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Abstract—The digital revolution that has occurred fast in the
financial sector, especially the banking sector has broadened the
cybersecurity threat significantly. Since financial institutions
are becoming increasingly dependent on digital technologies,
online banking, APIs, cloud services, and fintech solutions, these
institutions become more vulnerable to cyber threats, such as
data breaches, ransomware, identity theft, and fraud. This
article gives a detailed overview of cybersecurity background,
threat detection systems, and risk evaluation strategies specific
to the financial services. It identifies customer, transaction
systems, digital identities, and interbank networks as major
digital assets at risk. The focus is made on the traditional and
Al-based intrusion detection systems such as the supervised,
unsupervised, and hybrid learning models to identify threats
effectively. In addition, the paper examines how Zero Trust
Architecture and third-party governance can be implemented to
enhance the resilience of an organization. The paper establishes
gaps in the prevailing standards of cloud security, legal
responsibility as well as proactive measures to counter, through
a systematic literature review. It emphasizes the need to
embrace dynamic cybersecurity models and strategic risk
management to guarantee the integrity of data, compliance with
regulations, and confidence in financial systems. This article is
useful to the researchers, policymakers, and practitioners who
aim at protecting financial institutions in a more digitalized
economy.
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I. INTRODUCTION

The development of the Indian banking industry
financially came after the nationalization of 14 great
scheduled banks in July 1969 and 6 in April 1980. The Indian
Bank had a bright and yet changeable future in the 1990s. By
2020 and 2025, the banking sector of India would be the fifth-
largest banking sector and the third largest banking sector in
the world [1]. Indian banks employed technology-based
options in an attempt to enhance revenue production and
customer experience, streamline the cost structure and
organization risk management. Nonetheless, the applicability
and capability of different banking industries in terms of
technology are divergent.

Digital transformation in financial services has
transformed the financial services sector in numerous ways
with the introduction of financial technology in the banking
industry. The current technological developments are used
and applied in the financial industry leading to new, flexible,
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quick, and effective ways of offering financial services [2][3].
The digital revolution has also led to the development of
FinTech companies which provide customer-focused and
technology-enhanced financial services that are transforming
the competitive environment of the financial ecosystem.

The more financial institutions start using digital
technologies to optimize their work and improve customer
experience, the more vulnerable they are to cyber threats. The
financial sector is an ideal target of cybercriminals due to this
increasing reliance on digital infrastructure. Finance has
become a top priority on cybersecurity, where cyberattack
may result in huge financial damages, reputation, and loss of
customer confidence [4][5]. The complexity and the
prevalence of cyberattacks have increased dramatically over
the last several years and require a thorough grasp of the
existing threat environment.

Nowadays, in the digital era, cybersecurity has become a
structural pillar in protecting the integrity, confidentiality, and
availability of financial information in the financial industry
across the world [6]. The need to have strong cybersecurity is
immeasurable, and it is critical to defend against the numerous
cybersecurity threats that financial institutions are vulnerable
to, such as data breach and financial fraud, ransomware
attacks, and others. Besides the cybersecurity, the effective
risk evaluation and prevention schemes are core to the stability
of the financial industry [7]. Risk is an element of uncertainty
and is basically the probability of financial loss by making
financial decisions. Hence, risk management and evaluation
has never been more imperative than before. Strategic risks
management plays a critical role in ensuring the well-being of
a financial institution [8]. Not only does it assist in forecasting
and preventing the occurrence of possible threats but also
assist in making informed decisions in correspondence with
the risk appetite and strategic goals of the institution [9]. Risk
management can ensure the sustainability of institutions
through proactive management of risks, increase their
operational resilience, and foster confidence among
stakeholders.

The traditional rule-based systems can no longer be
considered effective in the detection of threats in financial
institutions. Artificial intelligence (AI) could be used to
analyze the data and detect anomalies in real-time so that the
systems could detect and respond to the threats beforehand.
This study focuses on how Al can be used to improve the
quality and speed of detecting threats in financial networks
[10]. The concept of Artificial Intelligence (AI) has become
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one of the disruptive elements in the financial services sector
that has transformed old-fashioned approaches and promoted
innovation in different fields. Al is a collection of
technologies and methods that allow machines to be
intelligent like humans, such as machine learning, natural
language processing, and robots to have automated processes
[11]. Financially, Al can be used to automate processes,
process big data, and extract insights that can be used to
optimise decision-making processes in numerous different
functions: trading, risk management, customer services, and
compliance.

A. Structure of the Paper

This paper is structured as follows: Section I introduces
the cybersecurity landscape in financial services. Section II
covers foundational concepts and key assets at risk. Section
IIT discusses threat detection strategies. Section IV focuses on
integrated risk assessment and prevention. Section V presents
a literature review, and Section VI concludes the paper.

II. CYBERSECURITY IN FINANCIAL SERVICES

Cybersecurity is necessary in financial services to
safeguard systems, networks, and technology against illegal
access. In today’s technologically advanced world, a company
must have a dedicated cybersecurity team to monitor potential
cyber threats and devise strategies for countering them
[12]. Figure 1 depicts the essential elements of cybersecurity
in financial management. Cybersecurity mainly includes
secure payment, the online privacy of the user, an antivirus
firewall, mobile security, a security padlock, data protection
[13], computer protection, and a specific global shield [14].
For any company that processes electronic payments or
transactions, payment security is critical to information
security, keeping abreast of the most recent developments in
e-commerce and secure transaction methods, and seeking
guidance on implementing them in their business.
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Fig. 1. Essential Elements of Cybersecurity in Financial Management

A. Importance of Cybersecurity in Financial Services

Cybersecurity is vital in financial services due to the
increasing digitalization of banking operations and the
growing sophistication of cyber threats. Attacks on financial
institutions like data breaches, phishing, and ransomware are
common and may result in a significant loss of money,
damage to reputation, and legal fines [15]. Due to the growth
of online banking, fintech, and cloud-based providers, the
attacker card is broadening, and more sophisticated security
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measures such as Al-based threat detection, encryption, and
multi-factor authentication are required.

e Financial Sector Experiences the greatest number of
attacks. Cyberattack on the banking industry is 300
times higher than that of other industries, and
therefore, the industry is highly targeted around the
globe.

e Huge Financial and Reputational Damage. Financial
cyber incidents lead to losses in the millions of dollars,
mistrust of customers, and long-term negative changes
in the brand, in particular, following data breaches or
fraud.

e Regulatory Compliance is of the Essence. It is
necessary to comply with such frameworks as GDPR,
PCI-DSS, and CMMC to prevent fines and operate
safely.

e Digital Transformation Increases Attack Surface. The
use of APIs, clouds, and fintech applications has
enhanced vulnerability to cyber risks, including the
aspect of the third-party.

e Proactive Cybersecurity Is a Stabilizing and Trusting
factor. The combination of Al, machine learning, and
zero-trust architecture support real-time detection of
threats, which make financial ecosystems resilient and
secure.

B. Key Assets at Risk in Financial Institutions

Financial institutions manage several critical digital assets
that are increasingly vulnerable to cyber threats amid rapid
digital transformation. Customer data, including personal and
financial information, is among the most frequently targeted,
as cybercriminals exploit it for identity theft, fraud, and
unauthorized transactions [16]. Transaction systems such as
mobile banking apps, online platforms, and payment gateways
face persistent risks from malware, phishing, and denial-of-
service (DoS) attacks, potentially resulting in significant
financial disruption or theft.

Interbank networks, payment gateways, and cloud
infrastructure are core components of modern financial
ecosystems that face significant cybersecurity risks. Interbank
networks, which facilitate fund transfers and settlements
between financial institutions (e.g., SWIFT), are critical to
systemic financial stability and are attractive targets for
attackers aiming to cause large-scale disruption [17]. Payment
gateways serve as intermediaries for processing online
transactions between customers and banks, making them
vulnerable to API exploitation, data interception, and
transaction manipulation.

III. THREAT DETECTION STRATEGIES IN FINANCIAL
INSTITUTIONS

Financial institution threat detection strategies refer to
proactive measures that are set up to detect and contain cyber
threats to critical systems and customer information. These
methods apply layered methods which include signature-
based monitoring, anomaly detection, behavioural analytics
and threat intelligence which is driven by Al in order to
identify suspicious activities [18]. They assist in reducing the
impact of breaches and enhancing the overall security posture
of the banks and financial services because they facilitate real-
time detection and automated response.
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A. Traditional Intrusion Detection and Prevention Systems
(IDS/IPS)

Conventional IDS/IPS systems have been grounded in the
network security and, they mostly make use of two-detection
techniques, Signature-based Detection and Anomaly-based
Detection. The two approaches are important in the detection
and mitigation of security threats. Figure 2 shows a network
architecture that represents a standard implementation of IDS
in an enterprise environment. Switches in desktop computers,
laptops, and mobile phones are linked to an IDS system that
then tracks the traffic and as such the traffic is then sent
through a firewall and router to go to the Internet [19]. This
structure shows the strategic position of the IDS to monitor
internal traffic flow and identify a suspicious activity prior to
exiting or entering the network through data.
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Fig. 2. Traditional Intrusion Detection System

1) Signature-based detection

A signature-based approach involves the detection of
attacks by utilizing patterns and signatures of familiar
malicious code. It identifies these attacks using the prior
knowledge. Therefore, pattern and signature databases should
be updated. This is because writing signatures involves skills
because there are new forms of attacks constantly being
evolved [20]. To this end, it must possess sufficient data on
which to conduct the analysis process and familiar with the
behaviour of signatures [21]. False alarms are reduced through
signature-based technique, which is accurate. Therefore,
signature-based detection is installed in many commercial
systems because less number of false alarms is produced.
Figure 3 is the explanation of Signature-based IDS.
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Fig. 3. Concept of Signature-Based IDS

2) Anomaly-Based Detection

Anomaly-based detection identifies cyber threats by
flagging deviations from a learned baseline of normal network
or system behaviour. It operates by first establishing this
baseline through data collected from traffic, logs, or user
activity, and then continuously monitoring for anomalies
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using statistical models, rule-based systems, or machine
learning algorithms. Its key strength lies in its ability to detect
unknown or zero-day attacks, making it adaptable and
effective in dynamic environments [22]. However, it often
suffers from high false positives, especially during the initial
learning phase and can be computationally intensive. Defining
an accurate baseline is also challenging in complex systems,
which can affect detection reliability.

B. AI-Driven Detection System

Attacks such as DoS and spoofing are changing some
properties of message ID sequences. These attacks can be
launched by inserting or deleting frames that change the frame
frequency compared to normal situations. Even if the attack
(masquerade attack) does not change the frequency of IDs, the
context of the IDs might be changed due to the time
synchronization mismatch with a legitimate ECU. These
properties can be utilized to detect attacks on the CAN bus. In
reviewed literature, the authors used IDs as a feature of Al-
based algorithms to develop IDSs. Timestamps or time
differences between consecutive IDs were used to calculate
feature values related to IDs. This section discusses such IDSs.
There are following Al techniques used for Anomaly
detection:

1) Supervised Learning

Supervised machine learning models are widely used for
Supervised machine learning models are also popular in
anomaly detection because they can be trained on labelled data
and they are accurate [23][24]. They have been used in fields
such as IoT, cloud systems, autonomous vehicles, and
healthcare. Such advanced methods are hybrid DL models
(e.g., LSTM-CNN-GBM), quantum ML, AutoML, and
explainable Al. These algorithms increase the accuracy of the
detection process, flexibility, and real-time reaction. In spite
of'the limitations such as data imbalance and feature selection,
the supervised models can be used to detect and reduce the
anomalies in different digital environments.

2) Unsupervised Learning

Unsupervised learning models identify data patterns and
anomalies without having to be fed with labelled data. Their
use can be useful in detecting anomalies, analyzing big data,
detecting changes, recommendation systems, dimensionality
reduction, and creating automatic labels, as the inherent
structure of the data allows detecting normal and abnormal
behaviours. Their main advantage is that they can reveal
unknown or hidden patterns, and their ability to improve the
quality and flexibility of anomaly detection in unlabeled or
varied data.

3) Reinforcement Learning

Reinforcement learning (RL) is a type of learning that
allows models to identify abnormalities by interacting with the
environment, even without label data. It gets better with time
as it works with rewards and penalties to enhance decisions on
detection. The use of RL in highly dynamic environments
such as IloT and cyber-physical environments can further
improve the profiling of devices, authentication, and real-time
detection of anomalies with high accuracy and flexibility.

4) Hybrid Learning

Hybrid learning combines multiple ML models to enhance
anomaly detection by leveraging the strengths and minimizing
the weaknesses of individual approaches. This method is
effective in diverse domains such as IoT, vehicular networks,
and smart homes [25]. Various hybrid models use
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combinations like RF with GRU or LSTM, K-means with
SMOTE and GBM, and isolation forest with one-class SVM
to improve detection accuracy, balance data, and reduce false
positives. Deep learning-based hybrids, such as autoencoders
with convolutional layers, further enhance feature extraction
and anomaly recognition. These models demonstrate high
performance in accuracy, recall, and F1-score, proving their
effectiveness in complex and imbalanced environments.

IV. INTEGRATED RISK ASSESSMENT AND PREVENTION
STRATEGIES IN THE FINANCIAL SECTOR

Risk evaluation and prevention strategies are integrated in
the financial sector to detect, analyze, and reduce
cybersecurity threats to maintain a stable operation. Such
strategies integrate real time threat intelligence, vulnerability
testing along with risk scoring to rank the response. Resilience
is increased by proactive models like Zero Trust Architecture
[26]. Good risk governance also encompasses controlling
third party risks and compliance in digital infrastructures [27].
Collectively, these practices assist financial institutions to
remain safe, legal, and robust within a changing environment
of threats.

A. Risk Identification, Assessment, and Mitigation

Risk identification, assessment, and mitigation is a well-
organized procedure in which any financial organization
initially identifies the potential threats (identification),
determines their probability to occur and the impact
(assessment) after which it implements measures or controls
to minimize, transfer, or remove the risks (mitigation) to cause
the least effect to its operations.

e Risk identification This process is used to identify the
potential threats and opportunities based on the
stakeholders, lifecycle stages and the areas of impact.
It cuts across various organizational levels: technical,
project, portfolio, and enterprise, and has inter-related
risks. These include stakeholder-driven approaches,
risk breakdown structure and historical analysis. There
are risks that are based on different uncertainties which
are technical, market or managerial and which are
categorized as internal or external.

e Risk assessment is a way of ranking and addressing a
big portion of the potential risks, through assessing
their probability and impact. Different approaches are
taken, such as expert intuition, scoring mechanisms,
and probabilistic analysis, and decision-making
structures, such as the Analytic Hierarchy Process
[28]. The methods of risk breakdown structures,
critical path charts, and design structure matrices help
in measuring the effects and handling the uncertainties.

e Risk mitigation is the process of allocating the right
action aimed at minimizing or controlling severe risks
following evaluation. Although the conventional
classes are transfer, reduce and avoid, the
contemporary approaches are far more varied such as
preventive and adaptive methods to modular design

and trial and error learning. Other product
development methods such as spiral or lean
development inherently contribute towards risk
reduction.

e Risk mitigation involves selecting appropriate actions
to reduce or manage critical risks after assessment
[29]. While traditional categories include transfer,
reduce, and avoid, modern strategies are more diverse,
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ranging from preventive and adaptive techniques to
modular design and trial-and-error learning. Various
product development approaches, like spiral or lean
development, inherently support risk reduction.

B. Security Objectives and Protection Goals:

The primary protection goals and security objectives are
confidentiality, integrity and availability. Confidentiality is
aimed at making sure that the information remains not
disclosed to unauthorized individuals by using encryption and
access control systems. Integrity makes sure that the data is
modified in the authorized manner that ensures that the
organization is safeguarded against the attackers who attempt
to alter the information and the data is also safeguarded
against the unintended technical errors. Availability is used to
guarantee information availability to the system or authorized
individuals when they require it. In the critical assets case, the
organization must be protected on all three security objectives,
such as Figure 4.

Confidentially

Critical
data
assets

Fig. 4. Security Objectives and Protection Goals

C. Mitigation Strategies and Defense Frameworks

As cyber threats in the financial sector escalate in
complexity and impact, institutions must adopt strategic,
layered defense mechanisms tailored to evolving attack
vectors. This section

explores the current mitigation strategies deployed across
financial services, evaluating their efficacy, adoption trends,
and limitations [30]. Emphasis is placed on proactive defense
models such as Zero Trust Architecture (ZTA), Al-driven
threat detection, Security Information and Event Management
(SIEM), and regulatory compliance frameworks.

1) Zero Trust Architecture (ZTA): Shifting from Perimeter to
Identity

Moving Beyond Perimeter to Identity. Zero Trust
Architecture (ZTA) has not been long at all before turning into
a working necessity in the financial industry. Instead of using
hardened network perimeter, a strategy that is no longer
relevant in the light of cloud, mobile, and third-party
integrations, ZTA applies identity as a new perimeter
[31][32]. Core tenets include:

a) Continuous Authentication & Authorization

Every wuser, device, and service request whether
originating internally or externally is authenticated using
strong cryptographic methods (e.g., certificate-based, multi-
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factor) and authorized based on dynamic policies (MFA,
device posture, geolocation).

b) Least-Privilege Access

Accessing is only provided on the minimum resources
needed to perform a particular task and is re-referred to or
removed in any way. Role-Based Access Control (RBAC) and
Attribute-Based Access Control (ABAC) are merged to
provide more granular permissions.

¢) Micro-segmentation

Workloads databases, applications, services are logically
segmented into isolated zones. By restricting lateral
movement, an attacker who compromises one micro-segment
cannot automatically pivot to others.

d) Behavioral Analytics & Adaptive Policies

Policy changes are caused by real-time observation of user
and machine activity. Any unusual behavior (e.g. a new device
has been used to log in at an odd time) triggers instant
authentication or session isolation.

2) Strategic Governance Frameworks for Third-Party Risk
Management

The strategic management of third-party risk within
financial institutions is structured into a lifecycle approach to
the management of vendor and service provider risks [33][34].
Some of the important factors are risk tiering, due diligence,
contractual protection, performance oversight and exit
strategies. Models such as NIST, ISO/IEC 27036, and COSO
ERM offer a complete set of guidelines, whereas regional
laws, including FFIEC, MAS, and CBN, impose extensive
supervision of vendors [35]. The usual ones are SLAs, audits,
and adaptive measures. Assess, Monitor, Manage, Respond,
and Refine is the governance cycle that helps to ensure
resilience and regulatory compliance in a complex vendor
ecosystem.
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Fig. 5. Strategic Third-Party Risk Governance Model

The third-party risk governance model depicted in Figure
5 is specific to financial institutions with the focus on the
cyclical lifecycle of Assess, Monitor, Manage, Respond, and
Refine. This model helps to have the proper monitoring of
vendors by facilitating risk-based evaluation, continuous
monitoring of performance, the implementation of controls,
the response to incidents, and the subsequent enhancement of
policies, which are made repeatedly. It guarantees regulatory
adherence, operational fortitude, and the responsiveness to
changing risks in intricate financial ecosystems.
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V. LITERATURE REVIEW

This section reviews recent research on cybersecurity in
financial institutions, emphasizing threat detection, risk
assessment, and prevention strategies. It highlights Al-driven
solutions and regulatory frameworks used to mitigate
evolving cyber risks.

Ghosh (2025) enhanced financial data prediction and
cybersecurity through advanced preprocessing for handling
missing values and data imbalance, and it also normalizes
numerical features and encodes categorical variables.
Enhanced Principal Component Analysis (EPCA) and
Improved Fast Random Opposition-based learning Aphid Ant
Optimization (AAO) are utilized for feature extraction and
desired feature selection. Then, it combines the Ridgelet
Neural Network with Soft Gated Recurrent Unit for accurate
predictions and uses the Improved Homomorphic Encryption
(IHE) process to reinforce data protection during
computations. Comprehensive testing on three data sets
reveals outstanding predictive performance [36].

Tiwari and Pratap, (2025) concentrated on the creation of
a fraud call detection site that can be used to counter such
malicious practices and prevent fraud of finances. The site
detect and automatically block fraud calls in real-time, which
done wusing advanced technologies, including machine
learning and anomaly detection. The project includes
thorough research of the available detection methodology,
installation of user friendly interface to report and track
suspicious activity and incorporation of effective algorithms
to boost detection accuracy. This project help to minimize the
cases of financial fraud, save the potential victims, and create
an improved environment of communication by offering an
effective means of identifying fraudulent calls [37].

Duggal et al. (2024) examined the relationship between
these technologies and the measures implemented to ensure
cybersecurity, pointing out the opportunities and possible
challenges. The exploration shows some profound patterns
and suggests the recommendations of properly using artificial
intelligence and machine learning and following the strict
cybersecurity regulations. This is done by use of a thorough
analysis. The aim of the study is to contribute to the
knowledge about how emerging technologies are changing the
functioning of the financial system and to give strategic advice
on how to go about the challenges that are related to this [38].

Deshpande (2024) presents innovative algorithms and
math models that would better detect threats and vulnerability
assessment in the complex financial services environment.
Empirical evidence of the effectiveness of the proposed
framework is seen in its implementation outcomes, which
indicates that the suggested framework has been effective at
detecting and preventing Al-related cybersecurity threats, and
thus has greatly improved the security posture of financial
institutions. Not only does this research add to the scholarly
discussion of the topic of financial cybersecurity but it also
provides the industry practitioners with viable solutions to the
problems posed by the Al-related threats [39].

Bajracharya, Harvey and Rawat, (2023) discussed
emerging issues in efficient cybersecurity practices and
financial fraud detection. Lastly, there are some core possible
directions that are suggested in order to stimulate intelligent
responses to fend off and mitigate cyberattacks. The problem
of cybersecurity has been actively discussed by financial
institutions and regulatory authorities, and cyberattacks are
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gaining momentum since the pandemic. The rivals are usually
set out on a mission of taking advantage of new weaknesses,
and the financial service sector is incurring enormous losses
despite robust layered defences [40].

M and S (2023) the current state of affairs suggests that all
cultures are in the process of a digital transformation
presently. With the arrival of the Internet came the age of
sophistication in most aspects. This has been a change in
attitude towards the digital and networked computers in the
business world that has been slow but steady in the last few
years. The ease of use and positive effects in the financial
organizations make them more susceptible to external
cyberattacks. They also can be attacked by the internal
members of the organisation [41].

Hossain et al. (2022) provided a comprehensive
framework, FinSec, which refers to the Financial Security
Framework, to protect from cyber-attacks targeting any
financial organization. It covers recommendations for regular
end-users and anybody working in the financial sector. It also

provides an architecture based on Consortium Blockchain,
Hyperledger, in a hybrid cloud to ensure a high level of
security at the application level. Additionally, the framework
proposes newer Three-Way Authentication (3WA) and
Gamification to protect end-users [42].

Sergeevich et al. (2022) purpose of this work was to
develop the concept of a knowledge base in the field of
security of cyber-physical systems based on an ontological
approach. To create the concept of a knowledge base, it was
necessary to consider the system of a cyber-physical system
and highlight its structural parts. As a result, the main concepts
of the security of a cyber-physical system were identified, and
the concept of a knowledge base was drawn up, which in the
future help to analyze potential threats to cyber-physical
systems [43].

Table I presents a structured overview of key research on
Cybersecurity in Financial Institutions, highlighting focus
areas, key findings, challenges, and contributions

TABLEL SUMMARY OF LITERATURE REVIEW BASED ON CYBERSECURITY IN FINANCIAL INSTITUTIONS
Reference Focus Area Key Findings Challenges Key Contribution

Ghosh, 2025 Financial  prediction, | Integrates EPCA, AAO, Ridgelet | Handling missing values, data | Robust model for secure,
cybersecurity,  secure | Neural Network with Soft GRU and | imbalance, and ensuring | accurate  financial  data
computation THE for prediction and protection secure processing prediction

Tiwari and | Fraud call detection | Real-time fraud call detection using | Accurate real-time detection | Fraud call detection interface

Pratap, 2025 system anomaly detection and ML and user engagement with advanced analytics

Duggal et al., | Al ML, and | Trends, risks, and policy | Balancing innovation with | Strategic counsel and analysis

2024 cybersecurity in | recommendations for using Al in | cybersecurity compliance on AI-ML integration with
financial systems finance cybersecurity

Deshpande, Financial cybersecurity, | An  effective framework  with | Addressing Al-induced | Practical Al-based security

2024 Al threat detection mathematical models threat | vulnerabilities models for financial services

mitigation

Bajracharya, Financial fraud | Reviews new post-pandemic cyber | Rise in cyberattacks despite | Suggests intelligent

Harvey and | detection and | threats in the financial sectors layered defense countermeasures for fraud

Rawat, 2023 cybersecurity detection

M and S, 2023 Digital transformation | Highlights the digital shift and cyber | Both external and insider | Observes global trends in
and  internal/external | vulnerabilities in finance threats with growing | financial digital vulnerability
threats digitization

Hossain et al., | Financial security | FinSec framework using blockchain | Implementing high-security, | Blockchain-based

2022 architecture and 3WA authentication hybrid cloud-based models architecture with gamification

and 3WA
Sergeevich et | Cyber-physical systems | Ontological model for CPS threat | Structuring and modeling | Knowledge base model for
al., 2022 security analysis threats in CPS environments CPS threat management

VI. CONCLUSION AND FUTURE WORK

In the digital financial landscape of today, which is
becoming more and more reliant on technology to deliver
services and manage operations, cybersecurity has already
taken a step up as a stronghold of resilience of organizations.
The application of advanced cybersecurity frameworks, such
as Al-based threat detection systems, into the core operations
and risk management strategies of financial institutions is
highly regarded by this research. The safeguarding of crucial
assets like customer data, digital identities, and payment
systems is not only a matter of financial stability but also a
matter of public trust and regulatory compliance. The
development of technologies goes hand in hand with the
diversification of attack vectors, making it necessary for the
organizations to constantly update their defense mechanisms.
Besides, the increasing dependence on third-party services
and cloud infrastructure demands security to be treated as a
company-wide issue. The study further points out the strategic
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importance of drawing up risk scenarios ahead of time and
taking preventive actions in order to ensure operational
resilience. In the end, overcoming the various difficulties that
the financial sector faces in terms of cybersecurity requires
nothing less than a unified, forward-looking strategy that
would bring technological innovation in line with secure,
transparent, and accountable financial practices.

Future work can focus on developing adaptive Al models
that respond in real-time to evolving cyber threats in financial
systems. Additionally, there is a need to design unified
regulatory frameworks that ensure consistent security and
compliance across global financial institutions.
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