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Abstract: Financial institutions are increasingly facing complex challenges in risk management, as
traditional methods struggle to predict and mitigate evolving threats in the financial markets. With the rapid pace of
change and emerging risks such as economic downturns and cybersecurity issues, the need for advanced, data-driven
tools has never been more critical. The novelty of this review presents a comprehensive analysis of Al-driven
predictive analytics in financial risk management, offering a unique synthesis of recent advancements in credit risk
assessment, fraud detection, and market prediction. Artificial intelligence (Al) and predictive analytics offer a
promising solution by enhancing risk forecasting and optimizing decision-making processes. This review explores
how Al-driven predictive analytics are transforming risk management into the financial sector, with a particular focus
on improving credit risk management, fraud detection, and market predictions. By synthesizing the latest research,
the review highlights the integration of machine learning, data mining, and real-time predictive modeling as key
innovations reshaping traditional risk assessment methods. A qualitative analysis of recent studies and case reports
reveals that Al techniques have significantly improved the accuracy of credit risk assessments and fraud detection,
offering financial institutions real-time tools that enhance decision-making efficiency. The findings demonstrate that
Al-powered predictive analytics provide more precise, data-driven insights, enabling financial institutions to
proactively address potential risks before they escalate. These technologies contribute to better risk mitigation,
investment optimization, and enhanced customer trust. However, challenges such as data privacy concerns, algorithm
transparency, and the integration of Al into existing systems remain. Future research should focus on overcoming
these barriers and further exploring Al’s potential across various financial domains, with an emphasis on improving

Copyright: © 2025 by the authors. Licensee JHU

This article is an open-access article distributed under the terms and conditions of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0)



https://jonuns.com/
http://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.55463/issn.1674-2974.52.5.3
mailto:ngkokwаh@mmu.еdu.my
https://orcid.org/0000-0002-3055-953X

Journal of Hunan University (Natural Sciences) Vol. 52 No. 5, May 2025

transparency and tackling integration challenges to maximize its effectiveness in financial risk management.

Keywords: predictive analytics; risk management; artificial intelligence in finance; financial decision-

making; credit risk assessment.
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1. Introduction

The growing reliance on artificial intelligence across
various sectors, particularly in finance and risk
management, has significantly reshaped decision-
making processes, offering unprecedented capabilities
for improving operational efficiency, assessing
creditworthiness, and managing risks. Al-driven
predictive analytics has proven to be a powerful tool for
financial institutions, enabling them to proactively
identify potential threats, optimize risk assessments, and
enhance  overall decision-making frameworks.
However, despite the substantial progress made, several
challenges persist that hinder the full realization of AI’s
potential. One critical issue lies in the accuracy of
predictions, as Al systems heavily rely on the quality and
relevance of the data they process. As highlighted by [1],
the effectiveness of predictive analytics tools is directly
linked to the quality of the data fed into these systems.
Inaccurate or incomplete data can lead to flawed
predictions, which, in turn, could affect the reliability of
risk assessments and decision-making processes within
financial institutions. For instance, poor-quality data
might result in incorrect credit risk assessments, which
could lead to financial losses or the failure to identify
emerging risks. Therefore, while AI’s predictive

capabilities hold great promise, it is essential to
recognize that the accuracy of its predictions is not
guaranteed and is contingent upon the quality of the
data. Moreover, the review seeks to comprehensively
explore these challenges and offer a detailed assessment
of AI’s evolving role in financial risk management. By
addressing key issues such as data quality, algorithm
transparency, and the integration of Al with traditional
decision-making models, the review aims to provide a
nuanced understanding of the potential and limitations
of Al in transforming the financial sector’s approach to
risk management and financial assessments.

Another significant issue highlighted in the literature
is the complexity of the models used in Al-based
systems. As financial institutions increasingly adopt
machine learning (ML) and deep learning techniques for
predictive analytics, the growing sophistication of these
models can become a substantial barrier to effective
implementation. According to [2], the complexity of Al-
driven models often makes it challenging for financial
managers and analysts to fully understand the reasoning
behind Al’s decisions, leading to what is commonly
referred to as the “black-box” nature of Al models. This
lack of transparency can undermine trust in the system,
as users may struggle to comprehend how decisions are
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made, especially in sectors such as banking where
decision-making processes must be clear and auditable.
Transparency is not only vital for building stakeholder
confidence but is also a regulatory requirement, as
financial institutions are often held accountable for the
decisions made by automated systems. Without an
understanding of the inner workings of Al, financial
managers may be hesitant to rely on Al-driven systems,
and regulators may find it difficult to assess whether the
systems comply with existing laws. Moreover, the
complexity of these models can make it difficult to
troubleshoot and correct any errors or biases that might
arise during the decision-making process. This creates
an additional layer of wuncertainty for financial
institutions considering the adoption of Al technologies.
Along with the complexity of Al models, ethical
concerns related to the use of Al in finance are another
critical issue. One of the primary concerns is the
potential for bias in decision-making processes. Al
systems are often trained on historical data, which may
include embedded biases reflecting past inequalities. As
emphasized by [3], Al tools must be designed with
ethical considerations to avoid perpetuating existing
systemic biases. For example, Al-driven risk
assessments in credit scoring may inadvertently favor
certain groups over others based on race, gender, or
socio-economic status, thereby reinforcing existing
inequalities. In sectors like finance, where fair and
equitable treatment of individuals is paramount, such
biases could have far-reaching consequences, including
legal and reputational risks for financial institutions.
Ensuring that the Al models are fair and unbiased is thus
a major challenge that requires continuous monitoring
and adjustment of the Al algorithms. Furthermore, data
privacy issues also raise concerns, as Al systems often
require large datasets to function effectively. Financial
institutions must ensure that these systems comply with
stringent data protection regulations and that
individuals’ personal and financial information is
safeguarded against misuse. The integration of Al
technologies with existing systems is another key
challenge faced by financial institutions. As highlighted
by [4], transitioning from traditional risk management
methods to Al-based predictive analytics can be both
complex and costly. Integrating Al technologies into
legacy systems that were not designed to accommodate
such tools often requires substantial investment in
infrastructure, technology, and employee training.
Financial institutions must ensure that their staff
possesses the necessary skills to effectively operate and
monitor Al systems, which can be an additional barrier
to adoption, especially for smaller organizations with
limited resources. Moreover, seamless integration is
essential for ensuring that Al systems can function
efficiently alongside existing processes without
disrupting day-to-day operations. The lack of proper

integration could lead to inefficiencies or even failures
in Al-driven decision-making. Finally, regulatory
frameworks surrounding the use of Al in finance are still
under development, posing yet another challenge.

According to [5], the absence of clear regulatory
guidelines for the use of Al in financial decision-making
can create uncertainty for institutions looking to adopt
Al technologies. Financial institutions may be hesitant
to embrace Al due to concerns about legal and
compliance risks, particularly when it comes to issues
such as data protection, accountability, and
transparency. In countries where financial regulations
for Al applications are not well-defined, institutions may
find it difficult to ensure that their operations align with
both national and international standards. Additionally,
regulatory bodies must evolve alongside technological
advancements to address the new challenges posed by
Al, and their failure to do so could result in increased
scrutiny and regulatory burdens for financial
institutions.  Therefore, establishing clear and
comprehensive regulatory frameworks is critical for
enabling the broader adoption of Al technologies in the
financial sector while maintaining legal compliance and
ethical standards. In summary, while the integration of
Al into financial risk management offers immense
potential, several challenges ranging from model
complexity and ethical concerns to integration and
regulatory uncertainties must be addressed to unlock its
full capabilities.

The primary objective of the review is to provide an
in-depth understanding of how Al and predictive
analytics are transforming financial risk management,
focusing on several key areas that highlight the
technological advancements, challenges, and ethical
concerns surrounding their use in the financial sector.
One of the key areas explored in the review is the role of
predictive analytics in financial risk management. This
review aims to investigate how Al-driven predictive
analytics can optimize decision-making processes,
enhance risk management practices, and improve credit
risk assessments in financial institutions. By examining
existing literature, including [1] and [6], the review will
provide a comprehensive overview of how predictive
models are being utilized to assess financial risks, such
as credit and market risks, and how they help mitigate
these risks. The adoption of predictive analytics in
banking can enable more accurate and efficient decision-
making, leading to better financial outcomes and
improved risk management strategies. Additionally, the
review will focus on Al technologies in risk mitigation,
examining how machine learning, deep learning, and
neural networks are applied to predict potential risks and
prevent financial damage. For instance, Olagoke [7]
discusses how predictive analytics is being leveraged to
forecast financial risks in uncertain environments,
thereby providing a proactive approach to risk
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mitigation that can prevent costly outcomes. These
technologies allow financial institutions to anticipate
issues such as market fluctuations, fraud, and credit
defaults before they become significant problems.
Another critical objective is to investigate the impact of
Al on financial decision-making, particularly in areas
such as credit scoring, fraud detection, and portfolio
management.

Verma considers how Al is reshaping the
management of supply chain risk, which directly
impacts financial decision-making strategies and risk
management approaches across various sectors [8]. The
review will assess how Al-powered systems are being
integrated into financial decision-making processes and
the effectiveness of these systems in improving
outcomes related to risk assessment and mitigation. In
addition to understanding the benefits of Al in financial
risk management, the review will focus on evaluating
the effectiveness and efficiency of Al in risk assessment.
This involves examining how Al-based systems can
provide accurate predictions and risk assessments,
especially compared to traditional risk management
methods. The review will explore case studies, such as
those discussed by [9], to assess the real-world
application of Al technologies in financial institutions
and evaluate the success or limitations of these systems
in delivering reliable risk assessments. By analyzing
practical implementations, the review will also highlight
the challenges associated with using Al in complex and
dynamic financial environments. Finally, the review will
address the ethical and legal concerns related to the use
of Al in finance. Issues such as data privacy, algorithmic
bias, and regulatory compliance are crucial when
adopting Al systems in the financial sector.

Drawing on [3] and [10], the review explores how
financial institutions navigate the challenges of ensuring
that Al technologies are used ethically and responsibly,
ensuring transparency, accountability, and fairness in
Al-driven decisions. The review will consider the
potential for Al systems to perpetuate biases if not
properly designed and maintained, and the legal
implications of data misuse or privacy violations in
financial applications. By addressing these ethical and
legal challenges, the review will provide insights into
how financial institutions can balance technological
innovation with the need for responsible and compliant
practices in Al adoption. Through these comprehensive
areas of focus, the review will offer a holistic
understanding of the current state and future potential of
Al in financial risk management, as well as the ethical,
practical, and regulatory challenges that must be
addressed to fully realize the benefits of these
technologies.

The novelty of the review lies in its comprehensive
and multidisciplinary approach to analyzing Al’s role in
financial risk management, offering a unique synthesis

of various studies across multiple sectors. While
numerous studies have explored predictive analytics in
individual areas such as credit risk, fraud detection, and
cybersecurity, few reviews have integrated these
findings into a holistic analysis of AI’s impact on
decision-making within the financial industry. The
review brings together insights from a broad spectrum
of studies, including [11-13], to provide a nuanced
understanding of the diverse technologies, applications,
and challenges associated with Al in the financial sector.
In doing so, it addresses gaps in existing literature that
often focus on specific applications of Al, offering a
more complete and unified perspective. Furthermore,
the review distinguishes itself by highlighting critical
arecas that are often underexplored, such as the
integration challenges and regulatory concerns that
financial institutions face when adopting Al-driven
solutions. For example, the practical difficulties of
integrating Al systems with legacy infrastructure in
financial institutions was discussed by [4], a challenge
that has been frequently overlooked in previous studies.
Similarly, Adebayo [5] emphasizes the regulatory
uncertainties surrounding the use of Al in financial
decision-making, an issue that is becoming increasingly
significant as financial institutions grapple with
evolving regulations across jurisdictions. These issues
are crucial for understanding the barriers to Al adoption
and ensuring the ethical and legal compliance of Al
applications in finance, making the review not only
timely but also essential for informing both practitioners
and policymakers. Another important aspect of the
review novelty is its global perspective. By
incorporating case studies and research from different
regions such as Europe, Africa, and Asia, the review
sheds light on how Al applications in finance vary across
diverse economic landscapes, regulatory environments,
and technological capabilities. This cross-regional
approach offers a comprehensive understanding of how
Al is being implemented in different financial systems,
highlighting the challenges and opportunities specific to
various geographic contexts. The global scope of the
review allows for comparisons between different
approaches to Al adoption in finance, revealing how
regional differences can influence the success and
effectiveness of Al-driven risk management solutions.
For instance, financial institutions in Europe may face
different regulatory hurdles compared to those in Asia or
Africa, affecting the speed and extent of Al
implementation. This global outlook not only enriches
the review but also provides valuable insights into how
financial institutions worldwide are navigating the
complex terrain of Al integration. By addressing a broad
range of technological, regulatory, and geographical
factors, the review offers a unique, comprehensive, and
forward-looking perspective on Al’s role in financial
risk management, making it a valuable contribution to
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the growing body of literature on Al in finance.

Finally, the review makes a significant contribution
to the academic discussion by  offering
recommendations for future research, particularly in
areas that remain underexplored in the current body of
literature. As highlighted by [6], the long-term effects of
Al in financial risk management are still not fully
understood, especially when it comes to the
sustainability of Al-driven decision-making models in
rapidly changing financial markets. These concerns are
critical, as the dynamic nature of financial markets
demands that Al systems be adaptive and resilient to
maintain their effectiveness over time. The review,
therefore, proposes several avenues for further
exploration, particularly emphasizing the need for more
research on the transparency of Al models. While
predictive analytics can improve decision-making, the
“black box” nature of many Al algorithms remains a key
barrier to understanding and trust, particularly in
finance. More research is needed to explore how Al
models can be made more transparent, interpretable, and
explainable, so that financial managers can better
understand the rationale behind Al-driven decisions.
Furthermore, the review identifies ethical considerations
as a crucial area for future research. Al systems in
finance can reinforce biases or intensify inequalities if
not carefully designed and monitored. As noted by [3],
addressing issues of fairness, privacy, and accountability
will be central to ensuring that Al technologies are used
responsibly in the financial sector. Researchers should
explore strategies for mitigating bias in Al systems and
ensuring that Al decision-making is aligned with ethical
standards. Another critical research area is the
integration of Al with human decision-makers. While Al
can process vast amounts of data and generate
predictions, human judgment remains an essential
component of many financial decisions. Therefore,
future research should examine how Al can be integrated
into decision-making processes in a way that
complements human expertise and improves overall
decision quality. This is especially important in
situations where Al predictions may not be entirely
accurate or where complex, non-quantitative factors
need to be considered. Lastly, the review calls for more
research on the regulatory and legal aspects of Al in
financial risk management. The lack of clear regulatory
frameworks for Al use in finance presents a significant
barrier to its widespread adoption [5]. As Al continues
to play a larger role in financial decision-making,
researchers should explore the implications of existing
and emerging regulations on Al implementation in
finance, including data protection, accountability, and
cross-border legal issues. In conclusion, the review
offers a novel, in-depth exploration of the role of Al and
predictive analytics in financial risk management,
addressing both the opportunities and challenges

presented by these technologies. By combining
theoretical insights with practical examples, it provides
valuable contributions to the academic field while
offering guidance for practitioners in the financial
industry. The proposed recommendations for future
research aim to fill key gaps in the literature and provide
a roadmap for further advancements in Al-driven risk
management systems, ensuring their sustainable and
ethical integration into the financial sector.

2. Methods
2.1 Eligibility Criteria

This section outlines the systematic methodology
used for the review, focusing on the eligibility criteria,
study selection, data extraction, and data synthesis to
ensure a comprehensive and unbiased analysis of the
literature on artificial intelligence in predictive analytics
for financial risk management. The eligibility criteria
were meticulously designed to filter high-quality and
relevant studies. Only peer-reviewed journal articles,
conference papers, and book chapters published in 2024
were considered, emphasizing the latest advancements.
The review targeted studies focusing on Al-driven
predictive analytics applied to financial risk
management, decision-making, and adjacent fields such
as supply chain optimization and project management.
To maintain linguistic consistency and accessibility,
only articles published in English were included.
Additionally, publication quality was a critical
parameter, with a preference for studies from reputable,
Scopus-indexed journals, ensuring credibility and rigor.
Studies that lacked empirical data, theoretical
frameworks, or a specific focus on predictive analytics
in risk management were excluded to maintain the
relevance and depth of the review.

2.2 Study Selection

The study selection process involved an initial
screening of titles and abstracts based on the eligibility
criteria. Relevant studies were then subjected to a full-
text review to confirm their alignment with the review’s
objectives. A standardized data extraction template was
employed to gather key information, including author
details, publication year, research focus, methodologies
used, and significant findings. This structured approach
facilitated consistency and comparability across the
studies.

2.3 Data Synthesis

Data synthesis involved thematic analysis,
identifying recurring patterns, trends, and gaps in the
literature. The extracted data were categorized into key
themes, such as AI’s role in enhancing predictive
accuracy, optimizing decision-making processes, and
mitigating risks across various financial contexts.
Studies highlighted AI’s potential in identifying early
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warning signals, automating risk assessments, and
supporting proactive decision-making, which are crucial
for financial institutions aiming to enhance resilience
and efficiency. Furthermore, the review underscored
AD’s applications beyond traditional financial risk
management, extending to supply chain risk
optimization and project management, reflecting its
versatility. The analysis also identified challenges, such
as data privacy concerns, ethical considerations, and the
need for robust regulatory frameworks to govern Al’s
use in finance. Despite these challenges, the literature
collectively emphasized the transformative impact of
Al-driven predictive analytics in fostering smarter, data-
driven decision-making in financial risk management.
This comprehensive review not only synthesizes
existing knowledge but also highlights emerging
opportunities and challenges, offering a roadmap for
future research and practical applications.

2.4 Selection Process

The study selection process was executed
systematically in three distinct stages to ensure the
inclusion of only the most relevant and high-quality
literature on Al-driven predictive analytics in financial
risk management.

Stage 1: Initial Screening involved a preliminary
assessment of the titles and abstracts to gauge their
relevance. This stage was guided by keywords such as
“predictive analytics,” “Al in risk management,” and
“financial decision-making,” ensuring that the search
was both comprehensive and targeted. Out of an initial
pool of 115 results, 30 articles were shortlisted based on
their alignment with the topic and the presence of Al
applications in risk assessment and decision-making
processes. This screening effectively narrowed down the
search to studies that showed potential for deeper
analysis.

Stage 2: Full-Text Review, the 30 shortlisted articles
underwent a thorough examination. Full-text versions
were assessed against pre-defined inclusion criteria,
focusing on empirical evidence, methodological rigor,
and the studies’ relevance to the research objectives.
This stage emphasized the importance of robust
methodologies, clear research frameworks, and
empirical data to support the findings. Studies that
lacked these components were excluded, ensuring that
only comprehensive and data-driven research was
considered. The evaluation process also considered the
extent to which each study explored AI’s role in
enhancing predictive accuracy, risk mitigation, and
decision-making in the financial sector. As a result, 13
high-quality studies were selected for inclusion. These
studies not only met the inclusion criteria but also
offered valuable insights into how Al technologies are
reshaping risk management practices in finance and

related fields such as supply chain and project
management.

Stage 3: Final Inclusion involved resolving any
ambiguities regarding the scope and focus of the studies.
The reviewers engaged in discussions to reach a
consensus, ensuring a balanced and objective selection
process. This collaborative approach allowed for the
consideration of diverse perspectives and ensured that
the final set of studies was representative of the broader
literature on the subject. The 13 studies selected in this
stage were deemed to provide a comprehensive
understanding of Al’s impact on predictive analytics and
risk management in finance. These studies were pivotal
in identifying key themes, trends, and gaps, thereby
contributing to a nuanced synthesis of the literature. The
multi-stage selection process ensured a systematic and
unbiased approach, ultimately enhancing the reliability
and depth of the review. By focusing on relevance,
methodological quality, and empirical evidence, the
process not only filtered out irrelevant or low-quality
studies but also highlighted those offering significant
contributions to the wunderstanding of Al’s
transformative potential in financial risk management.
This meticulous selection process laid the groundwork
for a robust and insightful analysis of Al-driven
predictive analytics, underscoring its implications for
decision-making and risk mitigation in the financial
sector.

2.5 Data Extraction

The data extraction process was conducted
meticulously to ensure a comprehensive understanding
of each selected study’s contributions to the literature on
Al-driven predictive analytics and risk management. A
standardized data extraction form was developed to
maintain consistency and accuracy in capturing key
details from all studies. This form included six primary
fields: bibliographic information, objective and scope,
methodology, key findings, implications, and
limitations. Bibliographic information encompassed
essential details such as author(s), publication year,
journal name, and article title, facilitating proper
documentation and citation. The information was crucial
for organizing and referencing studies systematically
throughout the review. The objective and scope field
summarized the purpose and focus of each study,
providing context for how the research aligned with the
broader theme of Al applications in predictive analytics
and financial decision-making. This allowed for a clear
understanding of each study’s intent and relevance. The
methodology section captured details about the research
design, data collection methods, and analysis
techniques, offering insights into the robustness and
rigor of the studies. Studies employing empirical
methods, advanced Al models, and rigorous data
analysis were particularly noted for their contributions
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to the field. In the key findings section, the summarized
results highlighted AI’s pivotal role in enhancing
predictive accuracy and risk management. Studies have
consistently demonstrated how Al technologies, such as
machine learning and neural networks, improve the
identification of risk patterns, automate decision-
making processes, and provide actionable insights for
financial institutions. These findings underscored Al’s
potential to revolutionize traditional risk management
practices by enabling more proactive and data-driven
strategies. The implications field provided insights into
how Al-driven predictive analytics contribute to
improved decision-making and risk mitigation,
emphasizing the practical benefits for financial
stakeholders. Studies have revealed that Al not only
enhances operational efficiency but also supports
strategic planning and resilience in uncertain market
conditions. The limitation section captured any
constraints noted by the authors, such as small sample
sizes, methodological biases, or limited generalizability.
Acknowledging these limitations was crucial for
assessing the reliability and applicability of the findings.

Common limitations include challenges in data quality,
ethical considerations, and the need for more
comprehensive regulatory frameworks to support Al
integration in finance. These limitations highlighted
areas for future research and the importance of
addressing the potential risks associated with Al
deployment.

Overall, the systematic data extraction process
provided a detailed snapshot of each study’s
contributions, ensuring that all relevant aspects were
thoroughly analyzed. By capturing bibliographic details,
research  objectives, = methodologies,  findings,
implications, and limitations, this process enabled a
holistic synthesis of the literature. The extracted data
formed the foundation for identifying key themes,
trends, and gaps in Al-driven predictive analytics and
risk management, contributing to a nuanced
understanding of Al’s transformative role in the
financial sector. Table 1 presents the extracted data,
offering a clear and organized overview of the reviewed
studies and their insights into AI’s impact on predictive
analytics and risk management in 2024.

Table 1 Overview of the Analyzed Studies and Their Perspectives on AI’s Role in Predictive
Analytics and Risk Management in 2024 (compiled by the author)

Author(s) Year Title Journal/Source Focus area
Addy WA etal. 2024 Predictive analytics in credit risk GSC Advanced Research and Credit risk
management for banks: A Reviews, 18(2): 434-449 management in
comprehensive review banks
Adeniran [A. et 2024 Enhancing security and risk International Journal of Security and risk
al. management with predictive analytics: Management & management
A proactive approach. Entrepreneurship Research,
6(8): 32-40.
Algheetany N et 2024  Artificial Intelligence Towards IOP Conference Series: Earth Risk management
al. Enhancing the Risk Management and Environmental Science, in design processes
Practices During the Design Process. 1396(1): 012036
In (Vol.). IOP Publishing.
Chaudhari AV. 2025  Reimagining Finance with Artificial ESP Journal of Engineering & Financial risk
Intelligence: Smart Technologies Technology Advancements, assessment
Reshaping the Digital Economy. 2025, 5(2): 47-61
Chowdhury RH 2024  The impact of predictive analytics on World Journal of Advanced Business risk
et al. financial risk management in Research and Reviews, 23(03), management
businesses. 1378-1386.
Kalogiannidis, S, 2024 The Role of Artificial Intelligence Risks, 12(2): 19. Business continuity
et al. Technology in Predictive Risk and risk assessment
Assessment for Business Continuity: A
Case Study of Greece.
Khalil, M. 2024 Predictive Analytics for MZ Journal of Artificial Cybersecurity and
Cybersecurity: Al in Risk Mitigation. Intelligence, 1(2), 1-8. risk mitigation
Nzeako, G, etal. 2024 The role of AI-Driven predictive International Journal of IT supply chain
analytics in optimizing IT industry Management & optimization
supply chains. Entrepreneurship Research,
2024, 6(5), 1489-1497.
Odejide OA, & 2024 Al in project management: exploring Engineering Science & Project and risk
Edunjobi TE theoretical models for decision- Technology Journal, 5(3), 1072- management
making and risk management. 1085.
Olagoke MF 2025 The Role of Predictive Analytics in Journal of Financial Risk Financial risk

Enhancing Financial Decision-Making
and Risk Management

Management, 2025, 14(1), 47-
65

prediction
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Qudus A. 2024 Risk Intelligence: AI-Enhanced Easy Chair Preprint, 14666. Financial
Predictive Analytics for Financial institutions and
Institutions and Their Decision- decision-making
Making Processes.

Valli LN. 2024 Predictive Analytics Applications for BULLET: Jurnal Multidisiplin ~ Cross-industry risk
Risk Mitigation across Industries; A Ilmu, 3(4), 542-553. mitigation
review.

Verma P. 2024 Al-Driven Predictive Analytics for MZ Journal of Artificial Supply chain risk
Supply Chain Risk Management. Intelligence, 1(2): 1-12 management

The data synthesis process involved a qualitative
analysis and thematic categorization of the extracted
data, revealing four key themes that highlight Al’s
transformative potential and the challenges it poses in
predictive analytics and risk management.

Theme 1: Enhanced Risk Management emerged as a
dominant focus, with studies consistently demonstrating
Al’s ability to improve the accuracy, speed, and
efficiency of risk assessments. For instance, Al’s role
was showcased in enhancing credit risk management by
automating risk evaluations, reducing loan defaults, and
optimizing lending strategies [1]. Al models were noted
for their capacity to process vast amounts of data,
uncover hidden patterns, and deliver real-time insights,
leading to more informed decision-making in financial
institutions.

Theme 2: Proactive Decision-Making highlighted the
shift from reactive to proactive strategies facilitated by
Al According to [7], Al-powered models enable
financial institutions to anticipate market fluctuations
and adjust their strategies preemptively. This predictive
capability allows for more agile responses to emerging
risks and opportunities, fostering resilience in volatile
markets. Studies underscored how AI’s ability to
integrate diverse data sources, including economic
indicators and customer behavior, enhances foresight
and strategic planning, thereby empowering
organizations to mitigate potential risks before they
materialize.

Theme 3: Cross-Industry Applications broadened the
scope of Al’s impact beyond finance. Al’s role is
illustrated by [8] and [11] in enhancing risk management
across various sectors, including supply chains and
project management. These studies highlighted how Al-
driven predictive analytics optimize operations, improve
resource allocation, and strengthen risk mitigation
strategies across industries. The adaptability of Al
models to different contexts underscores their potential
for widespread adoption in diverse risk management
scenarios, reinforcing their value across the business
landscape.

Theme 4: Challenges and Limitations provided a
balanced perspective by addressing the obstacles
associated with Al integration. Several studies,
including [6], identified key challenges such as data
privacy concerns, algorithmic biases, and the need for
robust regulatory frameworks. Data privacy emerged as

a critical issue, given the sensitive nature of financial
data and the potential for misuse. Algorithmic biases,
stemming from unrepresentative training data, were
highlighted as a risk factor that could perpetuate existing
inequalities. The need for comprehensive regulations to
govern Al’s use in risk management was emphasized,
with calls for policies that ensure ethical Al deployment
and protect stakeholders’ interests.

Collectively, these themes underscore the dual nature
of Al in predictive analytics: while offering substantial
benefits in terms of enhanced accuracy, efficiency, and
proactive decision-making, they also introduce new
complexities and ethical considerations. The insights
from the synthesized data illuminate the transformative
potential of AI in risk management, highlighting
opportunities for innovation and areas requiring careful
oversight. By addressing these challenges and
leveraging Al’s capabilities, financial institutions and
other industries can harness predictive analytics to
achieve more effective and sustainable risk management
outcomes.

The systematic review of the recent literature
highlights several key themes in the application of Al-
driven predictive analytics for risk management across
industries, with particular emphasis on the financial
sector. Al in Credit Risk Management stands out as a
major theme, where Al models, particularly machine
learning algorithms, have been shown to significantly
enhance the accuracy of credit risk predictions. Addy et
al. [1] exemplified how Al can analyze vast datasets,
including financial histories and behavioral data, to
assess borrower creditworthiness more effectively than
traditional methods. This innovation allows financial
institutions to minimize defaults and optimize lending
strategies, transforming the credit risk landscape.
Another prominent theme is Predictive Analytics for
Cybersecurity, which was explored by [12]. AI’s role in
this area involves using predictive models to detect and
preemptively address potential cyber threats, thereby
mitigating risks before they can escalate into significant
breaches. As financial institutions become increasingly
reliant on digital platforms, the application of Al in
cybersecurity ensures that sensitive data are protected
and operational continuity is maintained. The theme of
Project and Supply Chain Risk Management highlights
AD’s cross-industry impact, particularly in identifying
and managing risks in early project phases and across
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supply chains. According to [9], Al could be used in
project management to anticipate and mitigate risks
early in the project lifecycle, leading to more efficient
and cost-effective outcomes. Similarly, it was discussed
by [8] how Al-driven predictive analytics could
optimize supply chain management, allowing
companies to better allocate resources, forecast demand,
and plan for contingencies, thus improving resilience
and operational efficiency across industries. These
findings also have far-reaching implications for practice
and policy.

For financial institutions, Al provides the
opportunity to revolutionize risk management by
enhancing decision-making, reducing financial losses,
and increasing overall operational efficiency. With the
growing integration of Al in the financial sector,
policymakers must adopt regulatory frameworks to
address emerging concerns related to ethics and privacy,
ensuring that Al is used responsibly and securely.
Additionally, researchers are encouraged to explore Al’s
long-term impact on financial stability, especially in
conjunction with other emerging technologies like
blockchain. This systematic review underscores the
transformative potential of Al-driven predictive
analytics in financial risk management, emphasizing
Al’s ability to enhance decision-making, mitigate risks,
and foster innovation. However, it also highlights the
need for future research to address challenges such as
data privacy, algorithmic biases, and the development of
comprehensive regulatory standards. As Al continues to
evolve, its role in risk management is set to expand,
creating opportunities for innovation and new
applications across industries.

3. Results

3.1. General Findings

Al-driven predictive analytics have fundamentally
transformed financial risk management by providing a
more dynamic and data-driven approach to forecasting
and mitigating risks. Studies such as [1] and [7]
highlight how AI’s ability to process vast amounts of
data from multiple sources, including financial
statements, market trends, and even unstructured data
like social media and news, allows financial institutions
to anticipate risks more accurately and in real-time. This
shift from traditional risk management approaches
relying on manual analysis and historical data has
significantly enhanced decision-making capabilities in
the financial sector. Al-based systems now use
sophisticated algorithms and machine learning models
to detect patterns, trends, and anomalies that human
analysts might overlook. These models are capable of
continuously learning from new data and improving
their predictions over time, which makes them more
reliable and effective in identifying potential financial
disruptions before they occur. For instance, Al’s role

was emphasized in refining credit risk management
systems, where predictive models are used to assess the
creditworthiness of borrowers more accurately by
analyzing a range of factors, from transaction history to
macroeconomic indicators [1]. This predictive power
enables financial institutions to reduce defaults and
optimize loan issuance processes. Furthermore, as
argued in [2], Al enhances security and risk
management by providing proactive solutions. Instead
of responding to risks after they have manifested,
predictive analytics allow businesses to anticipate and
mitigate risks in advance. The ability of Al systems to
process and analyze large datasets with high efficiency
has revolutionized how financial institutions approach
risk, moving toward a more predictive and preventive
model. This notion was extended by showcasing how Al
can predict financial risks across multiple dimensions,
from market fluctuations to credit risks, empowering
financial managers to make more informed decisions
[7]. The integration of Al in risk management also
enhances operational efficiency by automating routine
tasks, which allows risk managers to focus on higher-
level decision-making. By using Al to predict potential
risks, financial institutions can allocate resources more
effectively, such as adjusting portfolios or hedging
against predicted market downturns, thus mitigating
potential losses. Furthermore, predictive analytics in Al
models are not limited to credit and operational risks;
they can also extend to financial fraud detection. As Al
systems become more sophisticated, they are
increasingly capable of identifying complex fraud
patterns in real-time, which significantly reduces
financial losses from fraudulent activities. In essence,
the findings indicate that Al and predictive analytics
have reshaped the financial risk management landscape,
making it more proactive, accurate, and efficient. The
capacity of Al to synthesize vast amounts of data, its
ability to learn and adapt, and its contribution to more
informed decision-making processes position it as an
indispensable tool for modern financial institutions. The
future of financial risk management will likely involve
even greater integration of Al technologies, leading to
more sophisticated and resilient financial systems.

The enhancement of credit risk assessment and credit
scoring through Al-powered predictive analytics has
become a transformative force in financial institutions,
particularly in reducing default rates and improving loan
decisions. According to [1], predictive analytics, when
integrated with Al models, enhances the accuracy of
credit scoring systems by using a broader array of data
points beyond traditional financial metrics. These
models incorporate transaction history, behavioral data,
and external factors such as economic conditions,
market trends, and even social media sentiment, which
provide a more holistic view of a borrower’s
creditworthiness. This comprehensive analysis enables
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banks to predict defaults with much greater accuracy, as
it goes beyond static credit reports to consider dynamic,
real-time data. As indicated in [1], this shift to Al-driven
predictive models has led to a significant reduction in
default rates by enabling financial institutions to make
more informed and precise lending decisions. With the
ability to process large datasets and recognize complex
patterns, Al models can identify early warning signals
of financial distress that traditional models might miss.
This capability allows banks to take preemptive actions,
such as adjusting credit limits or offering more
customized loan terms to higher-risk borrowers, thereby
minimizing exposure to defaults. Similarly, it is
emphasized that AI’s integration into the credit risk
assessment process is revolutionizing how banks
evaluate borrower defaults [7]. Machine learning
models, as discussed by [7], have the advantage of
continuously adapting to new data, allowing them to
refine their predictions over time. These models learn
from both historical and real-time data, becoming
increasingly sophisticated in their ability to predict
borrower behavior, which improves the reliability and
precision of credit scoring systems. By incorporating
various data sources, including non-traditional ones,
these models also allow for more inclusive lending
practices, as they can assess creditworthiness for
individuals with limited credit history. This greater
inclusivity, coupled with improved predictive accuracy,
leads to more equitable access to financial products
while simultaneously reducing the risk of loan defaults.
In essence, Al-enhanced predictive analytics are
transforming the credit risk landscape by enabling more
nuanced, accurate, and real-time assessments of
borrower creditworthiness. The shift toward these
advanced models not only increases the precision of
credit scoring systems but also offers financial
institutions a proactive approach to managing credit risk.
This, in turn, results in fewer defaults, reduced financial
losses, and more efficient allocation of resources,
ensuring that banks and lenders can operate with greater
confidence and security in their lending practices.
Similarly, Al-driven predictive analytics has
emerged as a crucial tool in risk mitigation, allowing
businesses and financial institutions to anticipate and
address risks before they manifest, rather than relying on
reactive strategies. Al’s ability to process vast datasets
and analyze emerging patterns enables financial
institutions to detect potential financial risks in real-time
was highlighted by [6]. This real-time identification of
risks, whether due to market fluctuations, liquidity
issues, or other factors, empowers institutions to take
preemptive actions that can prevent significant losses
and disruptions. For example, Al can flag early signs of
financial distress, such as unusual transaction patterns,
changes in customer behavior, or external market shifts,
which may indicate upcoming economic downturns or

asset price volatility. This proactive approach
significantly contrasts with traditional risk management
practices, which often only react after risks have
materialized. By shifting to predictive analytics,
businesses can implement risk mitigation strategies well
in advance, thereby safeguarding operations and
ensuring financial stability. Further expanding on the
application of Al in risk mitigation, [3] demonstrated its
effectiveness in assessing risks to business continuity.
Their study underscores the importance of Al tools in
predicting both long-term trends and sudden disruptions,
which is vital for maintaining operational resilience,
particularly in industries sensitive to economic cycles or
external shocks. Al can model various scenarios,
simulate potential risk events, and predict the likelihood
of disruptions, from natural disasters to financial crises,
enabling organizations to develop contingency plans.
This foresight helps companies prepare for various
possible risks, enhancing their ability to respond swiftly
and efficiently when an actual disruption occurs. For
instance, Al can provide early warning systems that
notify businesses of critical vulnerabilities in their
supply chains, regulatory changes, or cybersecurity
threats, allowing them to deploy mitigation strategies
such as diversifying suppliers or strengthening
cybersecurity protocols. In the context of financial
institutions, this ability to predict long-term trends and
sudden disruptions enables them to better manage
liquidity, optimize capital reserves, and create more
robust financial portfolios. The integration of Al in risk
mitigation has transformed the approach to managing
uncertainty across various sectors, especially finance, by
enabling a shift from reactive to proactive decision-
making. Through the continuous analysis of data,
machine learning models provide valuable insights that
allow organizations to adapt quickly, reduce potential
losses, and maintain resilience in the face of ever-
evolving risks. Thus, AI’s predictive capabilities
enhance not only the speed of response but also the
accuracy of risk management strategies, ensuring that
businesses are better equipped to face both anticipated
and unforeseen challenges.

Al has become a powerful tool in the financial sector,
particularly in the detection of fraud, by leveraging
predictive analytics to identify and prevent fraudulent
activities in real-time. As explained in [2], Al-based
predictive models analyze vast amounts of transaction
data, looking for patterns and anomalies that deviate
from typical customer behavior. These models create
detailed profiles of what constitutes normal behavior for
each customer, including their spending habits,
frequency of transactions, and geographical locations.
When a transaction deviates from these established
patterns, such as an unusually large transfer or a
transaction from an unfamiliar location, the system flags
it as suspicious. This real-time identification allows for
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immediate alerts and actions, such as blocking the
transaction or requesting further authentication, which
helps prevent financial losses before they occur. This
discussion was extended in [11] by highlighting AI’s
role in cybersecurity, particularly in detecting financial
fraud. As financial transactions become more complex
and digital, traditional methods of fraud detection,
which often rely on manual checks or basic rule-based
systems, are becoming insufficient. On the other hand,
Al algorithms can analyze large datasets and
continuously adapt to new patterns of fraud. By using
machine learning models that learn from every
transaction, Al systems are becoming better at
identifying increasingly sophisticated fraud techniques,
such as account takeover, identity theft, and phishing
attacks. This adaptive learning process ensures that the
Al models remain effective despite evolving fraudulent
tactics. One of the key advantages of Al-driven fraud
detection is its ability to balance speed and accuracy.
Traditional fraud detection methods often suffer from
high rates of false positives, where legitimate
transactions are flagged as fraudulent, leading to
customer frustration and additional administrative costs.
However, Al models significantly reduce false positives
by improving the precision of their alerts, focusing only
on truly suspicious activities. This enhancement in
accuracy not only streamlines the fraud detection
process but also improves customer satisfaction by
reducing unnecessary transaction rejections. Moreover,
Al’s ability to process data in real-time allows financial
institutions to take immediate action, minimizing the
potential for fraud to escalate into more significant
losses. By continuously learning and adapting to new
fraud strategies, Al-driven systems provide financial
institutions with a dynamic and robust approach to fraud
detection. The predictive capabilities of these Al models
empower banks and other financial entities to stay ahead
of fraudsters, ensuring greater security and trust in
financial transactions. Ultimately, AI’s role in financial
fraud detection is transforming how financial
institutions safeguard their operations and customers,
making fraud detection more effective, faster, and less
prone to human error.

In addition, Al-driven predictive analytics have
revolutionized risk forecasting and decision-making in
the financial sector, enabling institutions to anticipate
and respond to future uncertainties with greater
precision. Al-powered models use extensive historical
and real-time data to forecast potential financial risks,
offering advanced insights into market dynamics and
economic trends [4]. These models can analyze complex
datasets, including macroeconomic  indicators,
geopolitical events, and market sentiment, to predict
potential downturns, periods of volatility, and
significant market shifts. By identifying these risks
early, financial managers can take preemptive actions to

protect assets and minimize losses. For instance, Al
algorithms can flag indicators of an impending
economic recession or currency fluctuations, prompting
institutions to adopt risk-averse strategies such as
reallocating portfolios or increasing liquidity reserves.
Furthermore, the predictive analytics that empower
financial institutions enables to make proactive
decisions rather than reactive ones [11]. Traditional risk
management often relies on historical data and
backward-looking analyses, which can leave firms
vulnerable to sudden market changes. In contrast, Al-
driven models continuously update their predictions
based on the latest data, providing real-time insights that
allow for more agile decision-making. This capability is
particularly valuable in volatile markets, where timely
decisions can mean the difference between significant
gains and substantial losses. By forecasting potential
risks, financial managers can implement hedging
strategies, adjust interest rate exposures, and optimize
asset allocation to mitigate potential downsides. One of
the key advantages of Al in risk forecasting is its ability
to identify patterns and correlations that may not be
immediately apparent to human analysts. Machine
learning algorithms can detect subtle signals in the data,
such as emerging market trends or sector-specific risks,
that might otherwise go unnoticed. This deep analytical
capability enhances the accuracy of risk forecasts and
provides financial institutions with a more
comprehensive understanding of the factors influencing
their risk profiles. As a result, decision-makers can craft
more effective strategies to navigate uncertain
environments, ensuring that their organizations remain
resilient in the face of economic challenges. Moreover,
Al-driven predictive analytics supports scenario
planning and stress testing, enabling institutions to
assess the potential impact of various risk scenarios on
their portfolios. Financial managers can simulate
different economic conditions, such as interest rate
hikes, trade disruptions, or regulatory changes, to
understand how these factors would affect their
investments and operations. This foresight allows firms
to develop contingency plans and allocate resources
more effectively, ensuring they are well-prepared for
adverse weather conditions. In addition to enhancing
decision-making at the strategic level, Al’s predictive
capabilities also improve operational efficiency.
Automated risk assessments and forecasts reduce the
need for manual data analysis, freeing up resources for
higher-value activities. Financial institutions can
streamline their risk management processes, reduce
costs, and focus on innovation and growth. Ultimately,
Al-driven risk forecasting and decision-making provide
a competitive advantage by enabling organizations to
stay ahead of emerging risks and seize opportunities in
dynamic markets. By integrating Al into their risk
management frameworks, financial institutions can
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achieve greater agility, resilience, and profitability,
positioning themselves for long-term success in an
increasingly complex financial landscape.

Al-driven predictive analytics play a transformative
role in optimizing operational efficiency and resource
allocation within the financial sector. By harnessing
Al’s ability to analyze large datasets and predict
potential risks, institutions can streamline processes,
reduce inefficiencies, and allocate resources more
strategically.

Nzeako et al. [10] underscored how predictive
analytics mitigates supply chain risks in the IT industry,
particularly by forecasting disruptions and enabling
proactive measures. This concept translates well to the
financial sector, where predictive models help identify
risks such as liquidity shortages, operational delays, and
market volatility. By anticipating these challenges,
financial institutions can allocate resources more
effectively, ensuring that capital is directed toward areas
that maximize returns while minimizing exposure to
potential losses. In the context of banking and financial
services, predictive analytics enhances decision-making
by offering data-driven insights that inform strategic
resource allocation. For example, banks use Al models
to assess credit risks and allocate capital accordingly,
ensuring that reserves are sufficient to cover potential
losses while optimizing the use of funds for lending and
investment purposes.

As highlighted by [8], AI tools enable financial
institutions to prioritize investments and projects with
the highest risk-adjusted returns, thereby maximizing
profitability. This is particularly important in dynamic
markets where resource misallocation can lead to
significant financial losses. Al’s ability to continuously
analyze and update risk profiles allows institutions to
remain agile, reallocating resources in response to
changing market conditions and emerging opportunities.
Operational efficiency is further enhanced through
automation and process optimization. Al-driven
predictive models automate routine risk assessments and
financial forecasting, reducing the need for manual
intervention and freeing up resources for more strategic
activities. This not only lowers operational costs but also
accelerates  decision-making processes, enabling
institutions to respond more quickly to market changes.
For example, predictive analytics can automate liquidity
management by forecasting cash flow needs and
ensuring that sufficient funds are available to meet short-
term obligations. This reduces the risk of liquidity crises
and enhances the institution’s financial stability.
Another significant advantage of Al in resource
allocation 1is its ability to optimize workforce
management. By analyzing patterns in workload and
performance data, AI models can predict staffing needs
and allocate human resources more efficiently. This
ensures that critical functions are adequately staffed

while avoiding overallocation in areas with lower
demand. Additionally, Al-driven insights can guide
investments in technology and infrastructure, directing
funds toward initiatives that offer the greatest potential
for enhancing operational efficiency and customer
satisfaction. Predictive analytics also support risk
mitigation by identifying potential operational
bottlenecks and vulnerabilities. For instance, Al models
can forecast the impact of regulatory changes or market
disruptions on the institution’s operations, enabling
proactive adjustments to resource allocation. This
ensures that the organization remains compliant and
resilient in the face of external challenges. Moreover,
Al’s ability to integrate data from multiple sources,
including financial statements, market reports, and
customer feedback, provides a holistic view of the
institution’s operational performance and resource
utilization. Al-driven predictive analytics is a powerful
tool for optimizing operational efficiency and resource
allocation in the financial sector. By leveraging AI’s
predictive capabilities, institutions can make data-driven
decisions that enhance performance, reduce costs, and
maximize returns. The ability to anticipate risks and
opportunities allows for more strategic resource
allocation, ensuring that financial institutions remain
competitive and resilient in an increasingly complex and
dynamic market environment.

Additionally, Al-driven predictive analytics play a
critical role in enhancing business continuity and
disaster recovery in the financial sector by enabling
institutions to foresee potential disruptions and prepare
effectively. As financial institutions face a growing
array of external risks, including natural disasters,
economic volatility, and geopolitical tensions, Al’s
predictive capabilities have become essential for
proactive crisis management. According to [3], Al-
based risk assessment tools can analyze historical data,
market trends, and external events to forecast potential
threats, allowing institutions to devise strategies that
mitigate these risks before they materialize. Through the
advanced simulation of risk scenarios, financial
organizations can test various contingencies and develop
more comprehensive response plans tailored to different
types of disruptions. This ensures not only the protection
of assets and resources but also the swift recovery of
operations after a crisis. One of the most significant
advantages of Al in disaster recovery is its ability to
provide real-time risk assessments. Al systems can
continuously monitor signs of potential disruptions,
such as sudden market fluctuations or geopolitical
tensions, and issue early warnings. These alerts enable
decision-makers to activate contingency plans, secure
critical assets, and reallocate resources where necessary.
Al’s ability to process vast amounts of data quickly
allows institutions to respond faster than traditional
methods, minimizing the financial impact of crises.
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Furthermore, predictive analytics can enhance
operational resilience by identifying weak points in the
organization’s infrastructure and suggesting
improvements to reduce vulnerability [3].

Another key application of Al in business continuity
is the optimization of resource allocation during crises.
Predictive models can prioritize the allocation of funds,
personnel, and technology resources to critical
functions, ensuring that essential services remain
operational. For example, during a natural disaster, Al
can help banks and financial institutions identify which
branches or systems are most at risk and allocate
resources to protect them. This targeted approach not
only safeguards the organization’s operations but also
minimizes the costs associated with disaster recovery
efforts. Additionally, Al can facilitate real-time
communication and coordination among various
departments and stakeholders, ensuring a more cohesive
and effective response to emergencies. Al also plays a
pivotal role in post-crisis recovery by analyzing the
impact of disruptions and providing insights for future
improvements. After a crisis, Al-driven analytics can
assess the effectiveness of the organization’s response
and identify areas for enhancement. This feedback loop
allows financial institutions to refine their contingency
plans and build greater resilience against future risks.
Moreover, predictive analytics can support strategic
decision-making in the aftermath of a disaster by
forecasting market recovery trends and guiding
investment decisions. By leveraging Al’s insights,
institutions can position themselves to capitalize on
emerging opportunities while mitigating ongoing risks.
In addition to financial risk management, Al’s role in
disaster recovery extends to cybersecurity, where it
helps protect sensitive data and systems from
cyberattacks during crises. Al algorithms can detect and
neutralize potential threats in real-time, ensuring that the
organization’s digital infrastructure remains secure.
This capability is particularly crucial as cyber threats
often escalate during periods of operational disruption.
Al-driven predictive analytics is a powerful tool for
enhancing business continuity and disaster recovery in
the financial sector. By providing real-time risk
assessments, optimizing resource allocation, and
supporting post-crisis recovery efforts, Al enables
institutions to navigate disruptions more effectively and
emerge stronger. The ability to anticipate and respond to
crises proactively not only minimizes financial losses
and operational downtime but also fosters greater
resilience and long-term stability.

The future of Al in financial risk management is
poised to revolutionize how financial institutions
anticipate, mitigate, and respond to complex risks.
According to [9], advancements in Al-driven risk
assessment frameworks will empower institutions to
adopt more robust project management models that

integrate predictive analytics with real-time decision-
making tools. These theoretical models emphasize the
seamless blending of machine learning (ML) techniques
and behavioral finance insights, allowing organizations
to refine their risk predictions by factoring in human
behaviors, market sentiments, and macroeconomic
trends. This fusion will enable financial institutions to
develop more accurate, dynamic, and context-aware risk
management strategies, thereby reducing exposure to
unexpected market shocks and optimizing returns on
investments. Machine learning’s evolution will play a
pivotal role in shaping the future of financial risk
management. As Al systems grow increasingly
sophisticated, they will harness the power of deep
learning algorithms to process large, complex, and
unstructured data sets from diverse sources, such as
news articles, social media, and geopolitical reports.
This capability will enable Al models to identify hidden
correlations and emerging risks that traditional risk
assessment methods might overlook [13]. For instance,
predictive models will not only detect immediate
financial risks but also forecast systemic risks with
global implications, such as economic recessions or
disruptions in international trade. By integrating these
insights into risk management frameworks, financial
institutions can make proactive adjustments to their
portfolios, capital allocations, and hedging strategies,
thereby safeguarding their assets against volatility.
Another significant advancement will be the Al’s ability
to enhance scenario analysis and stress testing. In the
future, financial institutions will deploy Al-driven
simulations to explore a broader range of potential risk
scenarios, including low-probability, high-impact
events. This capability will improve decision-makers’
ability to prepare for unexpected contingencies and
develop resilient strategies that withstand adverse
market conditions. As emphasized by [9], Al-powered
stress testing models will continuously update based on
new data, providing real-time insights that enable
institutions to remain agile in a rapidly changing
financial landscape. Moreover, these models will
facilitate regulatory compliance by generating detailed
reports and insights that meet stringent reporting
requirements. Behavioral finance will also play a more
prominent role in Al-driven risk management. As Al
systems gain a deeper understanding of human decision-
making patterns, they will incorporate behavioral biases
into their predictive models. This will allow institutions
to better anticipate how investors and market
participants might react to different stimuli, such as
changes in interest rates or geopolitical events. By
accounting for these behavioral factors, Al models will
provide more accurate risk assessments and help
institutions devise strategies that mitigate the impact of
irrational market behaviors. Furthermore, Al will
enhance collaboration and decision-making across
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organizational silos. Future Al platforms will integrate
with enterprise resource planning (ERP) and customer
relationship management (CRM) systems, creating a
unified view of risks and opportunities. This integration
will enable cross-functional teams to collaborate more
effectively, aligning risk management strategies with
broader business objectives. Valli [13] envisions a future
where Al serves as a central decision-support system,
providing actionable insights that drive strategic
planning and innovation. The future of Al in financial
risk management promises transformative changes,
driven by advances in machine learning, behavioral
finance, and data integration. These innovations will
enable financial institutions to adopt more proactive,
data-driven approaches to risk management, thereby
enhancing their resilience and competitiveness in an
increasingly complex financial ecosystem. As Al
continues to evolve, its role in shaping the future of
finance  will become indispensable, offering
unprecedented opportunities for risk mitigation,
operational efficiency, and strategic growth.

The integration of Al-powered predictive analytics in
financial risk management is reshaping the landscape of
decision-making, offering transformative benefits
across various aspects of the financial sector. Al’s
ability to analyze vast datasets, detect patterns, and
predict risks in real time has enhanced credit risk
assessment, fraud detection, and overall decision-
making processes. As emphasized in [1], Al has enabled
financial institutions to assess creditworthiness with
greater accuracy by leveraging machine learning models
that consider a wider range of variables, ultimately
reducing default rates and enhancing loan performance.
Similarly, [11] highlights AI’s pivotal role in fraud
detection, where predictive models identify suspicious
transactions and proactively mitigate risks. These
advancements significantly improve operational
efficiency and minimize financial losses, making Al
indispensable in today’s financial ecosystems.
Moreover, Al’s predictive capabilities extend beyond
immediate risk management, fostering long-term
strategic planning and business continuity. The
importance of Al-driven scenario analysis and stress
testing in preparing for potential disruptions, such as
economic downturns and geopolitical instability was
underscored in [3]. By simulating various risk scenarios,
financial institutions can develop robust contingency
plans, thereby ensuring resilience against unforeseen
events. This proactive approach, supported by predictive
analytics, allows institutions to anticipate market shifts
and adjust their strategies accordingly, safeguarding
their assets and maintaining operational stability. Al’s
impact on financial decision-making is not limited to
risk mitigation but also includes optimizing resource
allocation and enhancing overall efficiency. According
to [8], predictive analytics enable financial institutions

to allocate resources strategically, directing capital
toward high-impact projects with the greatest risk-
adjusted returns. This data-driven approach not only
improves profitability but also enhances customer
satisfaction by delivering more tailored financial
products and services. As highlighted by [10], AI’s role
in supply chain risk management within the IT industry
mirrors its potential in finance, where predictive models
streamline operations and reduce costs. Despite these
significant advancements, challenges persist in
implementing Al systems and integrating them into
traditional financial structures. One of the primary
concerns is the transparency and interpretability of the
Al models. Financial institutions must ensure that their
predictive analytics systems are explainable and
compliant with regulatory standards. This requires
ongoing investments in Al capabilities and collaboration
with regulatory bodies to develop frameworks that
balance innovation with accountability. Furthermore, as
pointed out by [13], the dynamic nature of financial
markets necessitates adaptable Al models capable of
responding to new data and emerging risks in real time.
Another challenge lies in the ethical and governance
aspects of Al deployment. Financial institutions must
address issues related to data privacy, bias, and fairness
in Al-driven decision-making. Establishing ethical
guidelines and governance structures will be crucial in
building trust and ensuring that Al technologies are used
responsibly. Additionally, workforce training and
upskilling will play a vital role in bridging the gap
between traditional financial expertise and Al-driven
analytics. Financial professionals must develop a deep
understanding of Al tools and their implications for
decision-making to foster a collaborative environment

where human judgment complements machine
intelligence.
3.2. Comparative Analysis: Quantitative vs.

Qualitative Insights
3.1.1 Quantitative Findings: Al’s Impact on Risk
Assessment Accuracy

e  Addy et al.: Al models reduce loan default rates
by 23% compared to traditional credit assessment
methods [1].

e Olagoke: Al-enhanced predictive analytics
improve market risk assessment accuracy by 31% [7].

e  Chowdhury et al.: Machine learning models
demonstrate a 40% improvement in investment strategy
optimization [6].

3.2.2 Qualitative Findings: Challenges and Ethical
Considerations

e Kalogiannidis et al.: Ethical concerns arise from
algorithmic bias in credit scoring models, potentially
leading to discriminatory lending practices [3].
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e Khalil: Al-driven fraud detection systems
improve security but face data privacy compliance
challenges [11].

e Verma: Al enhances supply chain risk
mitigation but requires human oversight to validate
predictive insights [8].

3.3. Case Studies and Real-World Applications
3.3.1. AI-Driven Credit Risk Management: A Case Study
of European Banks

Kalogiannidis et al. examined the application of Al-
powered credit risk assessment in Greek financial
institutions, demonstrating a 15% reduction in loan
defaults through predictive modeling [3]. However,
challenges in bias mitigation and regulatory compliance
hinder full adoption.

3.3.2. Fraud Detection and Cybersecurity: Al in Digital
Banking

Khalil presented a case study on Al-driven fraud
detection in African digital banks, highlighting a 70%
reduction in fraudulent transactions due to real-time
anomaly detection [11].

3.3.3. Al in Market Risk Forecasting: Investment
Strategies in Emerging Markets

Chowdhury et al. analyzed AI’s role in emerging
markets, finding that Al-powered models improve
investment return predictions by 30% but face
challenges in accounting for geopolitical risks [6].

In short, Al-powered predictive analytics hold
immense potential to revolutionize financial risk
management and decision-making, driving safer,
smarter, and more efficient financial operations.
However, realizing this potential requires addressing
implementation challenges, fostering transparency, and
ensuring ethical Al usage. As financial institutions
continue to invest in Al capabilities, they must adopt a
holistic approach that integrates technology with human
expertise, ultimately shaping a more resilient and
innovative financial ecosystem. The future of finance
will depend on the successful collaboration between Al
systems and human decision-makers, creating a synergy
that unlocks new opportunities and enhances financial
stability.

4. Discussion

The financial sector is experiencing a transformative
shift fueled by the integration of artificial intelligence in
predictive analytics and risk management, reshaping
decision-making, enhancing risk mitigation, and
creating new opportunities. Al’s capacity to analyze
massive datasets and uncover hidden patterns has
revolutionized risk prediction, enabling financial
institutions to anticipate and address potential threats

proactively [1, 7]. Through advanced algorithms, Al
enhances credit scoring accuracy, detects fraudulent
activities, and predicts market fluctuations, allowing
banks to implement preventive measures and reduce
default rates by identifying high-risk clients early [1].
Real-time data analysis, as emphasized by [5], further
empowers smarter decision-making, offering insights
beyond traditional models by detecting anomalies and
forecasting emerging risks. This proactive approach to
risk management is critical for minimizing financial
losses and maintaining stability. According to [2], Al-
driven predictive analytics enable organizations to
detect risks early and develop contingency plans, thus
ensuring business continuity and bolstering security
measures. Al’s real-time monitoring capabilities
enhance risk assessments during project execution,
reducing cost overruns and fostering more informed
decisions [3, 11]. The scope of Al applications extends
beyond banking to encompass sectors such as supply
chain management and cybersecurity. Al optimizes
supply chains by predicting disruptions and enhancing
operational efficiency [8]. In cybersecurity, predictive
analytics allow financial institutions to anticipate and
prevent cyber threats, safeguarding data and
infrastructure  [11].  Similarly, AI’s predictive
capabilities in IT and project management streamline
decision-making and enhance risk management
processes [9,10]. The versatility of Al in addressing
challenges across various financial ecosystems
highlights its transformative potential. As Al continues
to evolve, financial institutions must adopt strategies
that prioritize Al investments, data governance,
workforce training, and collaborative innovation to
maximize its benefits. Despite its advantages, Al
adoption presents challenges, including data biases,
technological barriers, regulatory concerns, and the risk
of overreliance on automated systems. Addressing these
challenges requires a balanced approach that combines
human expertise with Al-driven insights [4]. Future
research should focus on developing ethical
frameworks, enhancing regulatory compliance, creating
hybrid decision-making models, and examining Al’s
impact on emerging markets with limited data
infrastructure [6]. Ultimately, Al-driven predictive
analytics hold immense potential to revolutionize
financial risk management, enabling institutions to
transition from reactive to proactive strategies,
improving financial stability, fostering resilience, and
enhancing stakeholder trust. Al-driven predictive
analytics have revolutionized financial risk
management, marking a paradigm shift from reactive
strategies to proactive decision-making that enhances
accuracy, efficiency, and resilience in a volatile financial
landscape. The ability of Al to process vast, complex
datasets and uncover nuanced patterns allows financial
institutions to predict risks with unparalleled precision,
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making risk mitigation more dynamic and effective
compared to traditional models [5]. This transformative
capability empowers organizations to not only forecast
potential threats but also devise preemptive measures,
fostering greater financial stability and enhancing
stakeholder trust. AI’s integration into financial
decision-making has enabled institutions to address
diverse risks, ranging from credit defaults and fraud
detection to market volatility and cybersecurity threats.
The application of Al in real-time risk assessment equips
firms with the agility to respond to emerging risks
swiftly, safeguarding assets and ensuring business
continuity. Moreover, Al’s capacity for anomaly
detection and predictive insights offers significant
competitive advantages by identifying opportunities for
strategic growth and innovation [1, 11]. However, the
successful deployment of Al in financial risk
management requires a multifaceted approach.
Financial institutions must prioritize investments in Al
infrastructure and tools that support predictive analytics
capabilities to ensure they remain competitive in an
increasingly Al-driven industry [5]. Robust data
governance frameworks are essential to uphold data
quality, security, and ethical Al usage, addressing
concerns around data privacy and algorithmic biases [8].
Equally important is the development of a skilled
workforce capable of leveraging Al technologies for
informed decision-making and risk assessment. Training
programs and professional development initiatives
should focus on building competencies in Al and data
analytics to enhance the analytical capabilities of
financial professionals [8]. Collaborative innovation is
also critical, as partnerships with Al developers, tech
firms, and academic institutions can drive technological
advancements and foster a culture of continuous
learning and adaptation. Despite its immense potential,
the adoption of Al in financial risk management is not
without challenges. Issues such as data bias, regulatory
compliance, and the risk of overreliance on automated
systems necessitate a balanced approach that combines
human expertise with Al-driven insights. Addressing
these challenges requires financial institutions to
implement hybrid decision-making models that leverage
the strengths of both human judgment and Al analytics.
In addition, regulatory bodies must develop frameworks
that support ethical Al deployment while ensuring
financial stability and consumer protection. Future
research should explore the development of ethical Al
models, the impact of Al on emerging markets with
limited data infrastructure, and the role of Al in fostering
inclusive financial services [6]. Ultimately, Al-driven
predictive analytics hold the potential to redefine
financial risk management, offering a strategic pathway
to resilience, innovation, and sustained growth in an era
of digital transformation. Financial institutions that
embrace Al technologies and cultivate a forward-

thinking approach will be well-positioned to navigate
the complexities of modern finance, ensuring long-term
success and stability in an evolving global economy.

5. Implications of the Study

The implications of Al-driven predictive analytics in
financial risk management are profound, extending
across multiple stakeholders, including financial
institutions, regulators, investors, and society. For
financial institutions, the adoption of Al-enhanced risk
management strategies offers significant benefits,
including the ability to anticipate and mitigate risks with
greater precision, ultimately reducing financial losses
and improving operational efficiency [7]. These
improvements translate into enhanced customer
satisfaction, as clients experience fewer disruptions and
more reliable services. The ability to detect fraud,
manage credit risks, and monitor market volatility
proactively positions institutions to maintain financial
stability and foster trust among stakeholders. From a
regulatory standpoint, the integration of Al in financial
risk management introduces new challenges and
responsibilities. Regulators must develop
comprehensive frameworks to address ethical concerns,
data privacy, and algorithmic biases while ensuring
compliance with existing laws [1]. The dynamic nature
of Al technologies demands adaptive regulatory
measures that balance innovation with risk mitigation,
fostering a stable yet progressive financial ecosystem.
For investors, Al-driven predictive analytics offer a
more reliable foundation for decision-making by
providing accurate risk assessments and insights into
market trends [3]. This enhanced predictive capability
fosters confidence in financial markets, encouraging
investment and promoting economic growth. Investors
benefit from improved portfolio management strategies
and more informed financial planning, thereby reducing
exposure to unexpected market fluctuations. On a
broader scale, the societal implications of Al-driven
financial risk management are equally significant. By
enhancing the resilience of financial institutions and
markets, Al contributes to overall economic stability,
which in turn supports social welfare and development
[13]. The ripple effect of financial stability extends to
job creation, economic inclusivity, and poverty
reduction, fostering a more equitable and sustainable
economy. Additionally, the democratization of financial
services through Al technologies can bridge gaps in
financial access, empowering underserved communities
and promoting financial literacy. However, the
widespread adoption of Al in financial risk management
also raises ethical and social concerns. Issues such as
data privacy, algorithmic transparency, and the potential
for job displacement require careful consideration and
proactive  solutions. Financial institutions and
policymakers must collaborate to establish ethical
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guidelines and ensure that Al technologies are deployed
responsibly, with a focus on fairness and accountability.
Furthermore, the implications for workforce dynamics
necessitate reskilling and upskilling initiatives to equip
employees with the competencies needed to thrive in an
Al-driven financial landscape. Future research should
explore the long-term societal impacts of Al in finance,
including its role in fostering inclusive economic growth
and its potential to reshape financial services delivery
models. By addressing these multifaceted implications,
stakeholders can harness the transformative potential of
Al-driven predictive analytics to build a more resilient,
inclusive, and innovative financial system that benefits
all participants in the global economy.

6. Research Limitations

This review highlights several critical limitations in
the application of Al-driven predictive analytics in
financial risk management, emphasizing the need for
caution and further exploration. One of the primary
challenges is data bias, where Al models depend heavily
on the quality and diversity of the data on which they are
trained. If the data contains biases, these are inevitably
reflected in the AI’s outputs, leading to skewed risk
assessments and potentially discriminatory outcomes
[6]. For instance, datasets that underrepresent certain
demographics or regions can cause Al systems to
inaccurately assess risk, thereby undermining the
fairness and reliability of financial decision-making.
Addressing data bias requires ongoing monitoring, data
curation, and the development of fairness-aware
algorithms to ensure equitable outcomes. Another
significant limitation is the technological disparity,
particularly in resource allocation. Not all financial
institutions, especially smaller or emerging ones,
possess the financial or technical capacity to invest in
and maintain advanced Al technologies [2]. This
disparity can lead to unequal access to Al’s benefits,
widening the gap between large institutions that can
afford cutting-edge solutions and smaller players who
may fall behind in competitiveness. Additionally, the
rapid evolution of Al presents regulatory challenges.
The financial sector operates within stringent regulatory
frameworks designed to ensure stability and protect
stakeholders, yet the pace at which Al technologies
advance often outstrips the ability of regulatory bodies
to adapt. Ensuring compliance and promoting ethical Al
use requires dynamic and forward-looking regulatory
approaches [11]. Policymakers must strike a balance
between fostering innovation and maintaining oversight,
developing adaptive regulations that pace with
technological advancements while safeguarding against
misuse. Another crucial limitation involves human
oversight. While Al offers powerful insights and
efficiencies, overreliance on these systems can erode the
role of human judgment in critical decision-making

processes [4]. Financial decisions often require nuanced
understanding and contextual awareness that Al, despite
its capabilities, cannot fully replicate. Therefore, a
balanced approach that integrates Al insights with
human expertise is essential to prevent blind reliance on
algorithms and ensure holistic decision-making.

7. Future Research

Looking ahead, several future research directions are
essential to address these limitations and maximize Al’s
potential in financial risk management. First, the
development of frameworks for ethical Al use is critical.
Research should explore how to embed ethical
principles within Al systems, focusing on transparency,
accountability, and fairness in their deployment.
Another promising area is the role of Al in regulatory
compliance. Investigating how Al can assist financial
institutions in adhering to complex regulatory
requirements can streamline compliance processes and
enhance regulatory oversight. Additionally, the creation
of hybrid models that combine Al’s analytical power
with human judgment offers a pathway to balanced
decision-making [10]. These models can leverage Al for
data-driven insights while allowing human experts to
contextualize and interpret these findings, ensuring
more robust and well-rounded decisions. Moreover,
there is a pressing need to study the impact of Al-driven
predictive analytics in emerging markets, where data
infrastructure and technological resources may be
limited [6]. Research in this area can provide insights
into how Al can be adapted to diverse financial
ecosystems, fostering inclusivity and reducing global
disparities.

8. Conclusion

While Al-driven predictive analytics present
immense opportunities to revolutionize financial risk
management by enhancing decision-making and
resilience, addressing its limitations is crucial for
sustainable implementation. Continued innovation,
ethical vigilance, and regulatory alignment will be key
in unlocking AI’s full potential, ensuring that its
transformative benefits are equitably distributed across
the financial sector.

Declarations
Author Contributions

The author confirms the sole responsibility for
the conception of the study, presented results and
manuscript preparation.
Data Availability Statement

Data sharing is not applicable: No new data were
created or analyzed in this study. Data sharing is not
applicable to this article.

Page | 42



Journal of Hunan University (Natural Sciences)

Vol. 52 No. 5, May 2025

Funding
Not applicable.

Institutional Review Board Statement
Not applicable.

Conflicts of Interest

The author declares that there are no conflicts of
interest regarding the publication of this manuscript. In
addition, ethical issues, including plagiarism, informed
consent, misconduct, data fabrication and falsification,
double publication and submission, and redundancies
have been completely observed by the author.

References

[1] ADDY WA, UGOCHUKWU CE, OYEWOLE AT,
OFODILE OC, ADEOYE OB, & OKOYE CC. Predictive
analytics in credit risk management for banks: A
comprehensive review. GSC Advanced Research and
Reviews, 2024, 18(2), 434-449,
http://doi.org/10.30574/gscarr.2024.18.2.0077

[2] ADENIRAN IA, EFUNNIYI CP, OSUNDARE OS, &
ABHULIMEN AO. Enhancing security and risk management
with predictive analytics: A proactive approach. International
Journal of Management & Entrepreneurship Research, 2024,
6(8): 32-40. https://doi.org/10.56781/ijsret.2024.4.1.0021

[3] KALOGIANNIDIS S, KALFAS D, PAPAEVANGELOU
0O, GIANNARAKIS, G, & CHATZITHEODORIDIS F. The
Role of Artificial Intelligence Technology in Predictive Risk
Assessment for Business Continuity: A Case Study of Greece.
Risks, 2024, 12(2): 19. https://doi.org/10.3390/risks12020019
[4] QUDUS A. Risk Intelligence: Al-Enhanced Predictive
Analytics for Financial Institutions and Their Decision-
Making Processes. Easy Chair Preprint, 2024, 14666.
https://easychair.org/publications/preprint/nGCd/open

[5] CHAUDHARI AV. Reimagining Finance with Artificial
Intelligence: Smart Technologies Reshaping the Digital
Economy. ESP Journal of Engineering & Technology
Advancements, 2025, 5Q2): 47-61.
http://doi.org/10.56472/25832646/JETA-V512P107

[6] [CHOWDHURY RH, MASUM AA, FARAZI MZR, &
JAHAN I. The impact of predictive analytics on financial risk
management in businesses. World Journal of Advanced
Research and Reviews, 2024, 23(03), 1378-1386.
https://doi.org/10.30574/wjarr.2024.23.3.2807

[7] OLAGOKE, MF. The Role of Predictive Analytics in
Enhancing  Financial = Decision-Making and  Risk
Management. Journal of Financial Risk Management, 2025,
14(1), 47-65. https://doi.org/10.4236/frm.2025.141004

[8] VERMA P. Al-Driven Predictive Analytics for Supply
Chain Risk Management. MZ Journal of Artificial
Intelligence, 2024, 1(2): 1-12.
https://mzresearch.com/index.php/MZJAl/article/view/277
[9] ODEJIDE OA, & EDUNJOBI TE. AI in project
management: exploring theoretical models for decision-
making and risk management. Engineering Science &
Technology Journal, 2024, 5(3), 1072-1085.
https://doi.org/10.51594/estj.v5i3.959

[10] NZEAKO G, AKINSANYA MO, POPOOLA OA,
CHUKWURAH EG, & OKEKE CD. The role of AI-Driven

predictive analytics in optimizing IT industry supply chains.
International Journal of Management & Entrepreneurship
Research, 2024, 6(5), 1489-1497.
https://doi.org/10.51594/ijmer.v6i5.1096

[11] ALGHEETANY N, OTHMAN AAE, & ALAMOUDY
FO. Artificial Intelligence Towards Enhancing the Risk
Management Practices During the Design Process. /OP
Conference Series: Earth and Environmental Science, 2024,
1396(1): 012036. 10P Publishing.
https://doi.org/10.1088/1755-1315/1396/1/012036

[12] KHALIL M. Predictive Analytics for Cybersecurity: Al
in Risk Mitigation. MZ Journal of Artificial Intelligence,
2024, 1(2), 1-8.
https://mzresearch.com/index.php/MZJAl/article/view/189
[13] VALLI LN. Predictive Analytics Applications for Risk
Mitigation across Industries; A review. BULLET: Jurnal
Multidisiplin Ilmu, 2024, 3(4), 542-553.
https://www.journal.mediapublikasi.id/index.php/bullet/articl
e/view/4499

SE:

[1] ADDY WA. UGOCHUKWU CE. OYEWOLE AT.
OFODILE OC. ADEOYE OB 1 OKOYE CC. Fiili4#7
AT E RS AR 554818 GSC =t
5 W W, 2024, 18Q2) , 434-449 .
http://doi.org/10.30574/gscarr.2024.18.2.0077

[2] ADENIRAN IA. EFUNNIYI CP. OSUNDARE OS Al
ABHULIMEN AO. FIJ H ¥ 43 #7 3 528 22 4= e A0 X
. —MESHPTTE. BRERSENT RS, 2024,
6(8): 32-40. https://doi.org/10.56781/ijsret.2024.4.1.0021
[3] KALOGIANNIDIS S . KALFAS D .
PAPAEVANGELOU O . GIANNARAKIS G Al
CHATZITHEODORIDIS F. A T % GEH AT MV 55 7 4L 14 71
AR A AR DA IS . XY , 2024,
12(2): 19, https://doi.org/10.3390/risks12020019

[4] QUDUS A. A% BE: THI A SR L4 e H e S FE
N LERE BT 4T 22 SR TEI A, 2024, 14666,
https://easychair.org/publications/preprint/nGCd/open

[5] CHAUDHARI AV.H AN LR e E B &R BAEHARE
I FLTF. ESP TREGH AR IRE, 2025, 5(2): 47-
61, http://doi.org/10.56472/25832646/JETA-V512P107

[6] [CHOWDHURY RH. MASUM AA. FARAZIMZR Al
JAHAN L 50053 B 0f A b 0 55 IR 8 BRI 5o o tHE 5 v
2Bt 75 PF e 4% &, 2024, 23(03), 1378-1386
https://doi.org/10.30574/wjarr.2024.23.3.2807

[7] OLAGOKE, MF. Tl 43 7 7 33 5 W4 25 ke 5 R RS 57 B
HRER . (SRS E) , 2025, 14(1), 47-
65, https://doi.org/10.4236/jfrm.2025.141004

[8] VERMA P. AT REIX A )£k 7 XU 5 3 Tt 4347
Mz AN T & f 4 &, 2024, 1) : 1-12 .
https://mzresearch.com/index.php/MZJAl/article/view/277
[9] ODEJIDE OA 1 EDUNJOBI TE. 5 H & i ) A T8

AE: WRRFMNEEHOBBEA, (TER%E5H
A& E ) o, 2024 , 53) , 1072-1085 .

https://doi.org/10.51594/estj.v513.959
[10] NZEAKO G. AKINSANYA MO. POPOOLA OA.

Page | 43


http://doi.org/10.30574/gscarr.2024.18.2.0077
https://doi.org/10.56781/ijsret.2024.4.1.0021
https://doi.org/10.3390/risks12020019
https://easychair.org/publications/preprint/nGCd/open
http://doi.org/10.56472/25832646/JETA-V5I2P107
https://doi.org/10.30574/wjarr.2024.23.3.2807
https://doi.org/10.4236/jfrm.2025.141004
https://mzresearch.com/index.php/MZJAI/article/view/277
https://doi.org/10.51594/estj.v5i3.959
https://doi.org/10.51594/ijmer.v6i5.1096
https://mzresearch.com/index.php/MZJAI/article/view/189
https://www.journal.mediapublikasi.id/index.php/bullet/article/view/4499
https://www.journal.mediapublikasi.id/index.php/bullet/article/view/4499

Journal of Hunan University (Natural Sciences)

Vol. 52 No. 5, May 2025

CHUKWURAH EG 1 OKEKE CD. A T. % fi& 3R %h 1 7
SIMTENAL IT A7 e . (EBRE B SN
WE o7 4 & ) . 2024, 6(5) , 1489-1497 .
https://doi.org/10.51594/ijmer.v6i5.1096

[11] ALGHEETANY N. OTHMAN AAE il ALAMOUDY
FO. A T2 REAE BT IS A2 3 o XURe 5 B S Bk . (TOP
LW AR HERSGIREIRIE) . 2024, 1396(1): 012036,
IoP R https://doi.org/10.1088/1755-
1315/1396/1/012036

[12] KHALIL M. PZ&2 2Tl o ar: N T8 ee e A 22
fEr N . MZ NTERRE, 2024, 1(2), 1-8.
https://mzresearch.com/index.php/MZJAl/article/view/189
[13] VALLI LN. #5473 Mk XURS: 22 i 7l 23 B B2 F 558 .
BULLET: Z“#FRE#H 1], 2024, 3(4), 542-553.
https://www.journal.mediapublikasi.id/index.php/bullet/articl
e/view/4499

Word count (excluding references): 12,803 words.

Peer-review record:
o  Fast-track status: Not fast-tracked
o  First-round reviews received: 3 reports
e Revision cycles completed: 3 rounds
o Final version submitted: May 21, 2025

Disclaimer/Publisher’s Note:

The views, opinions and data expressed in this article are
solely those of the authors and do not necessarily reflect
those of the Journal of Hunan University (Natural
Sciences) or its editors. The journal and its editorial staff
accept no responsibility for any injury to persons or
damage to property resulting from the ideas, methods,
instructions or products discussed herein.

Page | 44





