barometer for the evolution of scientific understanding.
In this segment, we conduct a quantitative analysis of journal articles to elucidate the
overarching growth trajectory of research pertaining to financial risk.

Figure 3 displays statistics on the number and YoY growth rate of published articles
and citations from 2015 to 2024. According to the results presented in Figure 3, research on
financial risk from 2015 to 2024 exhibits a trajectory characterized by continuous expansion
alongside distinct phases of adjustment. This evolution can be broadly divided into three
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stages: 2015-2017, 2018-2021, and 2022-2024. In terms of publication volume, the number
of articles increased significantly from 795 in 2015 to 1187 in 2016, and further to 1295 in
2017. The YoY growth rates exceeded 40% for two consecutive years, reflecting a surge
in academic interest and heightened scholarly attention to the field. In the subsequent
period, the number of publications declined slightly to 1175 in 2018 and 1068 in 2021,
indicating a transition from the initial phase of explosive growth to a relatively stable
period of development. This suggests that the field has entered a phase of steady research
output and structural consolidation. In 2022, publication volume experienced a marked
increase, reaching 1563 articles, a 46.35% YoY growth, driven by emerging topics such as
digital finance, artificial intelligence, and carbon neutrality. This surge signifies a shift
in research focus toward more diversified and interdisciplinary directions. Although the
number of publications slightly declined to 1294 in 2023, it remained at a relatively high
level, indicating sustained research momentum.
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Figure 3. Publications and citations with YoY growth rates 2015-2024.

From the perspective of citation volume, the field began with 27,197 citations in
2015, which rose to 40,024 by 2017, demonstrating the cumulative impact and growing
recognition of early research outputs. Although the number of citation declined after 2018,
the number of citation rebounded to 22,240 in 2022, reflecting a delayed citation and the
gradual diffusion of foundational works. By 2023, citations decreased to 12,065 but still
remained at a substantial level, indicating the formation of a robust knowledge network
and a solid foundation of scholarly influence within the field.

According to the stacked bar chart in Figure 4, which displays the annual publication
volumes of the top six research areas from 2015 to 2024, the structural evolution of aca-
demic priorities and the shifting of research hotspots over the past decade can be clearly
identified. Between 2015 and 2017, scholarly focus was heavily concentrated in the in-
tersection of management science and quantitative economics. During this period, the
categories “Business & Economics; Mathematics; Mathematical Methods in Social Sciences”
and “Business & Economics; Operations Research & Management Science” consistently
ranked at the top, indicating strong academic interest in the integration of mathematical
modeling, optimization analysis, and economic management. These approaches were
widely applied to problems related to risk identification, resource allocation, and strategic
decision-making efficiency in both financial and managerial contexts. Meanwhile, the
area of “Engineering; Operations Research & Management Science” demonstrated steady
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growth, reflecting a system-optimization trend that bridges engineering and finance. This
domain leveraged methodologies such as systems engineering and scheduling algorithms
to support the robust operation and risk control of financial systems. From 2018 to 2020,
the research structure began to shift toward green topics and sustainable development.
The category “Environmental Sciences & Ecology” experienced rapid growth, covering
research themes including environmental policy, ecological governance, carbon emission
mechanisms, natural resource utilization, ESG risks, carbon finance, and climate shocks.
This shift reflects the emergence of green development as a prominent theme in both policy
and financial research. Although pandemic-related research was not explicitly marked in
Figure 4, the year 2020 witnessed a notable increase in attention to environmental system
resilience and policy adaptability, highlighting the indirect impact of COVID-19 on re-
search directions. Beginning in 2021 and continuing through 2022, the publication volume
in “Computer Science” continued to grow, solidifying its central role in methodological
innovation and its widespread application in data-driven risk management, intelligent
forecasting, automated control, and algorithmic optimization within the domain of financial
technology. Concurrently, “Engineering; Operations Research & Management Science”
gradually merged with green technologies, fostering the development of interdisciplinary
topics such as smart manufacturing, green infrastructure, and system sustainability. By
2023-2024, the research structure evolved further toward composite and system-integrated
frameworks. “Environmental Sciences & Ecology” maintained its leading position, un-
derscoring the importance of research on green finance and environmental performance
under the backdrop of China’s dual carbon strategy. “Computer Science” accelerated its
interdisciplinary integration, showing strong momentum in areas such as energy system
modeling, carbon neutrality pathway simulation, and climate-related financial risk fore-
casting. Applications in Al-based risk control, financial prediction, and fraud detection also
became increasingly diverse. At the same time, traditional foundational categories such as
“Business & Economics; Mathematics; Mathematical Methods in Social Sciences” remained
robust, continuing to provide essential theoretical foundations and methodological tools
for interdisciplinary research.
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Figure 4. Annual distribution of top 6 research areas by publications 2015-2024. Note: Figure 4
Sfocuses on the top six research areas based on the following rationale: beginning with the seventh-ranked
category, the share of publications for each area falls below 3%, indicating relatively limited contributions to
the overall structure and a more scattered distribution with low representativeness. To more effectively capture
the structural evolution and concentration trends of major research areas, this study selects the top six areas
with higher publication proportions and sustained academic influence for in-depth analysis.



Int. J. Financial Stud. 2025, 13, 132 9 of 27

3.2. The Analysis of High-Level Research Institutions

In this section, this study conducts an analysis of the prominent research institutions
in the domain of financial risk in Figure 5 and Table 2. Table 2 presents an analysis of
high-level research institutions. As shown in Table 2, ten research institutions stand out
globally in the fields of financial risk. Among them, the University of London ranks first
with 301 publications, followed closely by the Chinese Academy of Sciences (including the
University of the Chinese Academy of Sciences) with 265 publications, demonstrating their
significant international influence in this research domain. Other prominent institutions
include the French National Centre for Scientific Research (CNRS), the Swiss Federal
Institutes of Technology Domain, the University of California system, the Hong Kong
Polytechnic University, the University of Waterloo, the University of Hong Kong, the
Southwestern University of Finance and Economics (China), and ETH Zurich. Collectively,
these institutions represent key academic hubs across Europe, East Asia, and North America,
reflecting the global distribution pattern of research in this field.

Domain

X ur

2021

0%

5. 0% e ©
o hive@i ong Kong

(:\teSpace
—— -
-

Figure 5. Distribution of high-level research institutions.

In terms of research orientation, these institutions primarily focus on several inter-
secting areas, including financial risk assessment and investment strategies, green finance
and sustainable development, insurance and actuarial science, supply chain finance and
operations management, financial technology and innovation, as well as environmental and
climate risk management. Among these, green finance and sustainable development, along
with financial risk management, are the most widely studied core themes, highlighting the
academic community’s growing attention to environmental change, policy intervention,
and the resilience of financial systems.

From a regional perspective, European institutions such as the University of London,
CNRS, the Swiss Federal Institutes of Technology Domain, and ETH Zurich benefit from
strong academic foundations and robust policy support, particularly under the impetus of
the European Union’s Green Deal and sustainable finance initiatives. Their research tends
to concentrate on climate finance, systemic risk, and socio-economic impacts. In China,
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research institutions have experienced rapid growth in publication output in recent years,
with the Chinese Academy of Sciences and the Southwestern University of Finance and
Economics standing out for their contributions. Their work is predominantly centered on
supply chain finance, green financial policy, and financial risk management, reflecting the
influence of China’s dual carbon strategy and green finance pilot zone policies. In North
America, institutions such as the University of California system and the University of
Waterloo emphasize interdisciplinary research, particularly the integration of finance with
health, insurance, and behavioral economics. These institutions demonstrate strong empiri-
cal research capabilities and strengths in data-driven approaches. Meanwhile, universities
in Hong Kong and Macau are actively engaged in studies on financial technology, corporate
social responsibility, and international financial risk, playing a pivotal role in bridging the
research frontiers of China and the broader global academic community.

Table 2. Analysis of high-level research institutions.

Number Institutions Count Research Area

Green finance investment and policy analysis, financial risk
assessment and investment strategies, systemic risk in financial

1 University of London 301 markets, insurance and actuarial science, financial innovation and

technological applications, sustainable development and
social impact.

Financial risk management and investment strategies, supply chain

Chinese Academy of finance and operations management, environment and sustainable
2 . 265 . . .
Sciences development, technology and innovation, health and medical care,
social risk management, and policy evaluation and optimization.
. Finance and risk management, environment and sustainable
Centre National de la . . .
e development, supply chain management and operations, portfolio
3 Recherche Scientifique 171 o . . .
(CNRS) optimization based on machine learning, macroeconomic
policy evaluation.
Financial risk assessment and management, trading algorithms based
4 Swiss Federal Institutes of 152 on deep learning, market behavior and policy impact, insurance and
Technology Domain actuarial science, sustainable development and environmental
economics, corporate finance and investment strategies.
University of California Fmancg and rlslf management, supply cham management apd
5 154 operations, environmental and climate risk, health and medical care,
System . . . -
socioeconomics and individual behavior.
Public utilities and infrastructure project management, supply chain
. management and risk, financial risk management and investment
Hong Kong Polytechnic . . s .
6 . . 126 strategies, corporate social responsibility and sustainable
University R . .
development, technological innovation and risk assessment, market
and consumer behavior, global financial crises.
7 University of Waterloo 123 Rlsl_< meqsurement apd assesgment, insurance and reinsurance, types
of financial market risk and risk management.
The impact of green finance investment and systemic risk on the
8 University of Hong Kong 118 insurance market, the application of game theory in insurance pricing

and the influence of financial technology on the insurance industry.

Southwestern University of
9 Finance and 117
Economics—China

Green finance investment and policy analysis, financial risk
assessment and investment strategies, systemic risk in financial
markets, insurance and actuarial science, sustainable development and
social impact.

10 ETH Zurich 114

Green finance investment and policy analysis, financial risk
assessment and investment strategies, systemic risk in financial
markets, financial innovation and technological applications,
sustainable development and social impact.

3.3. The Analysis of Author Publication Contribution

This study further analyzes author contribution using the Lorenz Curve. The Lorenz
Curve, introduced in 1905 by American economist Max O. Lorenz (Lorenz, 1905), is a visual
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tool used to measure the degree of inequality in a given distribution. Originally applied to
assess income or wealth distribution, it has since been adopted in bibliometric research to
evaluate the concentration of authorship. It also serves as the basis for calculating the Gini
coefficient (Sanchez-Pérez et al., 2025), which quantitatively expresses the inequality in
scholarly output among authors. The Gini coefficient ranges from 0 to 1, where a value of 0
represents perfect equality (i.e., all authors contribute equally to the publication output),
and a value of 1 denotes perfect inequality (i.e., all publications are produced by a single
author). A Lorenz Curve that deviates significantly from the line of equality, along with a
high Gini coefficient, indicates a highly concentrated authorship structure dominated by
a few core contributors. Conversely, a curve close to the line of equality and a low Gini
coefficient suggest a more balanced distribution of scholarly output across authors.

Figure 5 presents the Lorenz Curve for author contributions, illustrating the distribu-
tion of publication output among researchers in the field. The horizontal axis represents
the cumulative proportion of authors, while the vertical axis denotes the correspond-
ing cumulative proportion of publications. The gray dashed line represents the “line of
equality,” which assumes that all authors contribute equally to publication output. The
solid orange line represents the actual Lorenz Curve, reflecting the real-world distribution
of publications.

As shown in Figure 6, the orange curve lies distinctly below the line of equality,
indicating a certain degree of publication concentration within the field. A small number of
authors have contributed disproportionately to the literature. For instance, Faisal I. Khan
from Memorial University of Newfoundland has published 49 articles, Yang Yang from
Nanjing Audit University has published 41 articles, and Wang Ruodu from the University
of Waterloo has published 11 articles. In contrast, the majority of authors have contributed
relatively few publications, forming a typical long-tail distribution. The corresponding
Gini coefficient is 0.218, which is relatively low. This suggests that, overall, the distribution
of publication output among authors is fairly balanced and not highly concentrated. In
other words, the field of financial risk research has not yet developed into a landscape
dominated by a small group of prolific scholars; rather, a wide range of researchers have
made meaningful contributions to its development. It is also noteworthy that the top three
most productive authors are not affiliated with the top three institutions in terms of total
publication volume. This observation implies that individual author productivity does not
necessarily depend on the overall output of their institutions, highlighting a certain degree
of decentralization of research contributions at the institutional level.
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4. Co-Citation Network Analysis

Co-citation analysis emphasizes the impact of key articles. This study employs Cites-
pace to build a co-citation network for 12,270 articles. This study identifies high citation
nodes, milestones, and turning points in co-cited articles, co-cited author cluster analysis
and emergent keywords.

4.1. Cluster Analysis of Co-Cited Articles

This study employs CiteSpace software 6.4 R1 for bibliometric visualization anal-
ysis, with the following parameter settings for node selection: the g-index (k = 25),
indicating that the top 25 most-cited documents are selected within each time slice;
LRF (Look Back Years) = 2.5, which considers citation relationships over the preceding
2.5 years; L/N =10 and LBY (Labeling Year) = 5, giving preference to cluster labels derived
from literature published within the past five years; and e (Scaling Factor) = 1.0, used to
control the sparsity of the visualized network. In terms of network structure, the final
visualization map consists of 994 nodes and 5221 edges, with a network density of 0.0065.
All nodes are labeled (Nodes labeled: 1.0). Regarding cluster quality, the network was
not pruned (Pruning: None), and the modularity value (Q) is 0.8473, indicating a clearly
defined and significantly modular cluster structure. The weighted silhouette score (S) is
0.9596, suggesting high internal consistency and strong inter-cluster differentiation. Fur-
thermore, the harmonic mean of modularity and silhouette values is 0.9, underscoring the
robustness and reliability of the clustering results.

Based on the co-occurrence keyword analysis, the financial risk knowledge map
reveals the co-citation clustering outcomes, as shown in Figure 7. A total of 15 major
clusters are identified, with their respective IDs, thematic labels, and associated research
directions detailed in Table 3. As illustrated in Figure 7, the clusters exhibit distinct
structural characteristics and evolutionary pathways. Cluster #0 credit scoring serves as the
core theme and occupies the central position of the network. It demonstrates a high level
of connectivity and centrality, functioning as a critical bridge among research domains.
This cluster is closely linked with #7 model accuracy, #9 Hawkes processes, and #10 deep
learning, indicating that credit scoring techniques are increasingly integrated with financial
risk quantification and evaluation methods, together forming the foundational basis of
contemporary financial risk research.

In contrast, themes related to sustainable finance show relatively independent de-
velopment trajectories. Although clusters #1 green bond and #2 climate risk are spatially
adjacent, they are positioned away from the central region of the network. This suggests
that green finance, as an emerging hotspot, is gradually expanding from environmental
economics into financial risk research.

At the methodological level, the map displays a clear trend toward technology-driven
evolution. Clusters such as #10 deep learning, #9 Hawkes processes, and #7 accuracy
represent methodology-oriented groupings and are closely connected to traditional risk
measurement clusters such as #0 credit scoring and #6 value-at-risk. This reflects the role of
advanced algorithms, such as deep learning and high-frequency modeling, in propelling
financial risk research toward higher dimensionality, frequency, and precision, thereby
enabling more nuanced risk identification and forecasting.

Clusters #3 systemic risk, #4 supply chain finance, #6 value-at-risk, and #7 accuracy
form a coherent logical chain in financial risk research. Micro-level credit risks within #4
supply chain finance can propagate through financial networks and potentially trigger #3
systemic risk. The #6 value-at-risk model serves as a key tool for quantifying the magnitude
and exposure of such risks. #7 Model accuracy provides essential support by ensuring the
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reliability of risk prediction and assessment. Together, these clusters build an integrated
research framework from risk source identification to system-wide stability evaluation.
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Figure 7. Co-cited article clustering analysis.
Table 3. Financial risk research themes and representative directions in citespace cluster analysis.
Cluster ID Thematic Label Representative Research Directions
#0 credit scoring Evaluation models and risk prediction in consumer lending.
#1 green bond Green finance and sustainable development finance.
0 climate risk Analysis of systemic Yulnerab1ht1es induced by climate and
environmental changes.
#3 systemic risk Transmission mechanisms and regulatory responses to systemic financial risk.
#4 supply chain finance Interactions between financing efficiency and operational risk in supply chain.
. o Modern portfolio theory, mean-variance optimization, and risk-return
#5 mean-variance criterion
trade-offs.
46 value-at-risk Measurement, early warning, anc} supervisory tools for financial
risk quantification.
#7 accuracy Comparative evaluation of forecasting models in financial risk prediction.
#8 china Context-specific financial risk research within the Chinese market.
#9 Hawkes processes Quantitative modghng of mlcrostrucFure and volatility in
high-frequency trading.
#10 deep learning Application of neural networks and deep models in financial risk prediction.
#11 political risk Effects of geopolitical and institutional .u.ncertamty on asset prices and
market stability.
Interdisciplinary modeling of commodity markets under environmental and
#12 random supply I o
policy-induced uncertainties.
#13 portfolio selection Optimization of investment strategies through advanced modeling techniques.

#14 asset pricing Theoretical development and empirical testing of asset pricing models.
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Traditional financial theory clusters also occupy important positions in the map. Clus-
ters #5 mean—variance criterion, #13 portfolio selection, and #14 asset pricing are closely
interconnected in financial theory research; #5 mean—variance criterion provides the foun-
dational framework for modern portfolio theory, #13 portfolio selection involves asset
allocation decisions guided by this criterion, while #14 asset pricing further evaluates
the risk and return characteristics of various assets to support optimal portfolio construc-
tion. Together, these clusters form a theoretical pathway of valuation, allocation, and
optimization in financial decision-making.

Overall, the central part of the map, comprising clusters #0 credit scoring, #3 systematic
risk, #6 value-at-risk, #7 accuracy, and #14 asset pricing, forms a convergence zone that con-
nects diverse research themes and serves as the primary channel for knowledge diffusion
and interdisciplinary integration. In contrast, peripheral clusters such as #11 political risk
and #12 random supply, although smaller in node size, reflect emerging and region-specific
research directions, suggesting potential avenues for future scholarly exploration.

4.2. Analysis of Milestone and Turning Nodes in Co-Cited Articles

In the co-citation network of financial risk, several significant studies have emerged
as milestones in the knowledge system due to their significant contributions to theoretical
development, methodological innovation or paradigmatic shifts. These publications not
only occupy central positions within their respective thematic clusters but also function
as bridges across multiple clusters. Figure 8 visualizes the key milestones and turning
points in the co-citation network, with Table 4 providing detailed information on these
foundational, transformative, and highly cited works.

Pesara

citeSpace
—-———
.

Figure 8. The milestone and turning nodes in co-cited articles.
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Table 4. The basic information of milestone and turning nodes in co-cited articles.
Author(s) Ariticle Title/Book Journal/Publications .Go?gle Scholar Cluster ID
Citation Frequency
Milestone Points
Benchmarking state-of-the-art classification
Lessmann et al. . . - European Journal of
algorithms for credit scoring: An update of - 1373 #0
(2015) Operational Research
research
COVID-19 pandemic, oil prices, stock
. market, geopolitical risk and policy International Review of
Sharif et al. (2020) uncertainty nexus in the US economy: Fresh Financial Analysis 1660 #
evidence from the wavelet-based approach
Battggolr;)e tal A climate stress-test of the financial system  Nature Climate Change 1259 #2
Acharya et al. . L The Review of
(2017) Measuring systemic risk Financial Studies 3893 #3
Yang et al. (2018) Trade Credl.t ’ rlSk. sharing, apd mnventory Management Science 548 #4
financing portfolios
Bjork and Murgoci ~ Mean-variance portfoho. optlmlza.atlon with Mathematical Finance 588 45
(2014) state-dependent risk aversion
Karatzas and . . . .
Shreve (2014) Brownian motion and stochastic calculus Springer 18,026 #5
Follmer and Schied Stochastic flnE}nce: an introduction in Walter de Gruyter 3863 46
(2016) discrete time
Forecasting SMEs’ credit risk in supply .
Zhu et al. (2019) chain finance with an enhanced hybrid Internatlp nal J ournal' of 375 #7
. . Production Economics
ensemble machine learning approach
How does green finance affect green total .
Lee and Lee (2022) factor productivity? Evidence from China Energy Economics 932 8
Ait-Sahalia et al. Modeling financial contagion using Journal of Financial
e . 848 #9
(2015) mutually exciting jump processes Economics
Portfolio optimization with return Expert Svstems with
Ma et al. (2021) prediction using deep learning and machine pert oystems 346 #10
. Applications
learning
Pesaran (2021) General diagnostic test§ for cross-sectional Empirical Economics 13,037 #11
dependence in panels
The impact of behavioural factors in the
Masini and renewable energy investment decision .
Menichetti (2013) making process: Conceptual framework Energy Policy 506 #12
and empirical findings
A learning-guided multi-objective .
Lwin and Qu (2014) evolutionary algorithm for constrained Applied .SOft 228 #13
: L Computing
portfolio optimization
Fama and French . .. Journal of Financial
(2015) A five-factor asset pricing model Economics 10,695 #14
Turning Points
Papouskova and Two-stage consumer credit risk modelling Decision Support 202 50 & #7
Hajek (2019) using heterogeneous ensemble learning Systems
Forgcastmg SM].ES credit risk in supp} y International Journal of #0 & #4 &
Zhu et al. (2019) chain finance with an enhanced hybrid . . 375
. . Production Economics #7 & #10
ensemble machine learning approach
Social capital, trust, and firm performance: # & &
Lins et al. (2017) the value of corporate social responsibility =~ The Journal of Finance 4318 #14

during the financial crisis
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Table 4. Cont.
Author(s) Ariticle Title/Book Journal/Publications .Go?gle Scholar Cluster ID
Citation Frequency
Krueger et al. The Importance of Climate Risks for The Review of Finance 2378 #l&#2 &
(2020) Institutional Investors Studies #8
Brownlees and SRISK: A Conditional Capital Shortfall The Review of 1693 #1 & #3 &
Engle (2017) Measure of Systemic Risk Financial Studies #6
Adrian anf:l The American #1 & #3 &
Brunnermeier CoVaR . . 4595
Economic Review #9
(2016)
Green credit financing versus trade credit European Journal of
An et al. (2021) financing in a supply chain with carbon pe 411 #4 & #8
AP Operational Research
emission limits
Follmer and Schied Stochastic fm.a.mce: an introduction in Walter de Gruyter 3863 46 & #9
(2016) discrete time

A detailed analysis of these milestone publications is as follows. First, in cluster #0
credit scoring, Lessmann et al. (2015) conducted a comprehensive evaluation of various
classification algorithms for credit scoring, marking a pivotal shift from rule-based models
to data-driven approaches. This study serves as a paradigm for the application of machine
learning in credit risk prediction and acts as a critical nexus across cluster #0 credit scoring,
#7 accuracy, and #4 supply chain finance. However, the research emphasizes “static compar-
isons” and does not fully account for dynamic market environments or behavioral biases
in actual credit markets. Moreover, it relies on traditional datasets (e.g., the German Credit
Dataset), raising concerns about its applicability to large-scale, high-frequency financial
data. Second, in cluster #1 green bond and #2 climate risk, Sharif et al. (2020) introduced
wavelet-based methods to capture the dynamic interactions among the pandemic, oil
prices, and policy uncertainty. It was an important attempt to incorporate high-frequency
event analysis into green finance research. Battiston et al. (2017), meanwhile, developed
the first climate stress-testing model, integrating climate risk into systemic financial risk
assessment and expanding the theoretical boundaries of climate finance. Nevertheless,
Sharif’s study suffers from a short time window and sensitivity to variable selection, which
may affect the robustness of its findings. Battiston’s framework, while innovative, depends
heavily on simulation settings and subjective parameter assumptions, limiting its prac-
tical applicability. Third, in cluster #3 systemic risk, Acharya et al. (2017) proposed the
SRISK model, which innovatively incorporates capital shortfalls of financial institutions
into systemic risk quantification and advances vector-based macroprudential supervision.
However, the SRISK framework focuses primarily on externalities associated with banks
and is less effective in identifying non-bank entities such as shadow banks. Its modeling of
cross-market systemic linkages also remains limited. Fourth, in cluster #5 mean-variance
criterion, Bjork and Murgoci (2014) and Karatzas and Shreve (2014) represent foundational
works in financial mathematics, particularly in asset pricing and investment optimization.
Their use of rigorous stochastic calculus provides the theoretical infrastructure for financial
engineering models. However, despite their theoretical elegance, these models face chal-
lenges in terms of computational complexity and practical applicability, making real-time
implementation in high-frequency trading and quantitative risk control difficult. Fifth, in
cluster #6 value-at-risk, Follmer and Schied (2016) provided a seminal textbook in the field
of stochastic processes in finance, offering a rigorous foundation for risk measures such as
VaR and CoVaR. This work has profoundly influenced financial risk education and research.
However, as a theoretically oriented contribution, it is largely based on ideal assumptions
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(e.g., independence and normality) and fails to capture tail risks and extreme events in
real-world financial markets. Sixth, in cluster #8 China, Lee and Lee (2022) investigate the
effects of green finance policies on China’s green productivity, offering valuable empirical
evidence at the national level. While policy-relevant within the Chinese context, the study
provided only a coarse-grained analysis of the heterogeneous effects of green financial
instruments and did not adequately account for regional policy divergence, limiting its gen-
eralizability. Seventh, in cluster #9 Hawkes processes, Ait-Sahalia et al. (2015) introduced
Hawkes processes into the study of contagion in financial markets, modeling jump propa-
gation mechanisms among financial variables during crises. While flexible and insightful,
the approach imposes high computational costs for parameter estimation in large-scale
systems and is sensitive to data quality, constraining its broader applicability. Collectively,
these milestone studies delineate the evolutionary path of financial risk research, beginning
with classical financial theories, followed by the development of quantitative risk measure-
ment models, and culminating in the recent integration of green finance and Al-driven
methodologies. Each of these works has addressed critical gaps in theory, methodology, or
practical application at different stages of the field’s evolution. However, several limitations
should also be noted: highly methodological studies may overlook the complexity and
dynamism of real-world financial systems; black-box Al models, despite their predictive
power, suffer from limited interpretability, which constrains their use in regulatory and
policy-making contexts; and modeling efforts in climate finance and systemic risk require
greater interdisciplinary integration, open data-sharing mechanisms, and stronger policy
feedback loops.

Based on Figure 7 and Table 4, the following turning points are analyzed in detail.
First, Papouskova and Hajek (2019) bridge cluster #0 credit scoring and #7 accuracy. This
study introduced a heterogeneous ensemble learning framework that integrates traditional
credit risk models with modern machine learning algorithms, significantly improving
predictive accuracy. It represented a technological turning point in credit risk modeling,
transitioning from isolated algorithmic improvements to embedded real-world applica-
tions. However, while ensemble methods enhance precision, they lack interpretability
regarding feature importance and face increasing model complexity, which may hinder
regulatory acceptance and commercial deployment. Second, Zhu et al. (2019) connect
cluster #0 credit scoring, #4 supply chain finance, #7 accuracy, and #10 deep learning. By
applying machine learning techniques to predict credit risk for small and medium-sized
enterprises (SMEs) and incorporating upstream and downstream supply chain features,
the study advances the fusion of methodological and contextual dimensions. While this
broadened the boundaries of credit modeling and improves risk identification for data-
scarce entities, it heavily relied on high-dimensional input features and intensive model
training. Moreover, it lacked systematic evaluation of model bias and alignment with
business logic. Third, Lins et al. (2017) spans cluster #1 green bond, #2 climate risk, and
#14 asset pricing. This study demonstrated the role of corporate social responsibility (CSR)
in stabilizing financial performance during crises by embedding social capital into the
logic of asset pricing, representing an important breakthrough in the integration of ESG
factors into traditional financial modeling. While it introduced trust mechanisms and social
responsibility into pricing models, the measurement of CSR remained coarse, failing to
capture ESG heterogeneity and institutional variations, thereby limiting the generalizability
of its conclusions. Fourth, Krueger et al. (2020) link cluster #1 green bond, #2 climate risk,
and #8 China. His research examined how climate risk influences institutional investors’
asset allocation strategies, contributing to the mainstreaming of climate considerations in
investment decision-making. By highlighting the “financial materialization” of climate
variables, the study fostered the rationalization and institutionalization of sustainable
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investment. However, its reliance on survey data introduces sample bias and subjective
response issues, and lacked a clearly defined empirical mechanism for “climate pricing.”
Fifth, Brownlees and Engle (2017) and Adrian and Brunnermeier (2016) intersect cluster #1
green bond, #3 systemic risk, #6 value-at-risk, and #9 Hawkes processes. Their respective
proposals of the SRISK and CoVaR measures introduced systemic risk quantification into
the regulatory framework, making significant contributions to the advancement of macro-
prudential oversight. While these models offered practical tools for assessing systemic risk
and addressed the limitations of traditional risk models in capturing tail dependence, their
implementation remained challenging due to strong modeling assumptions, the neglect
of behavioral heterogeneity, and the need for high-quality micro-level data. Sixth, An
et al. (2021) link cluster #4 supply chain finance and #8 China. The study explored the
financing efficiency of green credit and trade credit under carbon constraints, enriching
the micro-level application scenarios of green finance and responding to China’s dual
carbon strategy. However, it leaned heavily on theoretical modeling. The lack of clarity in
matching real-world financing data with green classification standards limited its practical
applicability. Seventh, Follmer and Schied (2016) reappeared at the intersection of cluster #6
value-at-risk and #9 Hawkes processes, particularly in modeling financial contagion. As a
seminal textbook, it provided discrete-time methodologies for financial risk modeling and
had exerted substantial influence across multiple subfields. While it laid a strong mathe-
matical foundation that supports theoretical unification and pedagogical development, the
gap between theoretical assumptions and actual market operations necessitates data-driven
validation to enhance its practical relevance.

4.3. Analysis of Co-Cited Authors

In CiteSpace, co-citation clusters are primarily generated based on the co-citation
frequencies among authors. Clustering is performed using algorithms such as path-based
community detection (e.g., Louvain method) or log-likelihood ratio (LLR). When multi-
ple authors frequently co-appear in cited literature, the system identifies them as having
strong thematic, theoretical, or methodological affinities and groups them into the same
cluster. The co-citation network produced for this study is shown in Figure 9, revealing
12 distinct yet interconnected clusters. These clusters reflect the multidimensional and
interdisciplinary nature of financial risk research, particularly in terms of methodology,
thematic focus, and cross-disciplinary integration. The modularity of the network (Modu-
larity Q) is 0.9004, and the average silhouette score reaches 0.997, indicating high clustering
clarity, strong internal consistency, and clear differentiation between clusters. These results
validate the 12 clusters as the optimal solution for the dataset.

From the 12 clusters, this study selects one representative author per cluster, each
exemplifying a distinct subdomain of financial risk research. Table 5 lists the affiliations
and research areas of 12 representative authors. Harry Markowitz laid the foundation for
modern portfolio theory, establishing the theoretical basis for asset allocation and risk opti-
mization. Eugene F. Fama is a central figure in market efficiency and asset pricing through
his development of the Efficient Market Hypothesis and the Fama-French three-factor
model. Robert C. Merton advanced continuous-time financial modeling and real options
theory, leading financial engineering and risk modeling. Sepp Hochreiter introduced the
LSTM neural network, applying deep learning to financial risk forecasting. Francis X.
Diebold specializes in macro-financial forecasting and dynamic factor models. Robert F.
Engle established the ARCH/GARCH models, foundational to modeling financial volatility.
Michael C. Jensen’s development of Jensen’s Alpha significantly enhanced performance
evaluation in efficient markets. Edward I. Altman’s Z-score model propelled corporate
bankruptcy prediction. In the Chinese context, Chen X. and Wang ]J. are recognized for
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their contributions to green finance and complex systems modeling, respectively. Philippe
Artzner proposed the coherent risk measure framework, forming the basis for consistency
in metrics like VaR and CVaR. Rama Cont focused on market microstructure and systemic
risk modeling. In the network layout, the overall structure reveals a core—periphery pattern:
Fama, Markowitz, Merton, Artzner, and Engle occupy central positions, underscoring their
foundational roles in theory and methodology; in contrast, Hochreiter, Wang J., and Chen
X. lie on the periphery, closely associated with emerging technologies, interdisciplinary
themes, or region-specific issues. This multipolar structure vividly illustrates the growing

diversification of financial risk research.

#
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Figure 9. Cluster analysis of co-cited authors.

Table 5. The top twelve co-cited authors and their main research fields.

Author(s) Institutions Main Research Areas
Rady School of Management, University of Portfolio theory, risk management, mathematical
Markowtz H. . . . . . . .
California, San Diego optimization, simulation, and sparse matrix methods
Booth School of Business, Theoretical and empirical work on investments,

Eugene E Fama University of Chicago price formation in capital markets, corporate finance

Finance theory, including lifecycle and retirement
finance, optimal portfolio selection, capital asset
pricing, pricing of derivative securities, credit risk,

Robert C. Merton Harvard Business School . .. . .
loan guarantees, financial innovation, the dynamics
of institutional change, and improving the methods

of measuring and managing macro-financial risk
. Institute for Machine Learning, Johannes Machine learning, deep learning, artificial
Sepp Hochreiter . . . . . . . 9 .
Kepler University Linz, Austria intelligence, neural networks, bioinformatics
. . . D i icti li f fi ial kets,
Francis X. Diebold Wharton School, University of Pennsylvania ynamic predictive modeling of financial markets

the macroeconomy, climate change, and the interface

Robert F. Engle Stern School of Business, New York University Econometrics, empirical market microstructure
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Table 5. Cont.

Author(s)

Institutions Main Research Areas

Michael C. Jensen

The role of social structures in markets, including

Ross School of Business, status, reputation, and identity, and their influence

University of Michigan on organizational and individual outcomes
Bankruptcy analysis and prediction, credit and
Edward I. Altman Stern School of Business, New York University lending policies, risk management in banking,

corporate finance

Xiaowei Chen

Risk management and actuarial science, actuarial

School of Finance, Nankai University data science. risk science
7

Jiang Wan Sloan School of Management, Massachusetts Financial asset pricing, market liquidity, systemic
& & Institute of Technology (MIT) risk, and the Chinese financial market
Philippe Artzner Department of Mathematics, University of Financial risk measurement
Strasbourg, France
Rama Cont Mathematical Institute, University of Oxford Stochastic analysis, mathematical foundations of

machine learning, systemic risk, complex networks

4.4. Analysis of Emergent Keywords

Emergent keywords refer to those with significant frequency and rapid growth, re-
flecting the cutting-edge research and future trajectories of a field. Figure 10 presents the
25 most prominent emergent keywords in financial risk research.

In terms of thematic categories, the emergent keywords can be grouped into three
major domains: First, financial risk and market-related themes, such as “transaction costs”,

ooy v

“ruin probability”, “interest rates”, “term structure”, and “stock markets” reflect the core
concerns of financial economics: risk pricing, market dynamics, and investment behavior.
These terms underscore the emphasis in both academic and applied finance on under-
standing and optimizing capital allocation under uncertainty. For example, Fama’s (1970)
Efficient Market Hypothesis and Merton’s (1974) structural models have laid the theoretical
foundation for analyzing how market risk and interest rates influence asset valuation
and portfolio decisions. Additionally, ruin probability has been a fundamental concern in
insurance finance, closely linked to Harry Markowitz’s portfolio theory where controlling
downside risk remains central to optimal allocation (Markowitz, 1952). Second, environ-

”ou

ment and sustainable development themes, like “water”, “environment”, “biodiversity”,
“CO, emissions”, “climate risk”, and “green innovation” signal a growing research trajec-
tory linking sustainability with finance. Scholars such as Battiston et al. (2017) and Krueger
et al. (2020) have emphasized the financial implications of environmental stress, arguing
that environmental shocks can materially impact financial asset valuations and systemic
risk. Green innovation, moreover, reflects the increasing need for financial institutions
to support sustainable projects through mechanisms like green bonds, green credit, and
ESG screening. Third, economic policy and uncertainty themes, such as “economic policy
uncertainty”, “economic growth”, and “COVID-19 pandemic” highlight the significant
impact of macroeconomic fluctuations and external shocks on financial risk. The concept of
Economic Policy Uncertainty (EPU), proposed by Baker, Bloom, and Davis, has become a
central tool for evaluating how shifts in policy environments alter investment decisions,
market volatility, and credit conditions (Baker et al., 2016). The COVID-19 pandemic,
as noted by Sharif et al. (2020), amplified these risks and disrupted both economic and
environmental dynamics simultaneously, reshaping global economic priorities.

In terms of the relationships among these emergent keywords, the integration of
finance and environmental concerns has clearly emerged as a prominent trend. Keywords

such as “climate risk” and “green innovation” suggest that financial institutions are increas-
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ingly incorporating environmental indicators into their risk management frameworks. This
development is consistent with the principle of coherent risk measures proposed by Artzner
etal. (1999), indicating that future models are likely to embed environmental risk exposures
within traditional financial risk frameworks, thereby promoting the green transformation
of risk management. Second, the link between economic policy and financial markets is
particularly salient. Policy uncertainty significantly influences investor behavior, which in
turn affects stock markets, interest rates, and capital flows. This relationship echoes the
insights from Engle’s (1982) ARCH model, which captures the dynamics between risk and
return, highlighting the critical role of macroeconomic policy in ensuring financial stability.
Third, the COVID-19 pandemic has exemplified the far-reaching impact of cross-sectoral
shocks. It is not only a public health crisis but also closely intertwined with economic
growth, biodiversity, and financial volatility, making it a prototypical example of a global
systemic event. The pandemic vividly illustrates how public health emergencies can rapidly
permeate financial and environmental systems, thereby triggering cascading effects across
multiple domains.

Keywords Year Strength Begin End 2015 - 2024
fransaction costs 2015 18.87 2015 2018
distributions 2015 15.87 2015 2017
incomplete markets 2015 15.69 2015 2018
ruin probability 2015 15.16 2015 2019
water 2015 10.26 2015 2019
continuous titne 2015 9.62 2015 2018
diffusion 2015 9.59 2015 2017
prospect theory 2015 8.8 2015 2016
longevity risk 2015 8.55 2015 2018
environment 2015 8.39 2015 2017
mortality 2015 8.32 2015 2017
biodiversity 2015 8.06 2015 2019
interest rates 2016 10.76 2016 2018
term structure 2015 9.93 2016 2018
regime switching 2016 9.77 2016 2017
life cycle assessment 2016 8.15 2016 2019
stock markets 2020 10.83 2020 2024 ————
empirical evidence 2020 944 2020 2024 —_—
economic policy uncertainty 2021 924 2021 2024 e —
€02 emissions 2018 15.2 2022 2024 i ——
economic growth 2018 12.78 2022 2024 —
covid-19 pandemic 2022 11.64 2022 2024 —
climate risk 2022 10.63 2022 2024 e ——
green innovation 2022 9.66 2022 2024 —_—
disclosure 2018 8.94 2022 2024 e

Figure 10. Emergent keywords.
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5. Evolutionary Path and Predictive Analysis of Financial Risk
Research Themes

Based on research outputs from 2015 to 2024, this study develops a dynamic theme
evolution forecasting model titled Semantic Evolution Forecasting with Aligned Clustered
LSTM (SEF-ACLSTM), which systematically predicts the trajectories and future trends
of research themes for the period from 2025 to 2030. The core objective is to integrate
natural language processing techniques, clustering algorithms, and deep learning-based
time series models to achieve a quantitative and visual representation of theme life cycles
through semantic modeling and trajectory prediction. The forecasting process consists of
the following six components:

(1) Semantic Encoding and Thematic Clustering. To overcome the limitations of tradi-
tional co-occurrence analysis, the study applies SentenceTransformer (specifically, the
all-mpnet-base-v2 model) to encode keywords into semantically meaningful vectors.
Using these embeddings, K-Means clustering is performed annually to group the
keywords into multiple thematic clusters, each representing a latent research theme.
The centroid vector of each cluster is preserved as an input feature for subsequent
time series modeling.

(2) Dynamic Theme Naming Mechanism. To improve interpretability and reduce subjec-
tivity, a module named DynamicNamer is designed. It calculates semantic similarity
between each cluster centroid and the keywords, and automatically selects the most
representative keywords to serve as the theme label (e.g., deep learning; neural
networks; NLP), ensuring intuitive and consistent naming.

(3) Time Series Modeling of Theme Evolution. For forecasting theme evolution, the
study introduces an enhanced LSTM network architecture integrated with multi-head
attention mechanisms. This model effectively captures long-term dependencies and
dynamic patterns in the evolution of research themes. By inputting past centroid
vectors, the network is trained to predict future vectors. The Huber loss function is
adopted to improve prediction stability and generalization performance.

(4) Forecasting and Integration of Future Themes. Based on the trained LSTM model,
centroid vectors of future themes from 2025 to 2030 are generated and their corre-
sponding theme labels are produced. Historical data and forecasted results are then
integrated to construct a comprehensive overview of thematic evolution across years.
Additional analyses can be conducted, such as evaluating keyword scale and intensity
of thematic prominence.

(5) Visualization and Interpretation of Theme Dynamics. As illustrated in Figure 11, the
size of each dot represents the thematic heat (i.e., the number of associated keywords),
and color is used to differentiate historical data from forecasted values. Trend lines
are drawn to reflect the lifecycle of each theme, providing a visual and temporal
interpretation of theme development and future prospects.

Figure 11 presents the evolution and forecast of three thematic clusters in financial
risk research from 2015 to 2030. Each subplot represents a thematic cluster. The vertical
axis lists specific keywords, and the horizontal axis represents time (2015-2030). The size of
the dots indicates keyword frequency, while color distinguishes actual data from predicted
values. Trend lines illustrate the lifecycle dynamics of each theme.

Cluster 1 is defined by technical and methodological keywords such as “statistical
perturbation”, “nonlinear ensemble”, and “belief propagation”. Although research activity
in this cluster remained low from 2015 to 2018, it increased significantly after 2019 and
reached its peak between 2020 and 2023, reflecting a growing interest in novel modeling
approaches. While there was a slight decline in 2024, projections indicate that this cluster
will continue to garner scholarly attention in the future.



Int. |. Financial Stud. 2025, 13,132

23 of 27

Evolution of Research Theme Cluster 1
(Point Size Proportional to Keyword Frequency)

belief propagation

nonlinear ensemble

statistical perturbation

insurance risk

finance risk

financial investment risk

green industries

environmental

environmental sustainability

B I L L CP L RPN U CORPN IR IS
Evolution of Research Theme Cluster 2
(Point Size Proportional to Keyword Frequency)
1‘3&6 19@ 10\:‘ 1‘)\% 19\"; 1“19 'L‘ﬁ’\' 1‘57’1 'L“f’ 'L‘ﬁ’u 1“7’6 1@6 1‘9’1 ’L@'% 101% 1“30
Evolution of Research Theme Cluster 3
(Point Size Proportional to Keyword Frequency)

BN PN I S P SN Y R LR LN PR AP A S T

Publication Year

® Actual Data ® Predicted Data
Figure 11. Evolution and Forecast of Financial Risk Research Themes from 2015 to 2030.

Cluster 2 focuses on traditional financial risk management terms such as “financial
investment risk”, “finance risk”, and “insurance risk”. Its academic presence steadily
increased from 2015, peaking in 2018 and stabilizing thereafter. A slight dip in 2024 suggests
that while still a core topic, traditional risk management may gradually be overshadowed
by emerging themes.

Cluster 3 is characterized by sustainability-related keywords such as “environmen-
tal sustainability”, “environmental”, and “green industries”. This cluster experienced a
rapid rise from 2016 to 2018, peaking in 2018. Although attention declined slightly there-
after, it remained moderately active between 2020 and 2023. The continuing importance
of environmental issues, especially in the context of the dual-carbon agenda, indicates
that the intersection between finance and the environment will remain a critical focus of
future research.

Based on the above analysis, this study finds that methodological topics (Cluster 1)
exhibit strong growth momentum and sustained development potential. Traditional fi-
nancial risk topics (Cluster 2) are approaching saturation and may lose prominence in
the coming years. Green and sustainability-oriented themes (Cluster 3), though showing
fluctuations, remain influential within the context of global environmental policies and
offer broad research opportunities.

6. Conclusions

This study conducts a systematic review of literature on the topic of financial risk over
the past decade and yields the following three key conclusions:

First, the field of financial risk research from 2015 to 2024 has undergone significant
structural evolution. Publications followed a phased trajectory, with a rapid surge and
heightened scholarly attention from 2015 to 2017, steady development between 2018 and
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2021, and a shift toward diversification and interdisciplinary integration from 2022 to
2024. In terms of research area, financial risk has undergone a structural evolution from a
focus on quantitative modeling and economic management to an increasingly diversified
and interdisciplinary landscape, prominently integrating green finance, sustainability, and
intelligent technologies from 2015 to 2024. From the perspective of research institutions,
European institutions focused on climate finance and systemic risk under strong academic
and policy support, Chinese institutions emphasized green finance and supply chain risk
aligned with national strategies, North American universities pursued interdisciplinary,
data-driven research.

Second, the co-citation network analysis reveals an enriched and evolving intellectual
structure. Foundational theories, such as Fama'’s Efficient Market Hypothesis, Markowitz’s
Portfolio Theory, and Altman’s Z-score model, continue to underpin the field by offering
core frameworks for market efficiency, portfolio optimization, and corporate default predic-
tion, respectively. At the same time, recent advances increasingly incorporate deep learning
approaches (Hochreiter & Schmidhuber, 1997) and systemic risk modeling (Cont et al.,
2013). These trajectories illustrate the methodological expansion and theoretical fusion
that characterize the field’s maturation. Moreover, emergent thematic hotspots such as
economic policy uncertainty, climate risk, and green innovation have become focal points of
scholarly inquiry, reflecting the growing importance of environmental and macroeconomic
dimensions in financial risk research.

Third, SEF-ACLSTM developed in this study demonstrates strong capacity in track-
ing and forecasting research theme evolution. By aligning annual keyword clusters and
modeling their temporal dynamics, the model effectively identifies three major thematic
trajectories: (1) methodological innovation, (2) traditional financial risk, and (3) green
finance and sustainability. Forecasts for the period from 2025 to 2030 indicate that topics
related to advanced modeling techniques, policy-driven risk, and green transformation
and are expected to attract increasing academic interest. These patterns signal an ongoing
paradigmatic shift in the field toward complexity-aware, forward-looking, and policy-
relevant research.

Based on these findings, this study argues that advancing future financial risk research
requires coordinated efforts across the data, methodological, and application layers to
address current challenges such as thematic fragmentation and overreliance on specific
tools. Research is expected to move toward greater integration, interpretability, and adapt-
ability in order to better support the management of complex global financial system risks
and inform effective policy governance. First, developing an Al-driven framework that is
interpretable, robust, and transferable is essential. Although deep learning has significantly
improved predictive performance, it remains constrained by limited explainability and
sensitivity to extreme events, such as black swan scenarios. Advancing this line of research
entails integrating interpretable machine learning techniques, including SHAP and LIME,
and exploring Bayesian deep learning and uncertainty quantification approaches, such as
Monte Carlo Dropout and Bayesian Neural Networks, to enhance anomaly detection and
model reliability. Testing transferability across markets and time periods is also necessary
to ensure practical relevance and policy scalability. Second, greater attention needs to be
paid to identifying and simulating the causal relationship between policy uncertainty and
systemic financial contagion. While existing studies often examine the effects of shocks,
including COVID-19 and carbon pricing mechanisms, they frequently rely on methods such
as Granger causality or cointegration, which are insufficient for distinguishing structural
shocks from cyclical fluctuations. Advancing this area involves adopting structural causal
inference techniques, including Directed Acyclic Graphs, structural equation modeling for
time series, and quasi-experimental designs, in combination with contagion models such
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as DebtRank and the Contagion Index. This enables researchers to map risk transmission
channels and optimize macroprudential policy responses. Third, future modeling of green
financial risk will benefit from addressing data heterogeneity and cross-scale coupling
mechanisms. Although green finance has emerged as a prominent research focus, many
studies still rely on static indicators such as green credit or ESG ratings. There remains a
significant gap in modeling dynamic interactions among climate risk, carbon asset price
volatility, and environmental regulatory shocks. Integrating multi-source heterogeneous
data, including remote sensing climate indicators, carbon pricing data, and policy texts,
offers a promising pathway for developing dynamic and policy-responsive green financial
risk monitoring systems.
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