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Abstract - The rapid adoption of digital payments
has raised the need for robust security and
trustworthy fraud detection. This research
explores the impact of Artificial Intelligence on
digital payment security and fraud detection. The
study employs a review-based methodology,
reviewing existing research on Al and ML
techniques for digital payment fraud detection.
The reviewed studies reveal that supervised
learning, anomaly detection, Frauddeep learning
and hybrid AI models can detect suspicious
transactions, detect new fraud, monitor in real
time, and decrease false positives. Behavioural
analysis and explainable AI make the fraud
detection systems more reliable and transparent.
The results suggest that Al-based approaches can
provide more flexible and efficient fraud detection
than traditional rule-based approaches. However,
challenges around data quality, privacy, model
transparency, regulatory compliance and
changing fraud patterns remain important. The
study results show that the right implementation
of standard artificial intelligence can increase
digital payment safety, better fraud detection, and
develop secure and trustworthy digital payment
systems.
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1. INTRODUCTION

Online transactional methods have become a crucial
component of modern financial transactions as they offer fast,
convenient, and accessible ways of transferring money. The
way individuals and businesses conduct financial transactions
has changed with the increasing use of online banking, mobile
wallets, payment applications, cards, and real-time payment
platforms. In India, UPI has played a significant role in the
expansion of digital payments by allowing quick peer-to-peer

and peer-to-merchant transactions.
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The proliferation of digital payments, however, has also
introduced increased risk of financial fraud and cybersecurity
threats. Users and payment systems are attacked by fraudsters
using methods such as phishing, QR code manipulation, account
takeover, impersonation and social engineering. Moreover, the
increasing volume of transactions makes it difficult for
conventional fraud detection methods to detect suspicious
activities in a timely and accurate manner.

Traditional rule-based systems largely rely on predefined rules
and static conditions. These methods can identify known fraud
patterns, but can struggle with new and evolving fraud. Artificial
Intelligence (AI) and Machine Learning (ML) provide a more
flexible solution by analysing transaction data, highlighting
abnormal behaviour, and catching suspicious transactions in real
time. The different Al and ML techniques studied to improve
digital payment fraud detection are supervised learning, anomaly
detection, neural networks and hybrid models. These approaches
can help to identify both known and emerging fraud patterns and
reduce false positive results.

However, issues like data quality, privacy, model transparency,
imbalanced datasets and changing fraud patterns still need to be
addressed. That is why, in this research, we consider the role of
Artificial Intelligence in enhancing the security of digital
payments and fraud detection. We consider current Al solutions,
their pros and cons, and their capability to ensure higher safety
and reliability of the digital payment system.

2. REVIEW OF LITERATURE

Fraud detection in online banking and digital payments is an area
of significant interest due to the emergence of digital financial
services. It has been established from the review of literature that
rule-based fraud detection methods have certain limitations
because they rely heavily on pre-defined rules and lack flexibility
when faced with emerging fraud patterns.

As the number and complexity of transactions continue to rise in
the digital world, machine learning approaches for fraud
detection are gaining popularity. Logistic Regression, Decision
Tree, Random Forest, and XGBoost are some of the supervised
machine learning algorithms that can help detect whether a
transaction is fraud or not by analysing past transaction records.
There has been analysis of the use of unsupervised learning
approaches in scenarios where there is inadequate labelled fraud
data.
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Unsupervised  approaches like Isolation Forest and
Autoencoders help in identifying transactions that differ from
the usual transaction pattern. This helps in detecting unusual
behaviours that have not occurred in the training data. In
addition, some research has looked at a combination of
supervised classification and anomaly detection approaches.
The idea behind this combination is to catch fraud that matches
known patterns as well as fraud that does not. The literature
review also points to a second important area: analysing

behaviour and detecting fraud in real time with Al

The Al system can analyse transaction characteristics such as the
amount of the transaction, transaction frequency, location, device
data, merchant information, and the history of transaction
behaviour to identify suspicious activity. Real-time detection is
very significant in the context of digital payments, as a fraudulent
transaction can inflict financial damage on an organisation within
a very short time. Explainable Artificial Intelligence (XAI) is
another focus area for research, as financial organisations require
explanations of why the Al system has categorised a transaction
as suspicious.

However, despite the developments in the field of Al-supported
fraud detection, there are still some problems and research
directions that require more attention. The problem of
imbalanced fraud datasets is inherent in many studies, since the
number of legitimate transactions is much higher than that of
fraudulent ones, and labelled fraud datasets may not be
available. There is also a possibility of false positives, since
identifying legitimate transactions as fraudulent can be
annoying for customers. Moreover, there are such problems as
concept drift, computational costs, privacy, and explainability.
All told, bringing Al into this space should make fraud detection
considerably more effective.

3. METHODOLOGY

This research uses literature review research approach based on
secondary data analysis. Ten research articles relating to
Artificial Intelligence, Machine Learning, digital payment
security and fraud detection have been chosen for further
research. The selected research papers consist of research
articles about digital payment fraud, UPI security, machine
learning techniques, anomaly detection, hybrid systems, deep
learning, Explainable Al and emerging Al-based solutions.
The main reason for choosing these research papers was to
learn about the existing state of development of Al-based
techniques for improving digital payment security.

The research papers have been evaluated on the basis of the
fraud detection techniques used by them, sources of their data,
machine learning algorithms used, methods of security,
findings, strengths, weaknesses, and future prospects. The
such as supervised
unsupervised learning, hybrid learning, deep learning, and

various methodologies learning,

anomaly detection have been analysed. A comparison has
been made between different studies to find out the
applications of these methods in classifying and detecting
fraudulent transactions.
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The methodology also looks at the overall process of fraud
detection using Al technology, which involves the processes of
collecting transaction data, data preprocessing and preparation,
feature extraction or feature engineering, developing and training
the model, classification of fraud or detecting anomalies, and
creation of fraud alerts. Information related to behavior including
transaction amount of transaction, frequency of transactions,
transaction location, device information, merchant information,
and past transaction records, was also analysed from the studies
considered in this analysis. This process was analysed to learn
about how transaction information is used as input for fraud
detection models.

In the end, the results of the chosen research papers were
compared and classified according to main themes associated
with the security of digital payments, efficiency of fraud
detection, advantages, limitations, and future development.
Special emphasis was placed on such problems as imbalanced
datasets, scarcity of labelled data, false positives, evolving types
of fraud, privacy, transparency, regulatory compliance, and real-
time deployment of systems. This comparative analysis of
research papers allowed not only finding common results but also
identifying gaps that will contribute to future research in
developing adaptive, transparent, and scalable Al-based fraud
detection for digital payments.

4. BODY OF PAPER
4.1 DigiStal Payments and Security Challenges

With the rise in technology and innovation, digital payment
systems have become a vital element of financial transactions.
Online banking systems, wallets, cards, and other payment
systems have altered the process of sending money. In the Indian
context, the Unified Payments Interface (UPI) has been
instrumental in making digital payments possible through
real-time peerto-peer transactions. But at the same time, with
the rising number of digital transactions, the threat of financial
fraud has increased.

There are several ways in which digital payments can be
defrauded, for instance, by phishing, QR-code abuse, account
takeover, impersonation, merchant fraud, and social engineering.
Fraudsters constantly develop new ways to take advantage of
users and vulnerabilities within digital payment systems. With the
many transactions being made daily, it is challenging to manually
detect each suspicious transaction. Thus, there needs to be some
security measures in place that will allow detection of any possible
fraud activity.

Because of the complexity of fraud nowadays, there is an
increased demand for fraud detection techniques to be adaptive.
While the traditional method can detect known threats, any
changes in the patterns of such threats necessitate an adaptive
system to learn about the transaction data and detect abnormal
behavior. This has made Al and ML popular for enhancing digital
payment security.
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4.2 Artificial Intelligence and Machine Learning for
Fraud Detection

The current anti-fraud techniques mostly rely on rules and
thresholds that are pre-defined by humans. These approaches are
good for recognising the patterns that they were designed for;
however, they cannot be adapted to new fraud methods. With
Machine Learning, transaction patterns can be learned from
historical data by the models, which will then be used to recognise
The presented studies reveal that ML
algorithms are becoming a popular approach for fraud detection.

abnormal activities.

In supervised learning algorithms, labelled transaction data is used
for classifying whether a transaction is fraudulent or non-
fraudulent. Some of the algorithms that are examined for this
purpose are the Decision Tree algorithm, Random Forest
algorithm, Logistic Regression algorithm, and the XGBoost
algorithm. The XGBoost algorithm is specifically effective for
detecting financial fraud because it can accommodate complex
interactions between transaction attributes and imbalanced
datasets. But the problem with the supervised learning model is the
availability of labelled fraud data.

Another way of doing this is through the application of
unsupervised learning by finding transactions that are vastly

different from the typical behaviour. Unsupervised learning
methods like Isolation Forest and Autoencoders can help find

Technique Approach Main Application
Logistic Supervised Fraud
Regression classification
Random Forest Supervised Transaction
classification
XGBoost Supervised Known fraud
detection
Isolation Forest Unsupervised Anomaly
detection
Autoencoder Unsupervised Abnormal
behaviour
detection
Hybrid Models Combined Known and
emerging fraud
detection
Table-1: Comparjison of AI Techniquies Used in Fraud

Detection

out these anomalies even without relying entirely on labelled
instances of fraud. For instance, the Isolation Forest method can . . . e .

o . ’ . Various Al techniques have various abilities when it comes to
find anomalies in transaction amounts, frequency, location, and

) detecting fraudulent transactions. Supervised models are helpful
devices used.

in detecting known fraud cases, but unsupervised models assist

Current studies are also interested in Al hybrid models that in detecting unusual behaviors in transactions. Hybrid models

consist of both supervised and unsupervised approaches. In the
case of the supervised approach, one is able to detect the already

apply the two techniques in order to be able to detect known and
emerging cases of fraud. Table 1 shows some of the Al techniques

existing patterns of fraud, whereas in the case of the anomaly and their application.

detecti h is able to detect 1 behaviour that . . . .
etection approach, one 1s able to detect unusuat behaviour tha 4.3 Al-Based Security and Fraud Detection in Digital

was not detected during the training process.
Payments.

Al techniques, including Deep Learning, have also been ) )
Al-enabled fraud detection systems help secure online payments

through the examination of transactions and detecting actions that
do not correspond to regular user behavior. When performing
such behavioral analysis, a number of factors could be taken into

investigated for fraud detection in digital payments. Some of the
studies in the selected research papers have examined the use of
models like LSTM, CNN, and hybrid models of deep learning to

analyse sequential and complicated transaction data. Newer i ] 3
account, including the amount and frequency of the transaction,

approaches, including LLMs, have been applied for scam ) o 3
location, merchant category code, device information, and

detection. However, problems like explainability and

computational costs still persist. history of activities.

Real-time fraud detection is very crucial in online payment
processing because there could be losses in a small period of time
due to fraudulent transactions. Such systems using Al can come
up with fraud probabilities or anomaly scores and based on these
findings decide whether the transaction is a potential case of fraud
or not. There are hybrid systems that can integrate fraud
probabilities and anomaly scores.
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Explanation of Aritifical Intelligence (XAI) is yet another aspect
of financial security that relies on artificial intelligence. The
financial sector must be able to explain why certain transactions
are considered suspicious by their system. One way of achieving
this is through the use of algorithms like SHAP, which help in
identifying how different attributes of the transaction contribute
to the detection of fraud.

The steps involved in Al-based fraud detection are linked and
include the first step of the digital payment transaction followed
by collecting data on the transaction. After collecting the data,
the analysis is conducted to determine the features as well as the
abnormal behavior. Al and ML algorithms can predict the fraud
probabilities or anomaly scores that will assist in decision
making.

Digital Payment Transaction

-

Transaction Data Collection

-

Data Analysis & Feyltm'e Extraction

-

AI/ML Fraud Detection

-

Fraud Probability / Anomaly Score

-

Decision & Fraud Alert

1

Explainable AI & Monitoring

Fig.1. AI-Based Digital Payment Fraud Detection
Process

This process is founded upon the architecture presented in the
analysed research paper, where supervised learning, anomaly
detection, hybrid decision-making, and explainability are
employed.

4.4 Benefits, Challenges and Future Scope of Al in
Digital Payment Security.

Several advantages of using artificial intelligence for digital
payment security are revealed by the analysed studies. Al
allows processing a lot of data from transactions, monitor them
in real time, recognize suspicious behavior, and spot both
traditional and novel fraud patterns.
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The hybrid approach allows combining various types of fraud
recognition, and Explainable AI allows increasing transparency
and assisting in understanding of the fraud predictions made.
Thus, Albased solutions are more flexible than those relying
solely on rules.That said, adopting Al in this space comes with
real difficultiesFor one, genuine fraud cases make up only a tiny
fraction of payment data, so the pool of labelled fraud examples
available for training can end up quite small. Second, there can
be false positives in the process of using Al models, and changing
patterns of fraud can make models outdated. Finally, privacy
issues, regulatory compliance, explainability, and computational
demands are other problems of using Al in finance.

Future areas of research include building adaptive hybrid models,
enhancing explainable Al techniques, and privacy-preserving
techniques, and real-time detection techniques. The area of
federated learning has also been researched to build fraud
detection models where no direct data exchange from the
customer takes place at all. Advanced machine learning
techniques, such as scam detection using large language models,
are some of the other areas of research that might be explored.

5. CONCLUSIONS.

Al and Machine Learning have now become the key technologies
to enhance the security of digital payment systems and detect any
instances of fraud. The literature review reveals that both
supervised learning, unsupervised anomaly detection, deep
learning, and hybrid Al systems can be used to detect suspicious
behaviour and enable quicker fraud detection. In comparison to
the traditionally used rule-based systems, the use of Al is more
flexible when it comes to the analysis of large amounts of
transaction data.

Various types of Al bring varying strengths when it comes to the
detection of frauds. Examples of supervised models include
Logistic Regression, Random Forest, Decision Tree, and
XGBoost which are helpful when it comes to detecting fraud
cases that are already known. Unsupervised learning techniques
like Isolation Forest and Autoencoders help in detecting
abnormal behavior of transactions. The hybrid approach
combines all these techniques to enhance the detection of known
and emerging fraud cases. On the other hand, some limitations are
presented by the selected studies when it comes to the application
of Al to enhance security in digital payments. This is because the
reviewed studies have indicated the limitations of unbalanced
datasets, the absence of labelled fraud data, high false-positive
rates, privacy problems, nonexplainable nature, computational
demands, regulation, and constant changes in fraud schemes.

Future research could consider working on creating adaptive
hybrid systems, increasing explainability of Al, improving
methods that protect privacy, and developing real-time fraud
detection tools. Methods such as federated learning and novel Al
systems may help to enhance the security of payments without
compromising data privacy
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Apart from developing technologies, proper security
procedures, regulatory compliance, and user knowledge are also
vital. When we pull this all together, Al holds real promise for
making digital payments more secure, more reliable, and more
efficient. Intelligent fraud detection, explainable decisions,
privacy protection, monitoring, and responsible deployment
together will make it far easier for financial institutions to stay
ahead of fraud and keep digital payments secure enough that
users can genuinely rely on them.
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