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ABSTRACT: Fraud detection has become one of the main challenges in cybersecurity, financial security, and online
shopping. Traditional rule-based fraud detection systems are no longer sufficient to struggle against ever-evolving fraud
methods. Machine learning (ML) provides an adaptive, data-driven approach for detecting fraudulent activity in real
time by learning patterns and detecting outliers. This article explores the main ML approaches in fraud detection:
supervised learning (logistic regression, decision trees, gradient boosting, and deep learning), unsupervised learning
(clustering, autoencoders, and isolation forests), and hybrid models. It also mentions the issues related to the source of
the data, feature engineering, challenges such as data imbalance and concept drift, and future research directions such
as explainable Al, adversarial machine learning defenses, and real-time fraud detection using Edge AI. The result
indicates that fraud detection based on Al greatly enhances accuracy, scalability, and adaptability and is, hence, a
critical tool in modern-day cybersecurity.

KEYWORDS: Fraud detection, machine learning, anomaly detection, cybersecurity, supervised learning, unsupervised
learning, Al-driven security.

L. INTRODUCTION

With the rise in online payments, fraud has grown in the banking, e-commerce, and telecom sectors (Odufisan et al.,
2025). Fraudsters constantly develop new methods that rule-based fraud detection systems cannot detect. These systems
work based on known patterns and cannot detect new dynamically changing fraud methods (Njoku et al., 2024). To
address this issue, machine learning and artificial intelligence have emerged as powerful tools to detect fraudulent
activity in real time (Bello & Olufemi, 2024). Machine learning algorithms offer fraud detection using a data-driven
approach by processing large datasets, learning patterns, and identifying outliers. Unlike static rule-based systems, ML
models constantly learn to adapt to new fraud techniques and provide increased detection accuracy (Shihembetsa,
2021). Herein, we present important machine-learning approaches in fraud detection, including supervised,
unsupervised, and hybrid models. We also address the source of the data, feature engineering, and the limitations of
fraud detection using Al and provide fraud prevention directions for the future.

II. KEY MACHINE LEARNING TECHNIQUES FOR FRAUD DETECTION

Supervised Learning Methods (Labeled Data Available)

Supervised learning requires labeled datasets in which the fraudulent and legitimate transactions are known. They learn
from the history and predict whether new transactions are fraudulent (Afriyie et al., 2023). A very simple yet very
powerful supervised learning approach is the application of logistic regression for classifying fraudulent and genuine
transactions. Although the disadvantage of logistic regression is that it does not work well for complex fraud patterns,
decision trees and random forests address this by classifying the transaction based on a collection of decision rules
(International, 2022). Random forests enhance this by using multiple decision trees to provide better accuracy.

More advanced boosting techniques like Gradient Boosting Machines (GBM) and XGBoost improve fraud detection by
iteratively correcting misclassified samples (Olushola & Mart, 2024). These models also detect subtle fraud patterns by
assigning specific weights to specific features. Deep learning-based neural networks work well in large datasets and
sophisticated fraud patterns that might evade regular models. Neural networks can detect complex fraud patterns and
complex fraudulent transactional dependencies and are very effective in today's fraud detection systems.
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Figure 1: Decision Tree Structure (Supervised Learning)
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Figure 1: Supervised Learning

Unsupervised Learning Methods (Anomaly Detection)

Unsupervised learning has particular use in fraud detection since fraud itself happens comparatively infrequently, and
thus, labeled data sets are not straightforward to acquire. Such models detect fraud by searching for deviations from
normal transactional activity (Bello et al., 2023). Clustering algorithms such as K-Means and DBSCAN detect similar
transactions and outliers as potential fraud instances. These models detect outliers by observing transaction clusters and
identifying deviations from normal user behavior. Autoencoders, being neural networks, learn normal transaction
behaviors and identify any deviations as suspect (Cédric Poutré et al., 2024). Since they are trained on non-fraudulent
transaction reconstruction, any deviation from normal transaction behavior is flagged as an anomaly. Isolation forests,
another anomaly detection technique that has become very popular, isolate the anomaly by randomly choosing features
and partitioning the data. Since fraud transactions are rare in number, they are isolated earlier in the tree development
process.

Figure 2: Unsupervised Anomaly Detection Methods
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Figure 2: Unsupervised Learning

Hybrid and Ensemble Models

Hybrid models employ supervised and unsupervised learning to enhance the effectiveness of fraud detection.
Employing an autoencoder for anomaly detection and feeding the suspicious transactions to an XGBoost classifier for
analysis is a common approach. The approach reduces the false positives and enhances fraud detection (Saini et al.,
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2023). Ensemble models, which combine multiple algorithms, enhance fraud detection further by leveraging the
strengths of the different approaches.

III. PROPOSED METHODOLOGY

Data Gathering Sources

Fraud detection models require more than one source of data to determine fraudulent transactions. One of them is the
records of transactions of financial transactions, like credit card transactions, wire transfers of banks, and online
payments (Cherif et al., 2022). E-commerce records, including fraudulent orders, fake reviews, and account takeovers,
also provide useful information (Ayorinde, 2021). Fraud detection in social media and email records, where the most
common types include phishing and impersonation fraud, is another important area. Telecommunication records,
including robocalls and SMS fraud, also assist in identifying fraudulent activity.

Feature Engineering for Fraud Detection

Feature engineering is essential in the improvement of the performance of ML models by extracting useful information
from raw data (Ikeda et al., 2021).

e Transaction-Based Features: These are transaction amount, frequency, location, and time of the transaction,
which are used to detect unusual spending behavior.

e  User Behavior Analysis: Frequency of login, spending pattern, and the device utilized provide indicators of
potential fraud incidents. Unusual behavior, such as login attempts from unfamiliar devices or spending bursts,
indicates fraud (Ti et al., 2022).

o Text analysis for Scam Detection: Natural Language Processing-based approaches analyze scam-specific
terms, sentiment patterns, and linguistic indicators within emails and messages.

e  Graph-Based Features: Scammers operate in fraudulent account networks. Graph-based models analyze the
relationship between the accounts belonging to the scammers and detect organized fraud rings.
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Figure 3: Feature of Unmasking Fraud
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Figure 4: Machine Learning Module Workflow
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Figure 4: Algorithm of Risk Management

Model Training & Evaluation

Fraud detection models face the issue of class imbalance since fraud attempts are rare compared to legitimate ones.
Synthetic Minority Over-sampling Technique (SMOTE) solves the issue by balancing the dataset. Concept drift—
perpetual strategy changes by the scammers—also requires the models to be retrained constantly. Model accuracy is
gauged by precision, recall, and F1-score. Accuracy must be weighed against false positives to avoid blocking genuine
users.

IV. RESULTS AND ANALYSIS

Effectiveness of AI-Driven Fraud Detection

Fraud detection models using Al are significantly better than traditional rule-based systems. Supervised models such as
random forests and XGBoost work well when labeled samples are used (Aryan Ananya et al., 2025). However,
unsupervised models such as autoencoders and isolation forests are better suited for detecting new fraud patterns.
Hybrid models offer the optimal balance between the two by integrating anomaly detection and classification methods
for enhanced fraud prevention.

V. REAL-WORLD APPLICATIONS AND CASE STUDIES

Banking & Fintech: Banks like Visa and PayPal use ML to process payments and detect real-time fraud.
E-commerce websites: Amazon and eBay utilize Al to identify counterfeit reviews and fake seller activity.
Cryptocurrency Exchanges: Binance and Coinbase both use Al to prevent money laundering and fraud.
Social media websites: Facebook and Twitter use machine learning to identify fake accounts, spam messages,
and impersonate scams.

VI. PROBLEMS IN FRAUD DETECTION USING AI

Although effective, fraud detection using Al has numerous challenges. Data imbalance is another issue because fraud
activity is rare, and the models cannot learn effectively (Adhikari et al., 2024). Concept drift also requires models to be
retrained continuously because fraudsters adapt over the years. Explainability and interpretability are concerns,
particularly for deep learning "black box" models. Models must be transparent and interpretable for regulatory
requirements. False positives are also troublesome because fraud detection systems that are too aggressive can
inconvenience legitimate clients.

VII. CONCLUSION & FUTURE RESEARCH DIRECTIONS

Machine learning has transformed fraud detection by providing adaptive and data-driven approaches that are better than
traditional methods (Snezana et al., 2025). Future research needs to focus on federated learning that will enable
multiple institutions to train fraud detection models without sharing sensitive information. Explainable AI (XAI) will
increase the transparency of models, and adversarial ML defenses will make fraud detection more robust against cyber
criminals (Bello et al., 2024). Real-time fraud detection based on Edge Al will also enable fraud prevention on mobile.
With continuous advancements in Al, fraud detection will become increasingly effective in mitigating financial fraud
and cybercrime.
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