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Abstract:

The rise of digital payment systems has revolutionized the financial services industry by offering
rapid, convenient, and accessible means of transaction. However, this transformation has also led
to a significant surge in financial crimes such as fraud, identity theft, and money laundering. This
paper investigates the application of Artificial Intelligence (Al) for detecting and preventing
financial crimes within digital payment ecosystems. It discusses the underlying mechanisms of
Al models such as supervised learning, unsupervised learning, and deep learning, and explores
how these can be used for anomaly detection, transaction pattern analysis, and fraud prevention.
The paper presents a detailed experimental study using real-world financial datasets to evaluate
the performance of Al-driven approaches compared to traditional rule-based systems. Results
reveal a substantial improvement in detection accuracy, speed, and scalability. Finally, the paper
offers insights into implementation challenges, ethical considerations, and future research
directions, making a compelling case for integrating Al more deeply into financial crime

detection frameworks.
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I. Introduction

In recent years, digital payment ecosystems have become the backbone of modern financial
transactions, driven by the widespread adoption of mobile banking, e-wallets, and contactless

payments.
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While these systems offer unparalleled convenience, they also present novel avenues for
financial crimes. Digital environments are particularly susceptible to cyber-attacks due to their
high transaction volumes, diverse actors, and varying regulatory frameworks. Financial crimes in
this context encompass unauthorized transactions, account takeovers, money laundering, and
synthetic identity fraud. Traditional rule-based systems used by financial institutions often fail to
keep up with the dynamic tactics employed by criminals, leading to a growing need for more
intelligent and adaptive solutions [1].

Reported Cases of Financial Crimes in Digital Payment Systems
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Figure 1: Show frequency of different types of financial crimes in digital payment systems.

Artificial Intelligence (Al) offers promising capabilities for mitigating these threats by enabling
systems to learn from data, detect anomalies, and adapt to evolving attack patterns. By
leveraging techniques such as machine learning and deep learning, Al can identify hidden
relationships in transactional data, flag suspicious activities, and automate decision-making
processes. Al's potential is particularly significant given the growing volume, velocity, and
variety of digital payment data [2]. Moreover, Al models can operate at a scale and speed that
human analysts and conventional systems cannot match, making them indispensable in modern

cybersecurity frameworks. Despite the theoretical promise, the implementation of Al in financial

Page|12 EuroVantage Journal of Artificial Intelligence



2

EuroVantage Pages: 11-20
lournal of Artificial Inteligence
Volume-ll, Issue-Il, 2025

crime detection is riddled with challenges. These include data privacy concerns, the risk of bias
in training data, regulatory constraints, and the interpretability of black-box models. Nonetheless,
financial institutions are increasingly experimenting with Al-based systems, with several
reporting notable improvements in fraud detection accuracy and response times. However,
empirical research is still in its infancy, with a need for comprehensive studies to assess the

efficacy, limitations, and real-world applicability of Al in this domain.

This paper aims to bridge this gap by providing an in-depth exploration of Al techniques for
detecting and preventing financial crimes in digital payment ecosystems. The objectives are to
analyze current approaches, evaluate their effectiveness through experiments, and provide
guidelines for future implementations. Through this, we seek to contribute both to academic
discourse and practical advancements in the field of Al-driven cybersecurity [3]. The structure of
this paper includes a review of relevant literature, a detailed explanation of the methodology and
experimental setup, an analysis of results, and a concluding section that synthesizes insights and
outlines future directions. By comprehensively addressing both theoretical and empirical aspects,
the study provides a robust framework for leveraging Al in securing digital financial systems.

Il. Related Work

The literature on financial crime detection in digital payment systems spans multiple disciplines,
including computer science, finance, and law. Traditional methods predominantly rely on rule-
based systems where human experts define suspicious behavior through static rules. While
effective to an extent, such systems suffer from high false positive rates and limited adaptability
to evolving fraud strategies [4]. In contrast, Al-driven approaches offer dynamic learning
capabilities, allowing systems to update their understanding of fraudulent behavior based on new
data. Several studies have explored machine learning techniques for fraud detection. Supervised
learning methods such as logistic regression, decision trees, and support vector machines have
shown moderate success when trained on labeled datasets. These models can classify
transactions as legitimate or fraudulent based on historical patterns. However, they often require
large amounts of labeled data, which is not always available or reliable. Furthermore, criminals
continuously innovate, rendering static models obsolete unless frequently retrained.

Unsupervised learning models, particularly clustering and autoencoders, have gained traction for
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detecting unknown or emerging threats. These methods identify outliers in the data that deviate
from normal behavior, which may indicate fraudulent activity. While useful for discovering new
fraud patterns, unsupervised models may struggle with high false positives and require domain
expertise for validation. Hybrid models that combine supervised and unsupervised learning have

been proposed to leverage the strengths of both approaches.

Comparison of Detection Accuracy: Traditional vs Al Technigues
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Figure 2 Compare accuracy improvement using Al over traditional rule-based systems.

Deep learning methods, especially recurrent neural networks (RNNs) and convolutional neural
networks (CNNs), have shown exceptional promise in processing large volumes of transactional
data. RNNs are particularly useful for sequential data, such as transaction timelines, enabling the
detection of complex temporal patterns [5]. CNNSs, on the other hand, are effective in extracting
features from structured data representations. These models have demonstrated superior accuracy
but are often criticized for their lack of transparency and high computational cost. There is also a
growing interest in explainable Al (XAl) to address the black-box nature of advanced models.
Tools such as LIME (Local Interpretable Model-Agnostic Explanations) and SHAP (SHapley
Additive exPlanations) are being used to interpret model predictions and ensure accountability.
Ethical and legal concerns, particularly regarding data privacy and bias, have also been
extensively discussed in recent literature. Ensuring fairness and compliance with regulations like

GDPR remains a key challenge in deploying Al solutions. Overall, the literature underscores the
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potential of Al in enhancing the detection and prevention of financial crimes in digital payments.
However, there is a noticeable lack of comprehensive experimental studies that evaluate multiple
models on standardized datasets [6]. This paper addresses this gap by conducting a comparative

analysis of Al techniques, providing empirical evidence to guide practical implementations.

I11.  Methodology

To evaluate the efficacy of Al models in detecting financial crimes within digital payment
ecosystems, we designed a multi-phase experimental methodology. The first phase involved
dataset collection and preprocessing. We used the publicly available IEEE-CIS Fraud Detection
dataset, which contains over 500,000 online transaction records labeled as legitimate or
fraudulent. This dataset includes numerical and categorical features such as transaction amount,
time, device type, and user behavior patterns [7]. Data preprocessing included normalization,
handling missing values, and encoding categorical variables using one-hot encoding. The second
phase involved feature engineering and selection. We applied correlation analysis and mutual
information metrics to identify the most relevant features contributing to fraudulent behavior.
Additionally, domain-specific knowledge was used to create composite features such as
transaction frequency and average transaction value per user. Dimensionality reduction
techniques, such as Principal Component Analysis (PCA), were also explored to improve model
efficiency.

In the third phase, we implemented and trained various Al models, including logistic regression,
decision trees, random forests, gradient boosting machines (GBMs), and deep neural networks.
Each model was trained using 70% of the dataset and validated on the remaining 30%.
Hyperparameter tuning was conducted using grid search and cross-validation techniques to
optimize model performance. The models were evaluated using performance metrics such as
accuracy, precision, recall, F1-score, and area under the ROC curve (AUC). To simulate real-
time detection scenarios, we developed a streaming test environment using Apache Kafka and
Python-based APIs. This environment fed transactions to the Al models in real time and logged
predictions and response times [8]. Additionally, we implemented an ensemble approach that
combines predictions from multiple models using majority voting and weighted averaging,

aiming to improve robustness and reduce false positives.
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The final phase involved interpretability and ethical evaluation. We used SHAP to explain the
output of black-box models and analyze the contribution of individual features to fraud
predictions. This helped assess the model's alignment with human intuition and regulatory
requirements. A bias audit was also conducted to ensure that the models did not unfairly target
specific user groups based on gender, geography, or transaction size. This multi-phase
methodology enabled a thorough analysis of Al model performance, practical applicability, and
ethical considerations in the context of financial crime detection. It also provided insights into
the trade-offs between accuracy, interpretability, and computational complexity, informing

recommendations for real-world deployments [9].

IV. Experiment and Results

The experimental results reveal significant differences in performance across the various Al
models. Logistic regression achieved a baseline accuracy of 84%, with moderate precision and
recall scores. Decision trees and random forests performed better, with random forests achieving
an accuracy of 91% and an AUC of 0.92. Gradient boosting machines outperformed all
traditional models, recording an accuracy of 94% and an AUC of 0.96. Deep neural networks,
particularly LSTM-based architectures, showed the highest accuracy at 96.3%, with a notable
reduction in false negatives. The ensemble model that combined gradient boosting and LSTM
predictions further improved the performance, reaching an overall accuracy of 97.1% and

reducing false positives by 22% compared to individual models [10].
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ROC Curve Comparison of Al Models

1.0 4

0.8 +

0.6

True Positive Rate

0.4

P
. -
02 s —— Logistic Regression (AUC=0.85)

s Random Forest (AUC=0.92)
- —— GBM (AUC=0.96)

=== Deep Learning (AUC=0.97)
0.0 1 —=- Random Guess

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 3: Show performance of models in terms of True Positive vs False Positive Rates.

The average model latency in the real-time simulation was under 200 milliseconds, indicating
feasibility for deployment in high-speed digital payment systems. SHAP analysis revealed that
the most important features contributing to fraud detection were transaction amount, device ID,
transaction hour, and user transaction history. One of the critical findings was the importance of
adaptive learning. Models that incorporated real-time feedback and were periodically retrained
with new data maintained higher accuracy over time. In contrast, static models saw a gradual
decline in performance due to evolving fraud tactics. The ethical audit showed minimal bias in
the top-performing models, although ongoing monitoring is recommended to mitigate future
risks [11]. Another insight was the practical trade-off between accuracy and interpretability.
While deep learning models provided the highest detection rates, they were less transparent

compared to tree-based models.
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Figure 4 Show which features most influence fraud predictions.

Financial institutions prioritizing regulatory compliance might prefer slightly less accurate but
more interpretable models. The system's performance was also tested under adversarial
conditions, where artificially perturbed inputs attempted to evade detection. The Al models
showed reasonable resilience, particularly when ensemble techniques were used [12]. Overall,
the experimental results validate the hypothesis that Al models significantly outperform
traditional rule-based systems in detecting and preventing financial crimes in digital payment
ecosystems. They demonstrate that with the right balance of performance, interpretability, and
ethical oversight, Al can be a powerful tool for securing financial infrastructure against evolving

threats.

V. Conclusion

This research has demonstrated the transformative potential of Artificial Intelligence in detecting
and preventing financial crimes within digital payment ecosystems. Through a detailed
methodology and rigorous experimentation, we established that Al models—especially when
combined in ensemble systems—offer superior accuracy, adaptability, and scalability compared
to traditional methods. By integrating techniques such as supervised learning, deep neural

Page |18 EuroVantage Journal of Artificial Intelligence



2

EuroVantage Pages: 11-20

Journal of Artificial Inteligence

Volume-ll, Issue-Il, 2025

networks, and model explainability tools, financial institutions can detect fraudulent activity with

greater precision while maintaining transparency and compliance. However, deploying these

systems also necessitates continuous learning, ethical oversight, and a careful balance between

performance and interpretability. As digital financial services continue to grow, Al will be

pivotal in shaping secure, intelligent, and resilient payment infrastructures that can withstand the

increasingly sophisticated tactics of financial criminals.
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