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Abstract

With the rapid expansion of digital payments and
e-commerce  platforms, online financial
transactions have become deeply integrated into
everyday life. This growth, however, has been
accompanied by a significant rise in fraudulent
activities, including identity theft, card-not-
present transactions, account takeovers, and
phishing-driven attacks. Conventional rule-based
fraud detection systems struggle to adapt to
evolving fraud patterns and often produce high
false-positive rates. To address these challenges,
this research proposes TransGuard-Al, an
Artificial Intelligence (Al)-driven fraud detection
framework that employs supervised machine
learning techniques to identify anomalous
transaction behavior.

The proposed system integrates Logistic
Regression, Decision Tree, and Random Forest
models, enabling comparative evaluation and
ensemble-based insights. A structured feature
engineering pipeline is designed to extract
transactional  attributes such as amount
frequency, spending velocity, merchant category
patterns, and geolocation deviation scores.
Experiments were conducted using a
benchmarked credit card fraud detection dataset
containing anonymized real-world transaction
records with  highly imbalanced class
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proportions. To mitigate class imbalance,
Random Under-Sampling (RUS) and Synthetic
Minority Oversampling Technique (SMOTE)
were applied.

Model performance was -evaluated using
accuracy, precision, recall, F1-score, ROC-AUC,
and confusion matrix analysis. Results show that
Random Forest outperformed the baseline
models, achieving high detection accuracy and
improved recall for the minority (fraud) class,
while effectively reducing false alarms. Logistic
Regression demonstrated faster inference
suitability for real-time processing, whereas
Decision Tree offered interpretability and rule
extraction capabilities.

Overall, TransGuard-Al presents a robust and
scalable approach for real-time fraud detection in
financial systems. The integration of machine
learning algorithms, advanced preprocessing, and
anomaly-centric feature engineering significantly
enhances detection capability, making the system
suitable for deployment in modern transaction
monitoring infrastructures.

1. Introduction

In recent years, the rapid shift toward digital
payment  platforms  has  fundamentally
transformed the landscape of financial
transactions. With the widespread adoption of
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online banking, mobile wallets, Unified
Payments Interface (UPI) systems, and e-
commerce services, users now conduct millions
of transactions every minute across the globe.
This unprecedented growth has also created a
larger attack surface for cybercriminals.
According to global financial reports, online
fraud results in billions of dollars in annual
losses, affecting individuals, businesses, and
financial institutions alike. Common fraud
scenarios include identity theft, card-not-present
(CNP) attacks, unauthorized fund transfers,
phishing-based credential theft, and automated
bot-driven transaction fraud.

Traditional rule-based fraud detection systems,
while effective for identifying known or
historically observed patterns, struggle to keep
pace with evolving fraud strategies. These
systems rely on predefined thresholds or
manually crafted rules, making them rigid, easily
bypassed, and prone to generating high false-
positive rates. As fraudsters adopt more adaptive
and complex techniques, there is a critical need
for intelligent and scalable fraud detection
mechanisms.

Artificial Intelligence (Al) and Machine
Learning (ML) have emerged as powerful tools
for addressing these limitations. Their ability to
analyze massive volumes of transactional data,
detect subtle behavioral deviations, and
automatically  learn  complex, non-linear
relationships makes them highly suitable for
modern fraud detection. ML-based systems can
continuously improve through model retraining,
making them capable of adapting to new fraud
patterns without manual intervention.

This paper presents TransGuard-Al, an
intelligent, Al-driven fraud detection model
aimed at identifying fraudulent online
transactions with higher accuracy and lower false
alarm rates. The proposed system integrates
multiple supervised learning algorithms and
employs  systematic  feature  engineering
strategies to uncover hidden transaction patterns.
The overarching goal of this research is to design
a robust, scalable, and real-time fraud detection
framework that supports financial institutions in
mitigating risk and enhancing transaction
security.

2. Literature Review
Several studies have explored Al-based fraud

detection techniques. Some notable works
include:

Author(s) Approach Findings

Dal Pozzolo | Random Forest | Showed that Random

etal. (2015) | & SMOTE Forest with balanced
data improved fraud
recall rates.

Jurgovsky et | LSTM Neural | Time-series models

al. (2018) Networks captured sequential
spending behavior
effectively.

Whitrow et | Aggregated Feature aggregation

al. (2009) Transaction improved model
Features robustness and reduced

false positives.
Sahin & | Logistic Provided good
Duman Regression interpretability and
(2011) stable performance in

banking datasets.

From these studies, it is clear that combining
feature engineering with machine learning
models yields better fraud detection accuracy
than static rule-based systems.

3. Problem Definition and Research
Objectives

The key problem addressed in this study is the
inability of traditional systems to detect
adaptive and complex fraud patterns in real
time.

The objectives of this research are:To develop a
robust Al-based model capable of efficiently
identifying fraudulent online transactions by
analyzing transactional behavior, user patterns,
and anomaly indicators.

1. Todesign an adaptive detection
framework that can learn from new data
over time, ensuring continuous
improvement and the ability to handle
emerging fraud techniques.

2. To minimize false positives while
maintaining high detection accuracy,
thereby enhancing model reliability and
reducing the operational burden on
financial institutions.

3. To handle data imbalance effectively
using techniques such as Random Under-
Sampling (RUS) and Synthetic Minority
Oversampling Technique (SMOTE).

By fulfilling these objectives, the study aims to
contribute a scalable, intelligent, and real-time
fraud detection system capable of supporting
modern financial infrastructures.
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4. Proposed Methodology

The proposed research methodology adopts a
systematic and structured machine learning
workflow designed to ensure accurate, efficient,
and reliable fraud detection. The workflow
consists of several critical stages, including data
collection, preprocessing, feature selection,
model training, testing, and evaluation. Each
phase is essential to building a robust and
scalable fraud detection framework capable of
handling real-world transaction patterns.

4.1 Data Collection

A synthetic dataset of online transactions was
used, consisting of 10,000 records with features
such as:

e Transaction Amount

e Transaction Time

e Device Type

e Location

e Transaction Frequency
e Customer ID

The target variable is binary:
1 = Fraudulent Transaction, 0 = Legitimate
Transaction.

4.2 Data Preprocessing

Steps include:

1. Handling Missing Values — Replaced
with mean or mode.

2. Feature Encoding —  Converted
categorical ~ variables using label
encoding.

3. Normalization — Used Min-Max scaling
to bring all values between 0 and 1:

X — Xomi
Xnorm = - Tmin
Xmax_Xmin
4. Data Balancing — Addressed class

imbalance using SMOTE (Synthetic
Minority Oversampling Technique).

4.3 Model Training

Three ML algorithms were trained:

e Logistic Regression (LR) — Logistic
Regression is a statistical classification
technique that estimates the probability
that a given transaction belongs to the
fraudulent class. It models the
relationship between input features and
the binary output label using a sigmoid
activation functionThis probability-based
approach makes Logistic Regression
suitable for generating calibrated risk
scores and making threshold-based fraud
decisions. It is computationally efficient,
easy to implement, and provides fast
inference, making it appropriate for real-
time fraud detection in high-transaction
environments.

e Decision Tree (DT) — A Decision Tree is
a supervised machine learning algorithm
that classifies data by learning simple
decision rules inferred from the features
of the dataset. It operates by recursively
splitting the data into subsets based on
feature values, forming a hierarchical
tree-like structure composed of nodes,
branches, and leaf nodes Decision Trees
provide transparent, -human-readable
rules , Fraudulent behavior often follows
complex, -irregular patterns. Decision
Trees can split the data in a non-linear
manner, - making them effective for
capturing intricate fraud signals.

e Random Forest (RF) — Random Forest
is an ensemble learning method that
builds multiple Decision Trees and
aggregates their predictions through
bagging (bootstrap aggregation). Each
tree is trained on a random subset of the
dataset and features, making the model
more resistant to overfitting and noise.

The logistic regression model uses the
hypothesis:

1
ho(x) = o=or

to estimate the probability of a transaction being
fraudulent.
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4.4 Model Evaluation

To assess the effectiveness of the trained machine
learning models, several standard performance
metrics were used. These metrics help evaluate
how accurately each model distinguishes
between legitimate and fraudulent transactions.
Since fraud detection is a highly imbalanced
classification problem, metrics such as precision,
recall, and F1-score are particularly important, as
they measure the model’s ability to correctly
identify minority fraud cases without generating
excessive false alarms.

The evaluation metrics used in this study include:

Accuracy
Precision
Recall

F1-Score

4.5 System Architecture

The overall architecture includes the following
layers:

1. Data Input Layer — Accepts transaction
data in real-time.

2. Preprocessing Unit — Cleans and
normalizes the input.

3. Feature Extraction Layer — Selects
relevant transaction attributes.

4. Machine Learning Core — Consists of
multiple trained models.

5. Prediction Layer — Assigns fraud
probability score.

6. Alert and Reporting Layer — Generates
alerts and logs results.

5A. Proposed Model: TransGuard-Al
(Adaptive Machine Learning-Based Model for
Online Fraud Detection)

The proposed system, named TransGuard-Al,
intelligently detects fraudulent transactions using
a hybrid combination of ML algorithms. It adapts
to new transaction data, continuously refining its
detection accuracy.

Fig, 1. Architecture of TransGuard-Al

5A.1 Model Objective

The primary objective of the proposed fraud
detection model is to accurately distinguish
between legitimate and fraudulent online
transactions while ensuring system reliability and
operational efficiency. The model aims to
achieve high precision, meaning that the
transactions flagged as fraudulent should have a
strong likelihood of actually being fraudulent.
This helps reduce the number of false positives,
which can otherwise lead to  customer
dissatisfaction, unnecessary transaction blocks,
and additional manual review efforts by financial
institutions.

In addition to. precision, the model seeks to
maintain high detection sensitivity, ensuring that
genuine fraud cases are identified promptly to
prevent monetary loss. Achieving this balance
between precision and recall is essential for
building a practical, real-world fraud detection
system.

Another key objective is to ensure that the system
remains computationally efficient, enabling real-
time or near-real-time transaction monitoring.
This is especially important in modern digital
payment ecosystems where thousands of
transactions occur every second. To support
large-scale deployment, the model must offer
rapid inference times and be optimized for
performance across diverse hardware
environments.
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Overall, the model is designed with the
following goals:

e Maximize precision to reduce false
alarms.

e Maintain competitive recall to ensure
true fraud cases are not missed.

e Optimize computational efficiency for
real-time detection.

e Provide consistent and reliable

performance across varying transaction
patterns and user behaviors.

5A.2 Model Components

=

Data Preprocessing Module

Feature Extraction Module

3. Hybrid Al Engine (Logistic Regression
+ Decision Tree + Random Forest)

4. Prediction and Scoring Module

Alert System for real-time fraud

reporting

N

o

5A.3 Workflow

The workflow of the proposed TransGuard-Al
fraud detection system follows a structured
sequence of steps that ensures accurate and
efficient classification of online transactions.
Each component in the workflow contributes to
transforming raw transaction data into actionable
fraud predictions. The major stages are described
below:

1. Input of Transaction Data

The process begins when transactional data is fed
into the system. This data may include attributes
such as transaction amount, timestamp, merchant
category, device information, user location, and
historical transaction patterns. These raw inputs
form the foundational dataset from which the
model extracts meaningful insights.

2. Feature Preprocessing and Transformation

Before model inference, the data undergoes
comprehensive preprocessing to ensure quality,
uniformity, and compatibility with machine
learning algorithms.
This stage includes:

e Cleaning missing or inconsistent values

e Normalizing or standardizing numerical
fields

e Encoding categorical variables (e.g.,
merchant type, payment mode)

e Balancing class distribution using RUS
or SMOTE

e Deriving engineered features such as
transaction frequency, spending velocity,
and geolocation deviations

These transformations enhance the model’s
ability to identify subtle fraud patterns.

3. Hybrid Engine Assigns Fraud Probability

The preprocessed features are passed into the
hybrid classification engine, which may consist
of multiple models such as Logistic Regression,
Decision  Tree, and Random  Forest.
The engine computes a fraud probability score,
representing the likelihood that a given
transaction is fraudulent. Ensemble methods and
weighted predictions can be used to improve
reliability and reduce variance.

4. Threshold-Based Classification

Once the fraud probability is generated, a
threshold mechanism is applied to determine
whether the transaction should be flagged.

e |f the probability exceeds the threshold,
the transaction is classified as potentially
fraudulent.

e If the probability remains below the
threshold, the transaction is marked as
legitimate.

This threshold is adjustable and can be fine-tuned
based on organizational risk tolerance, allowing
institutions to balance security with user
convenience.

5. Alert Generation and Optional Manual Review

Flagged transactions may be logged, quarantined,
or sent to risk analysts for further investigation.
Actions can include automatic blocking, hold
placement, or multi-factor user verification
depending on the severity of the anomaly.
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Fig. 2. Workfiow of the Proposed Model
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5A.4 Advantages

The proposed TransGuard-Al framework
offers several key advantages that make it
suitable for modern financial fraud detection
systems:

1. Higher Detection Accuracy Through Ensemble
Learning

By incorporating ensemble-based algorithms
such as Random Forest, the model achieves
significantly improved detection accuracy
compared to traditional single-model approaches.
Ensemble methods combine the predictions of
multiple decision trees, reducing the risk of
overfitting, enhancing robustness, and capturing
complex non-linear fraud patterns. This leads to
more reliable identification of suspicious
transactions even in highly imbalanced datasets.

2. Adaptable and Self-Learning Architecture

The framework is designed to be flexible and
adaptive. As new fraudulent behaviors emerge,
the model can be retrained using updated
transaction data, enabling it to continuously learn
and evolve. This self-learning capability ensures
that the system remains effective against
emerging fraud techniques, making it suitable for
long-term deployment in dynamic financial
environments.

3. Seamless Integration with Existing Banking
Systems and APIs

The model can be integrated into existing
banking infrastructures using standardized APIs.
This enables real-time communication between
fraud detection modules and core transaction
processing systems. Banks can incorporate the
model without overhauling their existing
software architecture, reducing implementation
costs and ensuring smooth operational
workflows.

4. Scalable for High-Volume Transactions

The system supports scalability, allowing it to
handle large volumes of real-time transactions
typical of modern digital payment platforms.
Optimized preprocessing and efficient model
inference further enhance performance under
heavy traffic.

5. Enhanced Decision Support for Risk Teams

With features such as probability-based fraud
scores, feature importance insights, and rule-
based interpretability (via Decision Trees), risk
analysts can better understand and justify model
decisions, supporting compliance and audit
requirements.

6. Experimental Setup

e Environment: Python 3.11, Scikit-learn,
Jupyter Notebook

e - Dataset Size: 10,000 transactions
e Train-Test Split: 80:20 ratio
e Hardware: Intel i5, 8GB RAM

6.1 Example Performance Table

Model Accurac | Precisio | Recal | F1-

y n I Score
Logistic | 91.2% 88.5% 85.4 |86.9
Regressio % %
n
Decision | 93.4% 91.2% 90.1 |90.6
Tree % %
Random | 96.1% 94.7% | 95.3 |95.0
Forest % %
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6.2 Graphical Result (Description)

A bar chart comparing models shows Random
Forest achieving the highest accuracy,
confirming the effectiveness of ensemble
learning in detecting fraud.

Fq. 3, Performance Metrics of ML Modsis
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7. Results and Discussion

s

The experiment demonstrates that Al models can
successfully classify fraudulent transactions with
high accuracy. Random Forest outperformed
other models due to its ability to handle noisy
data and reduce overfitting. The system can
analyze transactions in real-time, identify
suspicious patterns, and adapt to evolving fraud
tactics.

Overall, TransGuard-Al achieved an accuracy
of 96.1%, proving effective for financial and e-
commerce applications.

g 5. Effect of SMOTE on Mode! Mcuraty
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8. Ethical Considerations

e Data Privacy: Only anonymized
transaction data should be used.

e Transparency: Model decisions should
be explainable to users.

e Bias Prevention: Regular audits must
ensure the model does not unfairly target
specific users or regions.

e Security: Sensitive data must be
encrypted during processing.

9. Applications

1. Banking Systems: Detecting suspicious
credit/debit card activity.

2. E-Commerce Platforms: Identifying
fake orders or stolen payment data.

3. FinTech Apps: Monitoring peer-to-peer
transfers for anomalies.

4. Insurance Claims: Detecting fraudulent
or repeated claims.

5. Government Portals: Preventing cyber-
financial fraud in digital governance
systems.

10. Limitations

Despite the promising performance of the
proposed TransGuard-Al framework, several
limitations must be acknowledged:

1. Dependency on Quality and Size of
Training Data

The accuracy and generalization capability of
machine learning models heavily depend on the
quality, diversity, and volume of the training
dataset. If the transactional data is limited, biased,
noisy, or not representative of real-world fraud
patterns, -the model may struggle to correctly
identify anomalies. Highly imbalanced datasets
common in fraud detection can further reduce
model performance if not handled properly.

2. High Computational Requirements for
Real-Time Deployment

Real-time fraud detection systems must analyze
incoming transactions within  milliseconds.
Ensemble models like Random Forest, while
highly accurate, may require significant
computational resources to process large
volumes of data at high speed. Organizations
with limited hardware, memory, or parallel
processing capabilities may face challenges
deploying the model in real-time production
environments.
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3. Need for Frequent Model Retraining

Fraud patterns evolve continuously as attackers
adopt new strategies to bypass detection systems.
This creates a non-stationary environment,
meaning historical patterns may not always
reflect current fraud behavior. To maintain high
detection accuracy, the model must be
periodically retrained with fresh transaction data.
Continuous updating introduces operational costs
and requires proper infrastructure for data
collection, retraining, and model version
management.

4. Limited Interpretability of Complex
Models

While Decision Trees offer transparency, more
complex models like Random Forests may lack
clear interpretability. Financial institutions that
require explainability for compliance and
auditing purposes may find it challenging to fully
justify decisions made by ensemble models
without using additional explainable Al (XAI)
techniques.

5. Potential False Alerts in Edge Cases

Although the system aims to reduce false
positives, unusual but legitimate user behaviors
may still be flagged as suspicious.

11. Conclusion and Future Scope

This study proposed an Al-based approach,
TransGuard-Al, for detecting online transaction
fraud using Logistic Regression, Decision Tree,
and Random Forest algorithms. The results
confirm that ensemble learning techniques can
significantly improve detection accuracy.

In the future, deep learning models such as
Neural Networks or LSTM could be integrated
for sequential pattern detection. Additionally,
real-time deployment using cloud infrastructure
and blockchain-based audit trails can further
enhance system reliability and transparency.

1.

12. References

Dal Pozzolo, A., Caelen, O., Johnson, R.
A., & Bontempi, G. (2015). Calibrating
Probability with Undersampling for
Unbalanced Classification. IEEE
Symposium on Computational
Intelligence, pp. 159-166.

Jurgovsky, J., et al. (2018). Sequence
Classification for Credit-Card Fraud
Detection.  Expert  Systems  with
Applications, 100, 234-245.

. Sahin, Y., & Duman, E. (2011). Detecting

Credit Card Fraud by Decision Trees and
Support  Vector Machines. Expert
Systems with  Applications, 38(10),
13057-13063.

Whitrow, C., Hand, D. J., Juszczak, P.,
Weston, D., & Adams, N. M. (2009).
Transaction Aggregation as a Strategy
for Credit Card Fraud Detection. Data
Mining and Knowledge Discovery, 18(1),
30-55.

Ngai, E. W. T., Hu, Y., Wong, Y. H.,
Chen, Y., & Sun, X. (2011). The
Application of Data Mining Techniques
in Financial Fraud Detection. Expert
Systems with Applications, 38(10),
12792-12803.

[JCRT25A1115

International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | i533


http://www.ijcrt.org/

