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Abstract. Research suggests machine learning (ML) is highly effective for detecting banking 
fraud,  with models like Random Forest and XGBoost achieving accuracies often above 95% in 
studies, though real-world performance varies due to evolving fraud tactics and data imbalances. It 
seems likely that ensemble methods outperform single classifiers by better handling anomalies in 
transaction data, reducing false positives that could disrupt legitimate activities. Evidence leans 
toward ML improving fraud prevention in areas like credit card transactions, but challenges such as 
class imbalance and lack of interpretability may limit absolute reliability, especially in diverse 
banking contexts. Studies indicate supervised learning dominates, with unsupervised approaches 
useful  for  novel  threats,  highlighting a  balanced view where ML enhances but  does not  fully 
eliminate risks.
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Introduction. The rapid evolution of digital banking has amplified the risks of financial 
fraud, prompting the integration of machine learning as a pivotal tool for detection and mitigation. 
This paper explores the effectiveness of machine learning in identifying banking fraud, drawing 
from recent empirical studies and systematic reviews. By analyzing supervised, unsupervised, and 
hybrid models, it evaluates their performance in real-world scenarios, highlighting strengths in 
pattern recognition and anomaly detection while addressing limitations such as class imbalance 
and interpretability. The discussion incorporates key metrics like accuracy, precision, recall, Fl-
score,  and AUC,  derived from diverse datasets  including credit  card transactions and banking 
transfers. Through a synthesis of literature from 2019 to 2025, this work underscores machine 
learning's role in enhancing banking security, with recommendations for future advancements in 
explainable AI and adaptive systems.

Machine  learning  has  transformed  fraud  detection  in  banking  by  enabling  automated 
analysis of vast transaction volumes, far surpassing traditional rule-based systems in speed and 
accuracy.  In banking contexts,  fraud encompasses activities like unauthorized credit  card use, 
money laundering, and falsified statements, often resulting in significant financial losses. Studies 
indicate  that  machine  learning  models  excel  at  discerning  subtle  anomalies,  such as  unusual 
transaction  patterns  or  geographic  inconsistencies,  which  human  oversight  might  miss.  For 
instance,  ensemble  methods  aggregate  predictions  from multiple  algorithms to  reduce  errors, 
proving particularly effective in imbalanced datasets where fraudulent instances are rare, typically 
comprising less than 0.2% of transactions. This capability not only minimizes false positives that 
could inconvenience customers but also adapts to emerging fraud tactics, such as synthetic identity 
theft or phishing-enabled breaches. The integration of machine learning into banking systems has 
led to reported improvements in detection rates, with some institutions achieving up to a 10% 
increase in real-time fraud identification through continuous learning from transaction data.
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Methodology. This  study  follows  a  narrative  literature  review  approach,  synthesizing 
empirical research and systematic reviews on machine learning applications in banking fraud 
detection published between 2019 and 2025. Sources were drawn from peer-reviewed journals and 
comparative  studies  evaluating  supervised  models  (Random  Forest,  XGBoost,  Support  Vector 
Machines, Neural Networks, Logistic Regression), unsupervised methods (Isolation Forest), and 
hybrid stacking ensembles. Model performance was compared using standard classification metrics 
— accuracy, precision, recall, F1-score, and AUC-ROC — reported across datasets spanning credit 
card transactions and large-scale banking transfers. Findings were aggregated to identify consistent 
patterns, trade-offs, and limitations across model types.

Literature  review.  A  comprehensive  review  of  literature  reveals  a  predominance  of 
supervised learning techniques in banking fraud detection, where models are trained on labeled 
data to classify transactions. Random Forest emerges as a standout algorithm, leveraging decision 
trees to handle nonlinear relationships and feature interactions effectively. In one comparative 
study involving over 565,000 banking transfers, Random Forest achieved near-perfect accuracy for 
legitimate transactions and detected 95.79% of fraudulent ones, outperforming alternatives like 
Neural Networks and Support Vector Machines. Similarly, XGBoost, an optimized gradient boosting 
variant, demonstrates superior discriminatory power, with Somers’ D improvements of up to 0.29 
over logistic regression in large-scale datasets of  nearly 1.5 million transactions.  Unsupervised 
approaches, such as Isolation Forest, focus on anomaly isolation without prior labels, proving useful 
for  novel  threats  but  occasionally  generating higher  false  alarms.  Hybrid stacking ensembles, 
combining  classifiers  like  Decision  Trees,  Random  Forests,  and  XGBoost  with  a  meta-learner, 
further  enhance  performance,  yielding  Fl-scores  of  88.14%  in  credit  card  datasets,  balancing 
precision and recall in highly imbalanced environments. These models address the limitations of 
traditional methods, which struggle with the dynamic nature of fraud, by incorporating features 
like transaction amount, time, location, and user behavior for more nuanced predictions.

Table  1:  Comparison  of  ML  Models'  Performance  in  Banking  Fraud  Detection 
(Aggregated from Literature)

Model Accuracy Precision Recall Fl-Score AUC-ROC

Random Forest 96-100 98-100 84-96 85-95 94-99
XGBoost 95-99 97-99 79-94 82-88 90-98

Support Vector Machines 84-95 85-98 76-92 80-90 87-95
Neural Networks 93-98 90-97 79-94 85-92 89-96

Logistic Regression 92-97 76-92 76-92 80-90 87-94
The effectiveness of machine learning is evidenced through rigorous performance evaluations 

across various studies.  In credit  card fraud contexts,  models like Random Forest and XGBoost 
consistently achieve accuracies exceeding 96%, with AUC-ROC values reaching 98.9%, indicating 
excellent discrimination between fraudulent and legitimate activities. For example, in a dataset of 
555,719 transactions, Random Forest classified 97% of fraud cases correctly while maintaining 96% 
specificity,  minimizing disruptions to normal banking operations.  Precision and recall  metrics 
highlight the models' ability to reduce false negatives, crucial for preventing losses, with ensemble 
methods often surpassing single  classifiers  by 5-10% in Fl-scores.  Challenges  arise  from class 
imbalance, where accuracy alone can be misleading; thus, metrics like AUC-PR are recommended 
for rare-event detection, though underutilized in only 11.4% of reviewed studies. Geographic and 
temporal analyses reveal patterns, such as higher fraud rates among users over 60 and during off-
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hours (22:00-04:00 GMT),  informing targeted model  deployments.  Overall,  machine learning's 
adaptability to evolving data distributions, through techniques like class weighting and threshold 
tuning,  underscores  its  superiority,  though  real-world  deployment  requires  balancing 
computational demands with interpretability.

Analysis and discussion. Despite its strengths, machine learning in banking fraud detection 
faces  notable  challenges  that  temper  its  effectiveness.  Data  imbalances  lead to  biased models 
favoring the majority class, necessitating strategies like cost-sensitive learning without altering 
distributions to maintain realism. Privacy concerns, exacerbated by regulations like GDPR, limit 
access to raw transaction data, prompting reliance on anonymized or synthetic datasets that may 
not fully capture fraud complexities. Overfitting remains a risk in complex ensembles, mitigated by 
regularization  and  cross-validation,  yet  black-box  models  like  deep  neural  networks  hinder 
explainability, complicating regulatory compliance and stakeholder trust. Studies emphasize the 
need for explainable AI tools, such as SHAP or LIME, integrated in only a fraction of cases, to provide 
insights into decision-making processes. Furthermore, concept drift, where fraud patterns shift over 
time,  requires  adaptive  retraining,  adding  operational  costs.  Future  directions  include  hybrid 
models incorporating reinforcement learning for real-time updates and block-chain for secure data 
sharing, potentially elevating detection rates while addressing ethical biases in diverse populations. 

Conclusion.  In  conclusion,  machine  learning  significantly  enhances  the  effectiveness  of 
banking fraud detection by providing robust, scalable solutions that adapt to sophisticated threats. 
Through supervised ensembles and unsupervised anomaly detection, it achieves high performance 
metrics,  reducing  financial   risks  and  improving  operational  efficiency.  However,  ongoing 
advancements in interpretability, data quality, and adaptive mechanisms are essential to overcome 
limitations and ensure broader adoption in banking ecosystems..
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