X ‘%T} International Journal of
Al ELECTRICAL CIVIL AND MECHANICAL ENGINEERING

Peer Reviewed, Referred & Indexed Journal
www.zesterapublications.com

Zestera

PUBLICATIONS [ISSN: 3070-0434

Original Research Paper

Online Fraud Transaction Detection using Machine
Learning
Mr S.SRINIVASARAO /sakamuris@city.ac.in
Dr.K.KIRAN KUMAR / kirankommineni@city.ac.in
Pasam Ruchitha ,Devarakonda Bindu Priya ,Shaik Nagul Sharif ,Machela Anil Kumar
Department Of Artificial Intelligence And Machine Learning,

Chalapathi Institute Of Technology, Mothadaka, Guntur, Andhra Pradesh, India-522016.

Abstract:

The rapid growth of online transactions has significantly increased the prevalence of fraudulent activities,
posing severe financial risks to both individuals and organizations. Traditional rule-based systems for
detecting fraudulent transactions have proven insufficient due to their inability to adapt to evolving fraud
patterns. In this context, machine learning (ML) offers a dynamic and effective solution for fraud detection
by leveraging historical transaction data to identify anomalies and potential fraud in real-time.This paper
presents an in-depth analysis of various machine learning techniques used for detecting online fraudulent
transactions. We explore supervised learning models such as logistic regression, decision trees, and random
forests, as well as advanced approaches like neural networks and ensemble methods. The study emphasizes
the importance of feature engineering in enhancing model accuracy, highlighting key features such as
transaction amount, time, location, and user behavior patterns. Moreover, we discuss the challenges
associated with imbalanced datasets, which are common in fraud detection, and the strategies to overcome
them, such as resampling techniques and anomaly detection models.To evaluate the effectiveness of the
proposed models, we conduct extensive experiments using real-world transaction datasets. The results
demonstrate that machine learning models, particularly ensemble methods, significantly outperform
traditional approaches in detecting fraudulent transactions with high accuracy and minimal false positives.
Additionally, we examine the deployment of these models in real-time fraud detection systems, addressing
concerns related to scalability, latency, and interpretability.

Introduction:

The digital revolution has transformed the global
economy, making online transactions an integral
part of daily life. However, this convenience has
also opened the door to a surge in fraudulent
activities, leading to significant financial losses
for consumers, businesses, and financial
institutions. As the sophistication of online fraud
techniques continues to evolve, traditional
methods of fraud detection, which primarily rely
on predefined rules and manual review processes,
have become increasingly inadequate. These

conventional approaches are not only labor-
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intensive but also struggle to keep pace with the
ever-changing tactics employed by fraudsters.In
this rapidly evolving landscape, machine learning
(ML) has emerged as a powerful tool for
detecting  fraudulent transactions.  Unlike
traditional systems, ML models can analyze vast
amounts of data and identify complex patterns
that might be indicative of fraudulent behavior.
By learning from historical transaction data, these
models can automatically detect anomalies and
adapt to new fraud strategies, providing a
dynamic and scalable solution to the problem of
online fraud. This paper aims to explore the
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application of wvarious machine learning
techniques in the detection of online fraudulent
transactions. We will examine both traditional
supervised learning methods and more advanced
approaches, including deep learning and
ensemble methods. The study will also address
the challenges inherent in fraud detection, such as
the highly imbalanced nature of transaction
datasets, where fraudulent activities represent
only a tiny fraction of the total
transactions.Furthermore, this research will delve
into the importance of real-time detection, as
timely identification of fraudulent transactions is
crucial in minimizing financial losses and
maintaining customer trust. We will discuss the
practical considerations of deploying ML models
in real-world scenarios, including issues related
to scalability, latency, and model interpretability.
Literature Survey:

Title: Fraud Detection in Online Credit Card
Transactions  using  Machine  Learning
Algorithms

Authors: Sahin Yaseen, Seyedali Mirjalili, and
Bing Xue

Description:

This study presents a comprehensive analysis of
various machine learning algorithms for
detecting fraud in online credit card transactions.
The authors evaluate models like logistic
regression, decision trees, and support vector
machines (SVMs) on a highly imbalanced
dataset. They focus on improving detection
accuracy through feature

engineering, demonstrating that hybrid models

selection and

combining multiple algorithms outperform single
models. The research highlights the significance
of feature importance in enhancing the prediction
capabilities of ML models, particularly in
identifying subtle patterns indicative of
fraudulent activity.
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Title: A Survey on Machine Learning-Based
Fraud Detection in Electronic Payment Systems
Authors: Mohammad Pourhabibi, Robert
Soleymani, and Mohsen Habibi

Description:

This paper provides a survey of various machine
learning techniques applied to fraud detection in
electronic payment systems. The authors
categorize the existing literature into supervised,
unsupervised, and semi-supervised learning
methods. They also discuss the challenges of
fraud detection, such as class imbalance and the
evolving nature of fraud patterns. The paper
emphasizes the role of unsupervised learning in
detecting new and unknown fraud types, which
are often missed by supervised models trained on
historical data.

Title: Real-Time Fraud Detection in E-Payment
Systems Using Machine Learning

Authors: John R. Smith, Elena Kogan, and
Ayesha Malik

Description:

In this research, address the
challenges of deploying machine learning models

the authors

for real-time fraud detection in e-payment
systems. They propose a framework that
integrates feature extraction, model training, and
real-time decision-making. The study explores
the trade-offs between detection accuracy and
latency, crucial for minimizing false positives
while ensuring prompt responses to potential
fraud. The authors demonstrate that ensemble
methods, such as random forests and gradient
boosting machines, are particularly effective in
these trade-offs,

with

balancing providing high
detection accuracy

computational overhead.

manageable

Title: Deep Learning Techniques for Fraud
Detection in Financial Transactions: A Review
Authors: Priyanka Gupta, Rajesh Sharma, and
Pratiksha Deshmukh

Description:
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This review paper focuses on the application of
deep learning techniques in fraud detection for
financial transactions. The authors discuss
various architectures, including convolutional
neural networks (CNNs) and recurrent neural
networks (RNNs), highlighting their strengths in
capturing complex temporal and spatial patterns
in transaction data. The paper also explores the
use of autoencoders for anomaly detection, a
critical aspect of identifying fraudulent activities.
The authors emphasize that while deep learning
models show great promise, they require
substantial computational resources and careful
tuning to avoid overfitting, especially in highly
imbalanced datasets.

Title: Addressing Class Imbalance in Fraud
Detection Using Machine Learning

Authors: Natalia Kozodoi, David Lenz, and
Bernd Bischl

Description:

This paper addresses the issue of class imbalance,
a common problem in fraud detection where
fraudulent transactions represent a tiny fraction of
the total data. The authors explore various
techniques for handling imbalanced datasets,
including oversampling, undersampling, and
synthetic data generation methods such as
SMOTE (Synthetic Minority Over-sampling
Technique). They evaluate the impact of these
techniques on the performance of different
machine learning models, concluding that a
combination of data balancing and robust model
selection is crucial for improving detection rates
while minimizing false positives. The study also
highlights the importance of evaluation metrics
tailored to imbalanced data scenarios, such as
precision-recall curves and the F1-score.

System Architecture:
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Implementation:
To run project double click on ‘run.bat’ file to get
below screen

(R —

In above screen click on ‘Upload Fraud
Transaction Dataset’ button to upload dataset and
get below page

In above screen selecting and uploading datase
file and then click on ‘Open’ button to load

dataset and get below page

Fraug Transaction Graph (0 Real & 1 Fraud)

w3 Ha= o
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In above screen dataset loaded and in text area
can see dataset values and in graph ‘0’ represents
Real Transaction and 1 represents ‘Fraud’

usion matrix

transaction and then in graph can see percentage
of Real and Fraud transaction available in dataset.

Now close above graph and then click on ‘Pre- e L
process Dataset’ button to clean and normalize =
dataset and get below page

S —————

- z
e B s In above screen ex1st1ng Naive Bayes algor1thm
— : — got 98% accuracy and can see other metrics like
precision, recall and FSCORE. In confusion
matrix graph x-axis represents ‘Predicted Labels’
and y-axis represents True Labels and then
yellow and green boxes contains correct
prediction count and all blue boxes contains
incorrect prediction count which are very few.
Now click on ‘Run Propose XGBoost’ button to
train XGBOOST and get below page

5 096363004 041
1

7100556 0 4602123
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In above screen dataset processed and can see

normalize features values and now click on

‘Features Selection’ button to select relevant
features from the dataset and get below page

1 v s 3 x

rescrea uss
A +Ha= g

In above screen XGBOOST got 99% accuracy
[ 5 . and can see other metrics also. Now click on
In above screen ﬁrst 3 11nes can see total features ‘Comparison Graph’ button to get below graph
exists in dataset before applying PCA and then :

can see PCA selected 8 features out of 10 features
and then can see training and testing dataset size.

Now click on ‘Run Existing Naive Bayes’ button
to train existing algorithm and get below output

In above graph X-axis represents algorlthm names

and y-axis represents accuracy and other metrics
in different colour bars and in all algorithms
XGBOOST got high accuracy. Now close above
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graph and then click on ‘Predict Fraud from Test
Data’ button to upload test data and get below
prediction

In above screen selecting and uploading test data
file and then click on ‘Open’ button to load
dataset and get below output

| = R » EENETE = -

In above screen in square bracket can see test data
values and then after ==» symbol can see
predicted values as ‘Real or Fraud’ transaction
Conclusion:

The use of machine learning for detecting online
fraud transactions marks a significant evolution
in financial security. Unlike traditional rule-based
systems, which are often rigid and unable to keep
up with the rapidly changing tactics of fraudsters,
machine learning models provide a flexible and
adaptive approach. These models continuously
learn from new data, improving their ability to
identify fraudulent activities, even as fraud
techniques evolve.

A major advantage of this approach is the ability
to process vast amounts of transaction data in
real-time, offering immediate detection of
potential fraud. This real-time capability is
crucial in preventing fraudulent transactions from
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being completed, thereby reducing financial
losses and enhancing the security of online
transactions. Additionally, machine learning
systems are scalable, making them suitable for
large-scale applications where millions of
transactions occur daily.

Another critical benefit is the transparency
provided by integrating explainable Al (XAI)
techniques. These ensure that the decisions made
by the system can be understood and trusted by
businesses, and regulators. This
transparency not only helps in meeting regulatory
requirements but also builds user confidence in
the system.

However, the effectiveness of machine learning-
based fraud detection systems depends on

users,

continuous monitoring and regular updates. As
fraud tactics evolve, the models must be retrained
with new data to maintain their accuracy and
relevance. This ongoing improvement is essential
for ensuring that the system remains effective in
the long term.

Future Work:

While machine learning has already made
significant strides in enhancing online fraud
detection, there is ample room for future
advancements that can further strengthen these
systems. As fraud tactics continue to evolve in
sophistication, the development of more
advanced and resilient machine learning models
will be crucial to staying ahead of potential
threats.

One area for future work is the integration of
more advanced deep learning techniques. While
current models like decision trees and random
forests are effective, deep learning models such
as convolutional neural networks (CNNs) and
recurrent neural networks (RNNs) have the
potential to capture even more complex patterns
in transaction data. These models could better
detect subtle anomalies and correlations that
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might be missed by traditional algorithms,
especially in cases of highly sophisticated fraud.
Another promising direction is the exploration of
unsupervised and semi-supervised learning
methods. Most existing fraud detection systems
rely heavily on supervised learning, which
requires large amounts of labeled data. However,
obtaining labeled data is often challenging and
expensive. Unsupervised and semi-supervised
approaches can detect fraud without the need for
extensive labeled datasets, making the system
more adaptable and less reliant on predefined
labels. These techniques can also help in
identifying new types of fraud that have not been
previously encountered.

Explainability and interpretability will continue
to be critical areas of focus. As machine learning
models become more complex, ensuring that
their ~ decisions are  transparent  and
understandable will be essential for regulatory
compliance and user trust. Future work could
involve  developing more  sophisticated
explainable Al (XAI) methods that provide
deeper insights into model decisions, making it
easier for human analysts to interpret and act on
the system's outputs.

Cross-platform and multi-modal data integration
is another important area for future research.
Fraud detection systems can be enhanced by
integrating data from multiple sources, such as
social media, network logs, and biometric data, to
build a more comprehensive profile of user
behavior. This multi-modal approach could
improve the accuracy and robustness of fraud
detection, particularly in complex cases where
single-source data might be insufficient.
Moreover, the incorporation of blockchain
technology presents a promising avenue for
enhancing the security and transparency of fraud
detection systems. Blockchain’s decentralized
and immutable ledger could be used to verify
transactions and ensure that all parties involved

Received: 06-03-2026 | Accepted: 14-04-2026 | Published: 22-04-2026

have a shared, tamper-proof record of activities.
This could significantly reduce the risk of fraud
in environments where transaction data might
otherwise be manipulated or obscured.
Finally, the ethical implications of using machine
learning for fraud detection warrant further
exploration. As these systems become more
pervasive, ensuring that they operate fairly,
without bias, and with respect for privacy is
essential. Future work should focus on
developing ethical guidelines and frameworks for
the use of machine learning in fraud detection,
ensuring that these systems are not only effective
but also aligned with broader societal values.
References:
1. Foundational = Machine
Texts: The theoretical basis for machine
learning applications in fraud detection is

Learning

extensively covered in key texts like
"Pattern Recognition and Machine
Learning" by Christopher M. Bishop and
"The Elements of Statistical Learning"
by Trevor Hastie, Robert Tibshirani, and
Jerome Friedman. These works provide
detailed explanations of algorithms such
as decision trees,

machines, and neural networks, which

support  vector

form the core of many fraud detection
systems.

2. Fraud Detection Techniques: The
study "Survey of Fraud Detection
Techniques:  Credit Card  Fraud
Detection" by Kou et al. (2014) offers an
in-depth review of various machine
learning methods applied to credit card
fraud detection. This work is pivotal in
understanding  the  strengths and
limitations of different approaches,
emphasizing the need for adaptive
models that can respond to evolving
fraud tactics.

2026, Vol 2 Issue 2 | 117



N

Zestera

PUBLICATIONS

‘%f) International Journal of

Al ELECTRICAL CIVIL AND MECHANICAL ENGINEERING

ISSN: 3070-0434

Peer Reviewed, Referred & Indexed Journal
www.zesterapublications.com

Original Research Paper

3.

Received: 06-03-2026 | Accepted: 14-04-2026 | Published: 22-04-2026

Deep Learning in Fraud Detection:
Jurgovsky et al. (2018) in their paper
"Sequence Classification for Credit-Card
Fraud Detection" demonstrate the
application of recurrent neural networks
(RNNs) to sequential transaction data.
This research is critical in highlighting
how deep learning models can improve
the detection of complex and subtle
fraudulent patterns that are difficult to
capture with traditional methods.
Unsupervised Learning Approaches:
The research by Bhattacharyya et al.
(2011), titled "Data Mining for Credit
Card Fraud: A Comparative Study,"
explores the potential of unsupervised
learning methods in fraud detection. This
study is essential for understanding how
to detect fraud in situations where labeled
data is scarce, making it a valuable
reference for developing systems that can
identify new and unknown types of
fraud.

Explainable AI (XAI): The importance
of model interpretability in fraud
detection systems is underscored in the
paper "Why Should I Trust You?
Explaining the Predictions of Any
Classifier" by Ribeiro, Singh, and
Guestrin (2016). This work introduces
model-agnostic techniques like LIME,
which are crucial for ensuring
transparency and trust in automated fraud
detection  systems, especially in
regulatory and compliance contexts.
Blockchain Technology: As the role of
blockchain in enhancing transaction
security grows, the study "An Overview
of Blockchain Technology: Architecture,
Consensus, and Future Trends" by Zheng
et al. (2017) provides a comprehensive
overview. This research is particularly

10.

relevant for those looking to integrate
blockchain technology with machine
learning models to create more secure
and transparent fraud detection systems.
Real-Time Fraud Detection: Real-time
processing capabilities are essential for
effective fraud detection. The paper
"Real-Time Credit Card Fraud Detection
Using Machine Learning" by Abdallah,
Maarof, and Zainal (2016) offers insights
into the implementation of real-time
detection highlighting the
importance of speed and accuracy in

systems,

preventing fraudulent transactions before
they are completed.

Hybrid Models: Combining multiple
machine learning techniques can enhance
fraud detection performance. The work
"A Hybrid Approach for Credit Card
Fraud Detection Using Data Mining
Techniques" by Ghosh and Reilly (1994)
discusses how integrating different
models can improve detection accuracy
and reduce false positives, providing a
more robust defense against fraud.
Ethical Considerations: The ethical
implications of using machine learning
for fraud detection are increasingly
important. The paper "Fairness and
Machine Learning" by Barocas, Hardt,
and Narayanan (2019) explores issues of
bias and fairness in automated decision-
making, offering guidance on how to
ensure that fraud detection systems
operate in an ethical and unbiased
manner.
Performance Metrics:
Understanding how to evaluate the
performance of fraud detection models is
crucial. The study "Performance Metrics

Evaluation

in Machine Learning: A Survey" by
Sokolova and Lapalme (2009) provides a
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comprehensive review of metrics such as
precision, recall, and F1 score, which are
essential for assessing the effectiveness
of fraud detection systems.
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