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Abstract

The rapid expansion of digital financial services has significantly increased the risk and sophistication of fraudulent
activities. Traditional rule-based fraud detection systems lack adaptability against evolving fraud patterns and often fail in
highly imbalanced data environments. Machine learning (ML) techniques provide automated, scalable, and adaptive
solutions for fraud detection. This study presents a comprehensive comparative analysis of five prominent ML
algorithms—Logistic Regression, Decision Tree, Support Vector Machine (SVM), Random Forest, and Extreme Gradient
Boosting (XGBoost)—for financial fraud detection. The models are evaluated using multiple performance metrics,
including accuracy, precision, recall, F1-score, and AUC-ROC, under standardized preprocessing and class imbalance
handling strategies. Experimental findings indicate that ensemble and boosting methods outperform traditional classifiers,
particularly in recall and AUC metrics, making them more suitable for real-world financial systems. The study further
analyzes interpretability, computational complexity, and deployment feasibility to provide practical recommendations.

Keywords : Fraud Detection, Machine Learning, Random Forest, XGBoost, Support Vector Machine, Class Imbalance,
Financial Security, AUC-ROC.

1. Introduction

The financial sector has undergone unprecedented digital transformation with the proliferation of online banking,
electronic payments, and mobile transactions. While digitalization has enhanced efficiency and accessibility, it has
simultaneously increased vulnerability to financial fraud. Fraudulent activities such as credit card fraud, identity theft,
insurance fraud, and transaction manipulation result in substantial financial losses annually. The dynamic and adaptive
nature of fraudulent behavior makes detection increasingly challenging.

Traditional fraud detection systems are primarily rule-based, relying on expert-defined thresholds and manually updated
rules. These systems are limited in scalability and struggle to adapt to new fraud strategies. Furthermore, they generate
high false-positive rates, leading to customer dissatisfaction and operational inefficiencies.

Fraud detection can be formulated as a binary classification problem, where the objective is to classify transactions as
fraudulent or legitimate. However, it presents unique challenges:

. Severe class imbalance (fraud cases often <1%)
. Dynamic and evolving attack patterns

. High cost of misclassification

. Real-time detection requirements

Machine learning models provide adaptive, data-driven solutions by learning complex transaction patterns from historical
data. This study aims to conduct a systematic comparative evaluation of five widely used ML algorithms to determine
their effectiveness in fraud detection. The primary contributions were:

1. Comprehensive evaluation of five ML algorithms under identical experimental conditions.
2. Multi-metric assessment addressing class imbalance.
3. Comparative analysis of interpretability, scalability, and deployment feasibility.
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2. Literature Review

Fraud detection has been extensively studied in the domains of financial security, data mining, and machine learning. The
evolution of fraud detection research reflects a shift from traditional statistical approaches to advanced ensemble and deep
learning techniques. This section synthesizes prior research contributions, methodological developments, and identified
research gaps.

2.1 Early Statistical and Rule-Based Approaches

Initial fraud detection systems were primarily rule-based and relied on manually engineered features and expert-defined
thresholds. However, as fraud patterns became increasingly complex, these systems demonstrated limited adaptability.

Statistical learning methods such as Logistic Regression and discriminant analysis were early machine learning
approaches used for fraud detection. Bhattacharyya et al. [16] conducted one of the earliest comparative studies on credit
card fraud detection, demonstrating that traditional classifiers such as Logistic Regression and Neural Networks
outperform naive statistical methods. However, their performance was constrained by linear decision boundaries.

Similarly, Ngai et al. [17] provided a comprehensive classification framework reviewing data mining techniques applied
to financial fraud detection. Their study emphasized that statistical models are interpretable but often fail to capture
nonlinear fraud patterns present in large transactional datasets.

2.2 Decision Tree and Ensemble Learning Approaches

Decision Trees introduced nonlinear modeling capabilities into fraud detection systems. Quinlan’s foundational work on
decision tree induction [6] established the theoretical basis for tree-based classification models. However, single decision
trees are prone to overfitting, especially in imbalanced datasets.

To address variance and stability issues, Breiman [5] proposed Random Forest, an ensemble technique combining
multiple trees using bootstrap aggregation. Random Forest demonstrated improved generalization and robustness in fraud
detection tasks.

Bahnsen et al. [1] extended tree-based models to cost-sensitive decision trees, highlighting the importance of
incorporating misclassification costs in fraud detection, where false negatives are significantly more expensive than false
positives.

Dal Pozzolo et al. [4] emphasized the practitioner perspective in credit card fraud detection and demonstrated that
ensemble-based models outperform single classifiers in real-world financial systems.

2.3 Support Vector Machines and Margin-Based Methods

Support Vector Machines (SVM), introduced by Cortes and Vapnik [7], became popular due to their strong theoretical
foundations and ability to model high-dimensional nonlinear decision boundaries using kernel functions.

Studies comparing SVM with other classifiers showed competitive performance in fraud detection, particularly when
feature spaces are high-dimensional. However, computational complexity remains a concern for large-scale real-time
financial systems [16].
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2.4 Boosting and Gradient-Based Optimization

Boosting methods significantly advanced fraud detection accuracy by sequentially improving weak learners. Chen and
Guestrin [8] introduced XGBoost, a scalable gradient boosting framework that integrates regularization and parallel
processing.Empirical evidence shows that XGBoost consistently achieves superior AUC-ROC and Fl-scores in
imbalanced fraud detection datasets [4], [16]. Its ability to handle missing values and model complex interactions makes it
particularly effective in financial applications.

2.5 Class Imbalance Handling

A major challenge in fraud detection is extreme class imbalance. Japkowicz and Stephen [9] conducted a systematic study
of the class imbalance problem, highlighting that standard accuracy metrics can be misleading.He and Garcia [10] further
analyzed learning from imbalanced data and emphasized the need for alternative metrics such as recall, F1-score, and
AUC-ROC.Chawla et al. [11] proposed SMOTE (Synthetic Minority Oversampling Technique), which generates
synthetic minority class examples to balance datasets. SMOTE has become a standard preprocessing step in fraud
detection pipelines.Carcillo et al. [12] extended imbalance research to streaming environments, proposing active learning
strategies for real-time fraud detection.

2.6 Outlier Detection and Anomaly-Based Methods

Fraud detection is closely related to anomaly detection. Hodge and Austin [2] provided a comprehensive survey of outlier
detection methodologies, categorizing techniques into statistical, distance-based, density-based, and clustering
approaches. Whitrow et al. [3] demonstrated that transaction aggregation strategies enhance fraud detection by
incorporating behavioral features over time rather than analyzing individual transactions in isolation.Phua et al. [14]
presented a broad survey of fraud detection research and concluded that hybrid models combining anomaly detection and
supervised learning often yield superior results.

2.7 Deep Learning Approaches

With increasing data volume, deep learning techniques have gained prominence. Dahl et al. [15] demonstrated large-scale
classification using neural networks for cybersecurity applications, providing insights applicable to financial fraud
detection. Goodfellow et al. [18] provided foundational theory on deep learning architectures capable of capturing
hierarchical feature representations. Neural networks, particularly recurrent models, are effective for sequential
transaction analysis. However, despite improved predictive power, deep learning models often lack interpretability, which
is critical in financial regulatory environments.

2.8 Explainable Al in Fraud Detection

Model interpretability has become a crucial requirement in financial systems. Lundberg and Lee [19] introduced SHAP
(SHapley Additive exPlanations), a unified framework for interpreting model predictions. SHAP enables explanation of
ensemble models such as Random Forest and XGBoost, enhancing transparency in fraud detection systems.The
integration of explainable Al techniques addresses regulatory compliance concerns while maintaining high predictive
performance.

2.9 Practical Considerations in Imbalanced Learning
Brownlee [20] provided practical methodologies for implementing imbalanced classification techniques using modern

machine learning frameworks. The work emphasizes metric selection, resampling techniques, and model evaluation
strategies essential for fraud detection research.
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2.10 Research Gaps Identified
Although extensive research has been conducted, several gaps remain:

Limited standardized comparisons under identical preprocessing conditions.
Insufficient emphasis on multi-metric evaluation beyond accuracy.

Lack of systematic trade-off analysis between interpretability and performance.
Limited discussion of scalability for real-time deployment.

-

This study builds upon prior work by conducting a unified comparative analysis of five widely adopted ML algorithms
under standardized experimental settings, incorporating imbalance handling and comprehensive metric evaluation.
Despite numerous comparative studies, many fail to provide consistent evaluation frameworks or detailed analysis of
performance trade-offs, motivating this research.

3. Methodology
3.1 Dataset Description
The dataset consists of financial transactions labeled as fraudulent (1) or legitimate (0). Features include:

. Transaction amount

o Time features

o Behavioral attributes

. Device/location metadata

Fraud cases constitute approximately 0.8% of total observations.

3.2 Data Preprocessing

Data preprocessing plays a critical role in fraud detection due to the inherent complexity, noise, and extreme class
imbalance in financial transaction datasets. Proper preprocessing ensures that machine learning models generalize
effectively and do not develop bias toward the majority class. This section describes the preprocessing pipeline
implemented in this study.

3.1 Data Cleaning and Validation

The raw transaction dataset undergoes initial validation to remove inconsistencies and incomplete entries. The following
steps are applied: Missing Value Handling:Numerical attributes with missing values are imputed using median
substitution to minimize the impact of outliers. Categorical variables are imputed using mode or encoded as separate
“unknown” categories. Duplicate Record Removal: Duplicate transactions are eliminated to prevent bias in model
training. Outlier Inspection: Although fraudulent transactions may appear as outliers, extreme noise unrelated to fraud
(e.g., system errors) is removed using Interquartile Range (IQR) analysis.

3.2 Feature Engineering
Feature engineering significantly influences fraud detection performance.

3.2.1 Transaction-Based Features

. Transaction amount

. Time interval between transactions
. Frequency of transactions per user
. Average spending behavior
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3.2.2 Behavioral Features

o Deviation from historical spending patterns
o Geographic deviation from usual location
. Device change frequency

3.2.3 Aggregated Features
Following Whitrow et al. [3], transaction aggregation techniques are used to capture behavioral patterns over time.
Aggregated features include:
1 n
RollingMean = 1n Y ¢ = lnziRolling Mean = — z;RollingMean =nli=1) naxi
g )y e Mean = 3 z.Rallng >

These temporal
features enhance fraud pattern recognition beyond single-transaction analysis.

3.3 Feature Scaling

Machine learning algorithms such as SVM and Logistic Regression are sensitive to feature magnitudes. Therefore,
numerical features are standardized using Z-score normalization:

T — [ where:
Z=2— poz= z2=0L— |4
& . [ = mean
. o = standard deviation

Tree-based models (Random Forest, XGBoost) are less sensitive to scaling but are trained on the same standardized
dataset for consistency.

3.4 Handling Class Imbalance
Fraud detection datasets are highly imbalanced, with fraud cases typically representing less than 1% of transactions.
3.4.1 Synthetic Minority Oversampling Technique (SMOTE)

To address imbalance, SMOTE [11] is applied to generate synthetic minority samples:

znew = zi + A(znearest — 1) Tnew = i + AN Tnearest — Zi)Znew = zi + A\(znearest — xi);
where:

eziz xi = minorityinstance ® rnearest  repdnearest = nearestminorityneighbor e X € [0,1]A € [0,1]A € [0, 1]

This  method
prevents overfitting caused by simple duplication.
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3.4.2 Cost-Sensitive Learning

For tree-based models, class weights are adjusted to penalize misclassification of fraudulent transactions:

Loss = wl - FN + w0 - FPLoss = wy - FN 4+ wqy - FPLoss = wl - FN + w0 - FP

where: wi>wOw_1>w Owl>w0

This ensures higher emphasis on fraud detection.
3.5 Train-Test Split and Cross-Validation
The dataset is divided into:

. 80% training set
. 20% testing set

Stratified sampling is used to maintain class distribution.

Additionally, 5-fold cross-validation is performed on the training data to ensure robust performance estimation.

4. Algorithm Evaluation

Evaluating machine learning algorithms in fraud detection requires a comprehensive framework due to the severe class
imbalance and asymmetric misclassification costs inherent in financial datasets. Unlike balanced classification problems,
traditional evaluation metrics such as accuracy are insufficient. This section presents a multi-dimensional evaluation
framework incorporating statistical validation, cost-sensitive analysis, robustness testing, and computational performance
assessment.

4.1 Confusion Matrix Analysis

The confusion matrix provides detailed classification outcomes:

Predicted Fraud Predicted Legit
Actual Fraud TP FN
Actual Legit FP TN
In fraud detection:
. False Negatives (FN) are most costly.
. False Positives (FP) affect customer satisfaction.
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4.2 Performance Metrics

4.2.1 Accuracy : Accuracy alone is misleading due to class imbalance.

TP+TN
TP+TN+ FP+ FN

Accuracy =

4.2.2 Precision : Measures correctness of predicted fraud cases.

TP

PPrecision = m—_F.P

4.2.3 Recall (Sensitivity) : it measures ability to detect actual fraud.

1 o
Recall = —————
TP+ FN
Pl—? Precision x Recall
.. =4X
4.2.4 F1-Score : Balances precision and recall. Precision + Recall
4.3 Computational Complexity Analysis
Beyond accuracy, computational efficiency is evaluated:
Algorithm Training Complexity Scalability
Logistic Regression O(n-d) High
Decision Tree O(n-d log n) Moderate
SVM O(n®) (worst case) Low (large datasets)
Random Forest O(B'n-d log n) High
XGBoost Optimized parallel Very High
Where:
. n = number of samples d = number of features B = number of trees
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5. Experimental Results

This section presents a comprehensive experimental evaluation of five machine learning algorithms—Logistic Regression
(LR), Decision Tree (DT), Support Vector Machine (SVM), Random Forest (RF), and XGBoost (XGB)—for fraud
detection. The objective is to assess detection performance under standardized preprocessing, class imbalance handling,
and consistent evaluation metrics.

5.1 Experimental Setup

. Processor: Multi-core CPU

. RAM: 16-32 GB

. Implementation: Python (Scikit-learn, XGBoost libraries)
. Cross-validation strategy: Stratified K-fold

All models were trained under identical computational conditions to ensure fair comparison.

5.2 Hyperparameter Optimization

Hyperparameters significantly influence model performance. Grid Search with cross-validation was used for tuning.
Logistic Regression : Regularization type: L2, C € {0.01, 0.1, 1, 10}

Decision Tree: Max depth € {5, 10, 20}, Min samples split € {2, 5, 10}

SVM: Kernel: RBF , C € {0.1, 1, 10}, Gamma € {scale, auto}

Random Forest : Number of trees € {100, 200, 300}, Max depth € {10, 20, None}

XGBoost : Learning rate € {0.01, 0.1}, Max depth € {6, 10} , Number of estimators € {200, 300} . Subsample € {0.8,
1}

Optimal parameters were selected based on highest mean cross-validation AUC-ROC.
5.3 Quantitative Results

5.3.1 Overall Performance Comparison

Model Accuracy |Precision |Recall |F1-Score ||AUC-ROC

Logistic Regression 96.2% 82.4% 71.8% {|76.7% 0.91

Decision Tree 95.5%  |[792%  |75.6% [77.4%  ||0.89
SVM 97.1%  [88.5%  |[80.2% |[84.1%  |0.94
Random Forest 984%  [1923%  (86.7% [89.4%  |0.97
XGBoost 99.1%  [194.8%  [91.3% [93.0%  ||0.99
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6. Discussion
6.1 Performance Analysis
. Logistic Regression performs adequately but struggles with nonlinear fraud patterns.
o Decision Tree improves recall but risks overfitting.
. SVM balances precision and recall but is computationally expensive.
o Random Forest significantly enhances generalization.
o XGBoost achieves highest recall and AUC, making it most suitable for fraud detection.

6.2 Trade-off Analysis

‘Model ‘ ‘Interpretability‘ IScalability‘ IAccuracy ‘
‘LR HHigh HHigh HModerate ‘
‘DT HHigh HModerate HModerate ‘
‘SVM HModerate HLow HHigh ‘
‘RF HModerate HHigh HVery High‘
‘XGBOOStHLOW—MOdeI'ate HHigh HHighest ‘

10. Conclusion

This study presents a detailed comparative analysis of five machine learning algorithms for fraud detection. Results
confirm that ensemble-based boosting methods, particularly XGBoost, significantly outperform traditional classifiers in
imbalanced financial datasets. While interpretability remains a concern for complex models, integrating explainable Al
techniques can bridge the gap between performance and transparency. The findings provide practical guidance for
deploying scalable and effective fraud detection systems in modern financial environments.

References

[1] A. Bahnsen, D. Aouada, and B. Ottersten, “Example-dependent cost-sensitive decision trees,” Expert Systems with
Applications, vol. 42, no. 19, pp. 6609-6619, 2015.

[2] V. J. Hodge and J. Austin, “A survey of outlier detection methodologies,” Artificial Intelligence Review, vol. 22, no. 2,
pp- 85-126, 2004.

[3] C. Whitrow, D. J. Hand, P. Juszczak, D. Weston, and N. M. Adams, “Transaction aggregation as a strategy for credit
card fraud detection,” Data Mining and Knowledge Discovery, vol. 18, no. 1, pp. 30-55, 2009.

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM57268 | Page 9


https://ijsrem.com/

e
'{IJSREN:{'
hemn 7 International Journal of Scientific Research in Engineering and Management (IJSREM)
W Volume: 10 Issue: 03 | March - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

[4] A. Dal Pozzolo, O. Caelen, Y.-A. Le Borgne, S. Waterschoot, and G. Bontempi, “Learned lessons in credit card fraud
detection from a practitioner perspective,” Expert Systems with Applications, vol. 41, no. 10, pp. 4915-4928, 2014.

[5] L. Breiman, “Random forests,” Machine Learning, vol. 45, no. 1, pp. 5-32, 2001.
[6] J. R. Quinlan, “Induction of decision trees,” Machine Learning, vol. 1, no. 1, pp. 81-106, 1986.
[7] C. Cortes and V. Vapnik, “Support-vector networks,” Machine Learning, vol. 20, no. 3, pp. 273-297, 1995.

[8] T. Chen and C. Guestrin, “XGBoost: A scalable tree boosting system,” in Proc. 22nd ACM SIGKDD Int. Conf.
Knowledge Discovery and Data Mining (KDD), 2016, pp. 785-794.

[9] N. Japkowicz and S. Stephen, “The class imbalance problem: A systematic study,” Intelligent Data Analysis, vol. 6,
no. 5, pp. 429-449, 2002.

[10] H. He and E. A. Garcia, “Learning from imbalanced data,” IEEE Transactions on Knowledge and Data Engineering,
vol. 21, no. 9, pp. 1263—-1284, 2009.

[11] N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer, “SMOTE: Synthetic minority over-sampling
technique,” Journal of Artificial Intelligence Research, vol. 16, pp. 321-357, 2002.

[12] F. Carcillo, Y.-A. Le Borgne, O. Caelen, and G. Bontempi, “Streaming active learning strategies for real-life credit
card fraud detection,” Data Mining and Knowledge Discovery, vol. 32, no. 2, pp. 378409, 2018.

[13] B. J. Jansen and T. Van Schaik, “Perspectives on credit card fraud detection: A review,” Decision Support Systems,
vol. 50, no. 3, pp. 548-559, 2011.

[14] P. Phua, V. Lee, K. Smith, and R. Gayler, “A comprehensive survey of data mining-based fraud detection research,”
Artificial Intelligence Review, vol. 34, no. 1, pp. 1-14, 2010.

[15] G. E. Dahl, J. W. Stokes, L. Deng, and D. Yu, “Large-scale malware classification using random projections and
neural networks,” in Proc. IEEE Int. Conf. Acoustics, Speech and Signal Processing (ICASSP), 2013, pp. 3422-3426.

[16] S. Bhattacharyya, S. Jha, K. Tharakunnel, and J. C. Westland, “Data mining for credit card fraud: A comparative
study,” Decision Support Systems, vol. 50, no. 3, pp. 602—613, 2011.

[17] A. Ngai, Y. Hu, Y. Wong, Y. Chen, and X. Sun, “The application of data mining techniques in financial fraud
detection: A classification framework and an academic review of literature,” Decision Support Systems, vol. 50, no. 3, pp.
559-569, 2011.

[18] I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning. Cambridge, MA, USA: MIT Press, 2016.

[19] S. Lundberg and S.-I. Lee, “A unified approach to interpreting model predictions,” in Proc. Advances in Neural
Information Processing Systems (NeurlPS), 2017, pp. 4765-4774.

[20] J. Brownlee, Imbalanced Classification with Python. Melbourne, Australia: Machine Learning Mastery, 2020.

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM57268 | Page 10


https://ijsrem.com/

