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Abstract - Large Language Models (LLMs) have the
potential to drastically change banking from customer
service and fraud detection to data-driven conclusion
making in the years to come. There are various
applications of LLMs in banking, as the light on in this
study; from enhanced personalized interactions with
customers, real-time detection of fraudulent transactions,
and making strategic decisions that optimize profits. Using
Natural Language Processing (NLP) and LLMs improves
chatbots, virtual assistants, and automated financial
advisory services, resulting in a smooth and smart
customer experience. Additionally, such models improve
fraud detection systems immensely as they can be used to
spot exceptions, lessen risks, and enhance security systems
based on pattern identification and exception detection.
The research emphasizes not only the appreciation of
LLMs in predictive analytics, credit score evaluation, and
regulatory compliance, creating efficiencies in financial
operation. Nevertheless, their enormous potential is not
without challenges, including ethical considerations,
regulatory compliance, data privacy, and resource-
intensive computational requirements. The paper discusses
challenges and opportunities concerning LLMs
deployment in banking, providing insight into research
tracks and industry adoption strategies. The findings add
to the existing innovations in Al-based banking; which
argue for responsible use of Al to provide a secure,
efficient, and user centric financial service.

Keywords: Large Language Models, Al in Banking, Fraud
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I. INTRODUCTION

Banks have historically been innovators and early
adopters of technology to drive efficiency, improve
conversions, and build engagement with customers. In the last
decade, Atrtificial Intelligence (Al) has transformed the way
banking systems operate [1]. Of all the Al-driven innovations,
Large Language Models, or LLMs, have been a disruptive
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force, driving innovation in banking settlements and through
natural language processing (NLP) and machine learning
capabilities. These models (OpenAl’s GPT-4, Google’s
BERT, etc.) allow banks to automate increasingly complex
tasks, improve customer experience, and accelerate real-time
decision-making [2].

The Role of LLMs in Modern Banking

Because the Al finds everything in real time, your
information will have modern version accuracy. Traditional
banking had to rely on manual operations and static rule-based
systems that were ill-suited for dynamic environments like a
banking sector, leading to inefficiencies and soaring
operational costs. Al based solutions brought real time
decision making allowing institutions to be able to optimize
risk management and security framework [3].

Chatbots and virtual assistants: One of the most notable
applications of LLMs in banking. Chatbots powered by Al
have transformed customer service by offering round-the-
clock query resolution, real-time help with transactions, and
tailored financial advice. According to studies, Al chatbots are
capable of carrying out as much as 80% of several repetitive
banking questions [4]. Sentiment analysis algorithms
integrated into LLMs, for instance, assist banks in assessing
customer satisfaction, allowing them to calibrate their services
according to user feedback.

LLMs make essential contributions to fraud detection and
security enhancement far beyond customer interactions. As
electronic transactions increase, so too does the risk of cyber
fraud, identity theft, and money laundering. Common fraud
detection methods built on firm anomaly rules and thresholds
often overlook the intricate details associated with fraudulent
behavior. Fraud detection models powered by Al utilize
LLMs and deep learning techniques to process large-scale
financial data, identify discrepancies, and raise red flags for
possibly fraudulent actions [5]. It greatly minimizes the
chance of tangible losses in currency and enhances the safety
security infrastructure within a bank.
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LLMs and Customer-Centric Banking

The banking sector is highly competitive and customer
experience acts as a major differentiator. As people are
moving more and more towards digital banking, clients expect
immediate assistance, smooth transactions, and hyper-
personalized financial products. LLMs play a crucial role in
meeting these expectations, allowing these Al-powered
financial advisors and virtual assistants to offer tailored
recommendations, loan eligibility evaluations, and investment
advice [6].

For example, the lability of LLMs allows them to process
and analyze customer expenditure behavior and transaction
history data and recommend personalized financial products,
including savings accounts, credit cards, and investment
portfolios. According to research, banks that have adopted
Al-driven personalization strategies have experienced a 35%
increase in customer retention rates. Beyond that, Al-based
credit assessment models can also make use of large-scale
structured and unstructured data to forecast loan repayment
probabilities, reducing the credit approval process and default
risks.

LLM Use Cases in Customer Service & Support

This is the key use cases of LLMs in customer service &
support. As shown in figure 1 it illustrates how LLMs can
enhance customer experience by automating mundane tasks,
offering proactive support, and providing data-driven insights
to enhance quality of service. Moreover, LLMs allow for
agent productivity improvement, provide means for secure
and undetectable interaction, break language barriers, and
automate content preparation for support resources.

[ LM
Tense Use Cases in

Customer
Prometten Service &

Figure 1: LLM Use Cases in Customer service and support
Elevate Customer Experience

Al is changing the way people interact with customers,
providing a level of personalization that seems almost casual.
When used in conjunction with contextual embeddings and
memory mechanisms, these models can remember a user's
past interactions, preferences, and behaviors in a conversation

© 2025 IRJIET All Rights Reserved

= International Research Journal of Innovations in Engineering and Technology (IRJIET)

ISSN (online): 2581-3048
Volume 9, Issue 2, pp 172-180, February-2025
https://doi.org/10.47001/IRJIET/2025.902026

to produce context-aware conversations—similar to how
Netflix recommends content based on your viewing history.

It is enabled by these models allows new product and
service recommendations in real time, based on accumulated
customer data, just like how Amazon recommends products
based on previous views and purchases [7].

Automate Routine Tasks

LLMs can accurately segment and assign customer
inquiries, telling if a request is for billing, technical assistance,
or general information. This feature enables chatbots to either
route inquiries to the correct department or address them
independently when possible. It makes things more efficient in
every aspect from waiting time to total costs.

Additionally, LLMs can address issues in the order they
are most urgent by interpreting the context of requests. They
hold critical issues to be addressed right away.

LLMs can automate tasks like keeping records and
getting tickets in and out of queues through seamless
integration with CRM systems. For instance, HubSpot uses Al
for ticket management, automatic detection of any changes in
customer profile, etc.

Another is automating case documentation. Once the
user resolves the problem, LLMs create a short summary of
the conversation, helping record every interaction accurately,
and further assisting in the next customer interaction.

Proactive Customer Support

Predictive analytics redefines how companies provide
customer support by enabling them to better nurture customers
and predict problems before they arise. Machine learning
models detect new trends and potential issues by studying
historical data and allow companies to take proactive
measures to solve them.

It involves analyzing patterns in support interactions to
help identify common issues and improve service strategies.
Natural language processing (NLP) takes this a step further by
enabling the extraction of key themes from customer feedback
and reviews. Knowing this, companies will be able to
monitor how well their support systems are handling those
issues over time and effectively improve them.

Boost Agent Productivity

For instance, Al acts as a real-time assistant to customer
service agents, supplying relevant information and suggesting
responses. It shortens response times and guides agents
through more kinds of questions more efficiently.
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These models can generate realistic practice scenarios
and assess agent performance using feedback and analytics,
providing customized guidance based on interaction history.
They use LLMs to train their customer support representatives
to be empowered to deal with multiple types of
inquiries.LLMs enable communication between several

departments by summarizing problems of customers and
providing pertinent information [8].

It helps coordinate efforts between customer support,
sales, and product teams to achieve a unified approach. Virtual
personal assistants can interact with users and manage routine
inquiries autonomously. Retailers like Walmart use virtual
assistants to assist customers with account management,
tracking orders, and more. Al Chatbots can guide customers
through troubleshooting processes interactively without
human intervention. They ask relevant questions, understand
the customer’s technical issue, and provide step-by-step
solutions. Tech companies like Microsoft and Apple deploy
virtual assistants to troubleshoot software and device issues
and maintain 24/7 availability without live support.

Secure and Fraud-Free Interactions

Statistical models and pattern recognition analyze
transaction data and interactions to detect anomalies that
deviate from standard patterns. It allows businesses to take
proactive measures. LLMs apply security protocols and detect
potential threats to secure customer interactions and protect
against fraudulent attempts. It is particularly important in
industries that deal with confidential customer data [9].Banks
and FinTech companies use LLMs for real-time fraud
detection, safeguarding their customers' accounts and
transactions.

Break Language Barriers

LLMs leverage machine translation algorithms (including
neural machine translation aka NMT) to process the input
query and output response to customer queries in real-time.
They allow companies to provide support in different
languages without the requirement of a bulky team of
multilingual agents. Google employs LLMs in its customer
support chat systems to facilitate real-time translation
capabilities. For example, e-commerce companies such as
eBay leverage LLMs to support multiple languages, helping
the company interact with customers worldwide. They
leverage localization practices to adapt language and content
to local customs and standards [9]. Travel businesses ensure
lines of customer support are tuned to different countries
based on their cultural norms and preferences.
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Data-Driven Insights for Better Customer Service

Knowing how customers feel about their interactions can
help transform how businesses respond and improve. LLMs
analyze sentiment from customer engagements to determine
satisfaction and determine where improvements can be made.
They assess, and even classify, interactions as positive,
negative, or neutral in their evaluation of what a customer
experience might look like, evaluating text for emotional cues.

Maximize Online Reputation Management with LLMs:
Tools such as Hootsuite and Social media sites such as Twitter
utilize LLMs to assess the sentiment of users, allowing the
brands to keep an eye on what is being said about them online
and to react before it becomes a larger issue. You want to
stay two steps in front of any issues engaging customers in
ways that feel personalized and timely.

LLMs analyze user interaction sentiment to provide
empathy and understanding in their responses. Services like
Better Help are using these models to assess windfall clients’
emotions and adjust their responses accordingly, or can
escalate to human counselors as necessary.

Large Language Models (LLMs) monitor, for signs of
dissatisfaction or stress levels, for insights on customer
satisfaction, and recommend interventions to promote
customer well-being Generative Al.

Automate Content Creation for Support Resources

Here, Al can create personalized information that appears
unique to individual customers, for instance, customized
emails, responses to questions, as well as knowledge-based
articles. Companies with large email lists make use of Al to
automatically create personalized marketing emails, which
generate higher open rates and higher customer interaction.

For example, LLMs process the customer queries and
feedback that they receive (the query stream) to determine
gaps in the current knowledge base and then employ natural
language processing (NLP) to refresh content and add
information from new customer interactions [11].

Through techniques such as sequence-to-sequence
models and language generation models, LLMs can generate
meaningful responses to FAQs, minimizing the work of
human agents and maintaining consistency in messaging.
Airlines use Al for this purpose, as it provides FAQs that are
focused on booking, flight status, or policies, and gives
solution-specific assistance.

In this article, discuss the advantages, challenges and
future of LLMs in banking customer service automation, fraud
detection prevention and financial decision making. This
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research aims to offer a valuable perspective to financial
professionals, policymakers, and Al researchers by bridging

the gap between innovative Al-driven solutions in banking
and their real-world implementation.

Il. LITERATURE REVIEW
Al-Driven Fraud Detection and Risk Mitigation

As the reliance on digital transactions continues to soar,
fraud detection has become one of the biggest challenges for
financial institutions. Traditional approaches to fraud
detection, which rely on rule-based algorithms, are unable to
keep up with the evolving dynamics of financial crime. Thus,
LLMs when integrated with machine learning as well as
blockchain technology provide more advanced as well as
adaptive fraud detection [12].

Banks and financial institutions today use Al-powered
fraud prevention models that can instantly detect anomalies.
These models process immense databases, identify patterns of
fraudulent behavior, and block unauthorized transactions
before they are processed. According to research, Al-powered
fraud detection systems have achieved a 90% accuracy rate
when it comes to identifying fraudulent transactions, which is
much higher than traditional methods.

Additionally, the Fusion of LLMs and blockchain
technology has amplified security protocols. Utilizing
blockchain to build its decentralized and immutable ledger
system, Al models can attain a higher level of transparency
when tracking financial transactions and also recognize
anomalous patterns that may suggest money laundering or
financial fraud. Regulatory bodies have also begun to support
Al-based anti-money laundering (AML) compliance solutions
to reduce financial risk and comply with international banking
regulations [13].

Predictive Analytics and Al-Driven Decision-Making in
Banking

The ability of Al to perform predictive analytics has
proven to be an indispensable tool for banking institutions
when it comes to improving risk management, portfolio
investment, and market forecasting. LLMSs play a pivotal role
in driving data-driven financial decision-making by
evaluating historical financial trends, analyzing market
fluctuations, and predicting economic downturns with
exceptional accuracy.

One of the most prominent uses of LLMs in predictive
banking analytics is the real-time credit risk analysis.
Traditional credit scoring algorithms tend to be based on
static variables like credit history and income levels. On the

© 2025 IRJIET All Rights Reserved

ISSN (online): 2581-3048
Volume 9, Issue 2, pp 172-180, February-2025
https://doi.org/10.47001/IRJIET/2025.902026

other hand, Al-based credit assessment models provide a
more responsive and precise risk assessment by examining the
consumer's real-time financial activities, spending habits, and
non-traditional credit metrics [14]. Therefore, banks can
optimize their lending strategies, reduce non-performing
assets (NPASs) and enhance loan recovery.

In addition, LLMs help drive regulatory compliance and
financial auditing through the automation of compliance
checks, monitoring transactions for violations of internal
policies, and generating real-time audit reports [15]. This
enables the financial institutions to minimize regulatory risks
and legal penalties, as financial regulations compliance can be
managed by solutions with little human interaction.

Challenges and Future Prospects of LLMs in Banking

Aside from the multiple benefits of LLMs, its
deployment in banking comes with numerous challenges.
Some major risks and challenges associated with these
include data privacy risks, ethical Al risk, high computation
cost, and regulatory compliance concerns. Large amounts of
sensitive financial data are processed by Al models raising
questions about the cybersecurity and data breaches [16]. The
fact that customer data must satisfy international data
protection standards (GDPR, PCI-DSS) should also be
maintained in the process of creating Al-based banking
mechanisms.

Al model interpretability is another challenge. LLMs are
essentially black-box models that make it hard for banking
professionals and regulators to comprehend the reason behind
Al-generated financial choices. Questions surrounding model
transparency is an area of active research (known as
Explainable Al or XAI) whose goal is to ensure that Al-
powered financial decisions remain interpretable and
trustworthy [17].

Future directions of Al in banking will see hybrid Al
models emerge incorporating LLMs, traditional financial
models, quantum computing and blockchain [18]. These
hybrid solutions are very promising as they will increase the
security of banking operations, promote operational
efficiency, and improve decision-making capabilities [19]. To
adapt to this evolution, financial institutions will require a
strategic artificial intelligence governance framework [20] to
ensure they balance technological innovation with ethical and
regulatory compliance.

So [21] explores the role of Al-based chatbots and
virtual assistants in revolutionizing banking customer service.
His research indicated that banks that implement LLM-driven
chatbots have seen a 40% reduction in their cost of customer
service and improve user satisfaction scores by more than 30%
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the overall banking experience is thus vastly improved by
sentiment analysis and personalized recommendations
facilitated by LLMs," the researchers said. Of course, the
study also highlighted herculean challenges like managing

complex customer queries and maintaining data privacy as
major barriers for wider adoption.

In [22] investigated the use of LLMs in detecting fraud
and anomalies. Their research examined transaction patterns at
major banking institutions, and found that Al based fraud
detection models accurately identified fraudulent activity with
a 92% success rate compared to 76% success rates for
traditional rule-base systems. The study emphasized the
capability of LLMs to dynamically adjust to the changing
nature of fraud strategies, including phishing attacks and
identity fraud. Al-powered fraud detection, however, needs to
be tracked and updated consistently, the study also
highlighted, as a solution that flags false positives would
drive customer dissatisfaction and operational inefficiencies.

Adapting LLMs for credit risk assessment and loan
approval process was analyzed in [23] Their results showed
that Al-driven credit scoring methods improved predictive
accuracy by 35% over traditional credit evaluation techniques.
The study also touched upon the assimilation of non-
conventional data sources—namely social media behavior,
mobile transaction history, and spending behaviors—when
informing loan eligibility determination as well. All of the
developments above are not without their own challenges,
altruistic or otherwise as research into ethical concerns of data
privacy and algorithmic bias highlights the need for both
transparent and explainable Al models especially as many of
these models are becoming a part of financial decision
making.

Understanding the best practices of Al and LLMs used on
banks to keep them compliant to regulations and AML [24].
The use of Al in regulatory can produce 50% improvement on
compliance efficiency (patent on that idea) by avoiding
penalties or non-compliance events (citation needed) The
study found that NLP models were able to synthesize complex
financial regulations and create regulatory reports in real time,
maintaining compliance with legislation like the General Data
Protection Regulation (GDPR) and Anti-Money Laundering
Directives (AMLD). The study, however, highlighted that the
risk of Al bias and the lack of interpretability of such
compliance models raise some concerns for regulatory
decision making.

In [25], it was y again presented a comprehensive
overview of the future development of LLMs in the banking
context as well as a discussion on the opportunities and
limitations of Al implementation. There will be a shift in Al
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models  towards explainability, interpretability and
decentralized finance (DeFi) technologies, the research part
concluded. Researchers also predicted Al-powered financial
advisory systems that provide real-time investment insights,
as well as personalized financial planning and Al-assisted
wealth management. Nevertheless, worries surrounding data
privacy, ethical Al, and the carbon footprint of training an
artificial intelligence model were major roadblocks that need
attention to achieve true large-scale adoption.

1. METHODOLOGY

The efficiency, the right answers and a secured
performance of Large Language Models (LLMs) in Banking
depends on a structured methodological approach to the
implementation of these 4key phases. It also takes a hybrid
approach, where it evaluates Al models, utilizes real banking
datasets, mimics fraud detection and best practices, employs
financial decision-making, etc. The suggested approach
consists of four major steps:

Data Collection and Preprocessing

LLM-Based Model Development

Performance Evaluation and Metrics

Integration with Banking Systems and Security Measures

> o

Each phase is systematically designed to optimize the
impact of LLMs in customer experience, fraud detection, and
banking analytics.

Data Collection and Preprocessing

The study utilizes real-world financial datasets obtained
from:

= Banking transaction logs (D_#ant)
= Customer interaction data (D_cu.st)
= Fraud detection reports (D_#raud)
= Market financial indicators (D_ginance)

Each dataset is preprocessed using data normalization,
feature scaling, and anomaly filtering. The normalized data
(D_m) is represented as:

D 1
D, - i 1

¥
Where p is the mean and o is the standard deviation.

Natural Language Processing (NLP) preprocessing is
applied to textual data, including:

= Tokenization: Breaking sentences into words.
= Lemmatization: Converting words to base forms.
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= Named Entity Recognition (NER): Identifying banking-

specific terms.

A transformer-based NLP model (BERT/GPT) is fine-
tuned for text analysis.

LLM-Based Model Development

The study employs state-of-the-art LLM architectures
such as GPT-4, BERT, and FIinBERT. The architecture
follows a multi-layer transformer model with an encoder-
decoder mechanism, where input embeddings X are processed
as:

h; = Transformer(.X,. W) (2)

Where h; represents hidden states, and W are weight
matrices optimized during training.

Customer Interaction Model

For customer experience enhancement, an LLM-based
chatbot is trained using supervised fine-tuning:

PYLY) = [1 POy X) 3

Where P(Y[X) represents the probability of response Y
given customer query X. The model learns from historical
conversations to improve response accuracy and
personalization.

Fraud Detection Model

For fraud detection, a hybrid model integrates LLMs with
anomaly detection using unsupervised learning techniques.
The anomaly score St is computed as:

Si=1X)-Xxll @

Where f(Xt) is the reconstructed transaction, and
deviations indicate fraud likelihood.

A threshold t is defined:

Fraud(.\,) :(l)' S : (5)

ST

Where 1 indicates fraud and O indicates a legitimate
transaction.

Performance Evaluation and Metrics

The models are evaluated using industry-standard Al
performance metrics, including:
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Accuracy (Acc): Measures the overall correctness of

predictions.
e TP + TN
T IPYINFP +FN (6)

Precision (P): Measures the fraction of correctly predicted
fraud cases.
TP
3
7

P=1r i rp )
Recall (R): Measures how many fraud cases were
successfully detected.

P
TP + FN

R - (8)

F1-Score: The harmonic means of precision and recall.

P xR
F1=2> 9
S ©)

Mean Squared Error (MSE): Measures the model’s
predictive accuracy in decision-making.

MSE = 1 S Gv—9) (10)

n
Validate the fraud detection model with historical

transaction logs, ensuring against false positives while
achieving high detection capability.

Connecting Banking System and Safety Measures:

The LLM models are deployed as part of cloud-based Al
pipelines with the following architecture to ensure seamless
adoption in banking operations:

1. Integration of banking platforms with Real-time APIs.

2. Customer data privacy via federated learning.

3. AES-256  end-to-end encryption  for
communication.

4. Fraud verification by blockchain to verify transactions

secure

The final Al system ensures:

= Scalability for high transaction volumes.

» Regulatory compliance with GDPR, PCI-DSS, and
AML regulations.

= Lowe-latency decision-making for fraud prevention and
customer interactions.

IV. RESULTS AND DISCUSSION

In this section, provided the results of where LLMs have
been implemented in customer service, fraud detection, loan
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processing and financial advisory. The results illustrate the
significant importance of Al based models for improving
banking processes, especially in relation to correctness,
productivity and reducing risk.

Customer Query Resolution Rate Before vs. After LLM

95} . Before LLM

ution Rate {%)
-]

Reso

P A 6

Time Period
Figure 2: Customer Query Resolution Rate Before vs. After LLM

The initial assessment focuses on customer query
resolution rates from before and after the implementation of
LLM-powered virtual assistants. The results shown in Figure 2
demonstrate that the resolution rate for complaints increased
from an average of 68% (pre-LLM) to about 92% (post-LLM
adoption). This is an improvement that shows how much more
effective Al-powered chatbots have become in addressing
customer questions more effectively, shortening wait times
and generally improving customer satisfaction.

Fraud Detection Accuracy: Traditional vs Al-Based

S0

as

Acouracy (%)
')

Time Par '.uJ
Figure 3: Fraud Detection Accuracy: Traditional vs Al-Based

The assessment here compares traditional rule-based
systems with Al-based models for fraud detection with a focus
on accuracy. Traditional fraud detection systems had an
accuracy range between 70%-80% while Al-based models
achieved a significantly higher accuracy in the range of 90%—
98% as shown in Figure 3. These findings highlight the
increased capacity of LLM-based fraud detection models to
process convoluted transaction patterns, detect instances of
fraudulent activity in real time, and reduce occurrence of false
positives in predictions.
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Loan Approval Time Reduction with Al

14 | o Ates Al

Loan Appreval Time (Days)

Time Penod
Figure 4: Loan Approval Time Reduction with Al Implementation

In the banking industry, a key metrics is loan processing
efficiency. Figure 4 draws a comparison of how much time
Al-driven credit risk assessment models are taking during
loan approval. Loan approval might take 10 to 15 days to
approve before Als were used, now it gets down to 3 to 6 days
with Al models. This increase in efficiency is because LLMs
can automate the verification of documents, analyze risk in-
the-moment and speed up the approval process for loans
without any loss of accuracy.

Precision vs Recall In Al-Based Fraud Detection

0.900 Precision Pmcwl Curee

0.750 D.775% 0.800 0.82% 0.85%0 0875 0900 0925 0.9%0

Precision
Figure 5: Precision vs. Recall in Al-Based Fraud Detection

One key feature of fraud detection models is the
precision-recall trade-off, presented in Figure 5. Al-based
fraud detection can correctly classify fraudulent transactions,
minimizing the germs of false negatives. The findings indicate
that Al-Powered Fraud Detection achieves a balance between
high coverage of fraud cases and low blockage rates for
legitimate customers.

Al-Driven Financial Advisory Accuracy improvemant

a 4
Time Period

Figure 6: Al-Driven Financial Advisory Accuracy Improvement
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Finally, the paper presents a final analysis in Figure 6
demonstrating the improvement of an Al-driven system over
existing financial advisors. Financial advisory before Al
implementation had an accuracy between 50%-65%, whereas,
in later years post Al implementation, the accuracy levels had
surged to about 85%-95%. Because LLMs can analyze a
client's portfolio in real time and factor in market trends,

customer investment behavior, and risk factors, the result is
much better financial recommendations.

V. CONCLUSION

LLMs have changed the way banks do business by
improving the customer experience, finding scams, and
making decisions. Because of intelligent chatbots and
sentiment analysis, Al-driven models, especially LLMs, have
made customer service much more efficient by cutting down
on reaction times and making things more personal. Regular
rule-based methods for finding fraud have been beaten by Al-
based models, which are more accurate at finding fraudulent
deals while reducing the number of false positives. By using
real-time data analytics to speed up approvals, Al-driven loan
processing and credit risk assessment have also cut down on
wait times while keeping thorough risk assessment. A separate
part of the study showed how Al-powered financial advisory
systems have changed investment strategies and market
expectations by giving more accurate advice based on data.
Though these improvements have been made, there are still
problems in areas like how Al can be interpreted, data
protection, ethical concerns, and following the rules. To
ensure the responsible and long-term use of Al in banking,
future study should focus on explainable Al (XAl), hybrid Al
models, blockchain integration, and better cybersecurity
frameworks. To be successful in the long run in digital
banking, financial institutions will need to find a balance
between automation, compliance, and customer trust as Al is
integrated a better experience.
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