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ABSTRACT 

The rapid adoption of electronic banking (e-banking) has transformed the financial sector, 

offering convenience, speed, and accessibility to customers globally. However, the digital 

nature of e-banking introduces several risks, including fraud, identity theft, system failures, 

data breaches, and cyberattacks. This project aims to study the types of risks associated with 

e-banking systems and explore how Machine Learning (ML) and Deep Learning (DL) can be 

applied to detect, analyze, and mitigate such risks. By leveraging real-time transactional data, 

user behavior, and threat intelligence, intelligent models such as Random Forest, SVM, and 

LSTM neural networks can classify anomalies, detect fraud patterns, and enhance risk 

monitoring. The study demonstrates that incorporating intelligent models into e-banking 

infrastructure not only improves security but also strengthens customer trust and operational 

resilience. 

The rapid growth of information and communication technology has revolutionized the way 

banking services are delivered, giving rise to what is now known as electronic banking (e-

banking). E-banking refers to the use of digital platforms—such as internet banking, mobile 

applications, ATMs, and digital wallets—to perform traditional banking functions like fund 

transfers, balance inquiries, loan applications, bill payments, and more. It has brought about a 

paradigm shift in customer experience, enabling users to access banking services 24/7 from 

any location, thereby improving convenience, efficiency, and accessibility.While e-banking 

has empowered customers and reduced operational costs for banks, it has also introduced a 

new set of risks and challenges. These include cybersecurity threats, identity theft, data 

breaches, phishing attacks, service outages, and technical glitches, which can compromise 

sensitive financial information and erode customer trust. Moreover, regulatory compliance, 

technological adaptability, and digital literacy remain significant concerns for banks striving 

to ensure secure digital operations. 

I.INTRODUCTION 

Electronic banking, or e-banking, refers to 

the use of electronic channels—such as 

websites, mobile apps, and ATMs—for 

delivering banking services. With the 

increasing digitization of financial services, 

customers can now access their accounts, 

make transactions, and receive real-time 

banking updates from anywhere in the 

world. However, this convenience comes 

with a price: increased exposure to 

technological, operational, and 

cybersecurity risks. From phishing scams to 

AI-generated frauds, banks face a growing 

number of threats that traditional rule-based 

systems struggle to manage effectively. 

In response to these challenges, financial 

institutions are incorporating ML and DL 

into their risk management frameworks. 

These intelligent systems can process vast 

volumes of transaction data, learn 

behavioral patterns, and identify 

irregularities that may indicate fraudulent or 

malicious activity. Unlike static rule 

engines, ML/DL models continuously adapt 

to new threats and improve over time. This 

study investigates how such technologies 
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can be used to proactively detect risks in e-

banking and suggests a framework for 

implementing intelligent risk management 

solutions in the modern banking 

environment. 

Electronic banking, commonly known as e-

banking, has revolutionized the financial 

services industry by enabling customers to 

perform banking transactions conveniently 

through digital platforms such as internet 

banking, mobile apps, and ATMs. This 

transformation has increased accessibility 

and efficiency, allowing users to conduct 

financial activities anytime and anywhere. 

The rapid growth of e-banking services 

worldwide reflects the increasing reliance 

on technology in managing financial assets, 

driving banks to invest heavily in digital 

infrastructure and customer-centric 

applications. However, the widespread 

adoption of e-banking also introduces 

significant risks, including cyberattacks, 

data breaches, identity theft, phishing, and 

financial fraud. These risks pose serious 

threats to both financial institutions and 

their customers, demanding robust security 

and risk management strategies.The 

dynamic and complex nature of these risks 

calls for more advanced approaches beyond 

traditional security measures. Conventional 

rule-based systems often struggle to keep up 

with the evolving tactics of cybercriminals 

who exploit new vulnerabilities and deploy 

sophisticated attacks. In this context, the 

application of Machine Learning (ML) and 

Deep Learning (DL) offers promising 

solutions for enhancing risk detection and 

management in e-banking. ML and DL 

techniques enable banks to analyze vast 

volumes of transactional and behavioral 

data to identify suspicious patterns and 

predict potential threats in real time. By 

continuously learning from new data, these 

intelligent models adapt to emerging fraud 

techniques, providing proactive defenses 

against cyber risks. This study aims to 

explore the use of ML and DL models in 

identifying, analyzing, and mitigating risks 

in e-banking systems, emphasizing the 

importance of integrating advanced 

analytics into the banking sector’s security 

framework. 

Definition 

E-Banking refers to the delivery of banking 

services via electronic platforms, such as 

internet banking, mobile banking, and 

digital wallets, allowing users to conduct 

transactions without physically visiting a 

bank.Risk in E-Banking involves potential 

threats or vulnerabilities that can 

compromise the confidentiality, integrity, 

and availability of digital banking systems 

and customer data.Machine Learning (ML) 

is a subset of artificial intelligence that 

enables systems to learn from data and 

make predictions or decisions without 

explicit programming.Deep Learning (DL) 

is a specialized form of ML using neural 

networks with many layers, capable of 

recognizing complex patterns, making it 

highly effective for fraud detection and 

anomaly identification in real-time banking 

systems. 

research methodology: 

This research follows a quantitative, 

analytical methodology using secondary 

data from banking reports, case studies, and 

cyber risk datasets. Various ML 

algorithms—such as Decision Trees, 

Random Forest, Support Vector Machines 

(SVM), and Logistic Regression—are 

trained on datasets containing historical e-

banking transactions labeled as legitimate or 

fraudulent. In parallel, DL models, 

especially LSTM and CNNs, are applied for 

sequential data analysis to capture time-

based fraud trends.Tools like Python, Scikit-

learn, TensorFlow, and Keras are used for 

model development. The performance of 

models is evaluated using metrics such as 

accuracy, precision, recall, and F1-score. 

Additionally, real-time simulation of 

transaction data is used to test the 

responsiveness of the system under different 

risk scenarios. This hybrid approach helps 

develop a robust, adaptive framework for 
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risk detection and prevention in e-banking 

systems. 

II.LITERATURE REVIEW 

 

 Studies have shown that e-banking 

fraud is increasing with the rise in 

digital payment systems and mobile 

banking applications. 

 Rule-based fraud detection systems are 

becoming outdated due to their 

inability to handle new and evolving 

fraud tactics. 

 Machine Learning techniques such as 

Random Forest and Gradient Boosting 

have demonstrated high accuracy in 

classifying fraudulent transactions. 

 Deep Learning models like LSTM and 

GRU are capable of analyzing 

sequential data to detect anomalies in 

transaction patterns. 

 Researchers found that combining user 

behavioral analytics with ML models 

enhances the detection of phishing and 

account takeover attempts. 

 Hybrid models using both statistical 

and ML techniques offer better 

generalization in unseen data scenarios. 

 Risk scoring systems powered by ML 

are increasingly being used in real-time 

fraud prevention at banks. 

 DL-based autoencoders are 

successfully identifying new types of 

cyber fraud without prior labels 

(unsupervised learning). 

 Financial institutions are investing in 

AI-based cyber threat intelligence 

platforms for proactive risk detection. 

 Sentiment analysis and NLP are being 

integrated into fraud detectionsystems 

to monitor complaints and detect 

patterns of abuse. 

 Some studies propose blockchain with 

ML to enhance transaction 

transparency and reduce fraud risk in 

decentralized finance. 

 Regulatory bodies are encouraging 

banks to use explainable AI for risk 

classification to ensure model 

accountability. 

 AI-powered biometric systems are 

reducing identity theft and enhancing 

authentication in mobile banking. 

 CNNs are being used for image-based 

phishing detection in e-banking apps 

and websites. 

 Case studies from global banks show 

significant reductions in fraud loss after 

integrating AI-driven risk platforms. 

III.DATA ANALYSIS AND 

INTERPRETATION 

INTERPRETATION: 

Effectiveness of Machine Learning Models 

in Fraud Detection: 

The analysis reveals that machine learning 

algorithms such as Random Forest and 

Support Vector Machines (SVM) effectively 

classify transactions into legitimate and 

fraudulent categories with high accuracy. 

These models learn from historical 

transactional data by identifying subtle 

patterns and deviations that are not apparent 

through traditional rule-based systems. 

Features like transaction amount, frequency, 

geographic location, device information, 

and login patterns emerged as significant 

predictors. The adaptability of these models 

enables them to recognize new fraud 

patterns as attackers evolve their tactics, 

thereby reducing false positives and 

minimizing missed fraud attempts. 

INTERPRETATION: 

Role of Deep Learning in Sequential and 

Behavioral Analysis: 

Deep learning models, particularly Long 

Short-Term Memory (LSTM) networks, 

show superior performance in analyzing 

time-dependent transaction sequences. They 

capture temporal dependencies and 

behavioral changes over time, which are 

crucial for detecting sophisticated fraud 

schemes involving coordinated or repeated 

small transactions aimed at evading 

detection. LSTMs’ ability to remember past 

states allows the model to flag unusual 

sequences, such as rapid transaction bursts 

http://www.ajaccm.com/


AMERICAN JOURNAL OF AI CYBER COMPUTING MANAGEMENT 

E-ISSN:3069-0102  

VOL.5, NO. 4(1)(2025) 

21 Received: 07-10-2025 | Accepted: 17-11-2025 | Published: 24-11-2025 | www.ajaccm.com 

 

 

or abnormal login times, providing banks 

with early warnings before large-scale 

financial damage occurs. 

IV.FINDINGS 

The research revealed that Machine 

Learning (ML) and Deep Learning (DL) 

techniques significantly improve the 

detection and management of risks 

associated with e-banking systems. By 

analyzing vast amounts of transactional 

data, these intelligent models were able to 

identify complex patterns of fraudulent 

behavior that traditional rule-based systems 

failed to detect. In particular, Random 

Forest and Support Vector Machines (SVM) 

demonstrated strong classification accuracy 

in distinguishing between legitimate and 

fraudulent transactions. These models were 

able to incorporate various features such as 

transaction amount, frequency, geographical 

location, device information, and login 

behavior, which are critical in profiling 

normal versus anomalous user activity. The 

ensemble methods further enhanced 

robustness and reduced false positive rates, 

which is essential to avoid unnecessary 

disruptions to legitimate users. 

Deep Learning models, especially Long 

Short-Term Memory (LSTM) networks, 

excelled in capturing sequential and 

temporal dependencies within transaction 

sequences. This capability proved crucial in 

detecting sophisticated fraud schemes, such 

as coordinated attacks that spread 

transactions over time to avoid triggering 

alarms. LSTM’s memory mechanism 

allowed the system to flag unusual 

transaction patterns that indicate potential 

fraud, even if individual transactions 

appeared normal in isolation. When 

combined with sentiment analysis derived 

from social media and customer feedback, 

these models gained additional predictive 

power, highlighting the influence of 

behavioral and emotional factors on fraud 

risks. This multi-dimensional approach 

enabled more proactive detection, allowing 

banks to act before significant financial 

losses occurred. 

The study also found that real-time risk 

monitoring using adaptive ML and DL 

models provides significant advantages over 

static systems. The ability of these models 

to continuously learn from new data means 

they remain effective despite the constantly 

evolving tactics of cybercriminals. 

However, challenges such as data 

imbalance—where fraudulent transactions 

constitute a small fraction of overall 

transactions—required careful handling 

through techniques like oversampling and 

anomaly detection to avoid biasing the 

models. Additionally, privacy concerns 

necessitated the implementation of secure 

data handling and anonymization methods 

to protect customer information without 

compromising the quality of analysis. 

Overall, the integration of intelligent 

analytics within e-banking platforms greatly 

enhances the ability to manage risks 

efficiently. Banks adopting these 

technologies can not only reduce financial 

losses but also improve customer trust and 

regulatory compliance by maintaining high 

standards of security and transparency. The 

findings underscore the importance of 

continued research and development in AI-

powered risk management solutions tailored 

specifically for the dynamic and complex 

environment of electronic banking. 

V.CONCLUSION 

The integration of Machine Learning (ML) 

and Deep Learning (DL) techniques in e-

banking risk management represents a 

significant advancement in securing digital 

financial services. This study illustrates how 

these intelligent models can analyze 

complex, large-scale transactional and 

behavioral data to effectively detect 

fraudulent activities, reduce false positives, 

and respond proactively to emerging threats. 

By leveraging advanced algorithms such as 

Random Forest, Support Vector Machines, 

and Long Short-Term Memory networks, e-

banking systems can identify subtle 
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anomalies and evolving fraud patterns that 

traditional systems often overlook. This not 

only helps in minimizing financial losses 

but also safeguards customer confidence 

and maintains the integrity of banking 

operations. 

Furthermore, the adoption of real-time 

adaptive learning models facilitates dynamic 

risk assessment, allowing banks to keep 

pace with the continuously changing 

landscape of cyber threats. The 

incorporation of sentiment analysis and user 

behavior monitoring adds an additional 

layer of context, enhancing the predictive 

power of risk detection frameworks. Despite 

challenges such as data imbalance, model 

interpretability, and privacy concerns, the 

use of explainable AI and robust data 

preprocessing techniques can address these 

limitations. Overall, the findings suggest 

that banks must prioritize the deployment of 

intelligent, scalable, and transparent AI-

driven risk management systems to maintain 

competitiveness and compliance in an 

increasingly digital financial world. 

Continued innovation and research in this 

domain will be essential to fortify e-banking 

infrastructures against sophisticated cyber 

threats and ensure  secure, reliable banking 

experiences for customers worldwide. 
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