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Abstract

This comprehensive article explores the evolution and implementation of advanced machine learning
techniques in fraud detection within programmatic advertising. The article examines various approaches,
including supervised, unsupervised, and deep learning methods, highlighting their effectiveness in
combating sophisticated fraud patterns. The article analyzes infrastructure requirements, performance
optimization strategies, and the integration of real-time analytics while addressing privacy and compliance
considerations. The investigation encompasses system architecture components, scaling mechanisms, and
monitoring protocols essential for maintaining optimal performance in high-volume environments.
Furthermore, the article evaluates emerging technologies such as federated learning and reinforcement

learning, demonstrating their impact on improving detection capabilities and cross-organizational
collaboration.

Keywords: Machine Learning Fraud Detection, Programmatic Advertising Security, Real-time Analytics,
Privacy-Preserving Computing, Advanced Infrastructure Optimization

IJSAT25012416 Volume 16, Issue 1, January-March 2025 1



https://www.ijsat.org/

International Journal on Science and Technology (IJSAT)

—3 E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

1. Introduction to Programmatic Advertising Fraud

The digital advertising ecosystem has transformed into a complex marketplace where fraudulent activities
pose unprecedented challenges to legitimate business operations. Annual losses in the digital advertising
industry now exceed $16.4 billion due to fraudulent activities, with approximately 20% of ad spending
wasted on invalid traffic. This rapidly evolving landscape is characterized by sophisticated botnets capable
of generating between 200 to 300 million fraudulent ad impressions daily, resulting in artificial inflation
of advertising metrics and significant misallocation of marketing budgets. The severity of this issue is
further emphasized by individual fraud operations generating daily revenues ranging from $200,000 to
$900,000, making it an extremely lucrative criminal enterprise. The complexity of these operations has
intensified with the emergence of advanced technological infrastructure, typically employing distributed
systems comprising 2,000 to 3,000 servers for generating massive volumes of fake traffic. These
sophisticated networks maintain uptime rates of 99.9%, demonstrating robust technical capabilities that
challenge traditional detection methods. The impact varies significantly across market segments, with
high-value verticals such as finance and technology experiencing fraud rates 1.5 to 2 times higher than
average, and some campaigns seeing invalid traffic rates reaching 25-30%. As the industry grapples with
these challenges, organizations are increasingly allocating 8-12% of their digital advertising budgets to
fraud detection and prevention measures, resulting in fraud rate reductions of 35-50% within six months
of implementation for those employing advanced detection systems.

Core Machine Learning Approaches

Machine learning technologies have fundamentally transformed the landscape of fraud detection in digital
advertising, offering unprecedented capabilities in identifying and preventing fraudulent activities.
Research indicates that machine learning-based detection systems have achieved significant
improvements over traditional rule-based approaches, with modern implementations reducing false
positive rates by up to 35% while maintaining high detection accuracy. According to comprehensive
studies, the integration of multiple machine learning approaches has become essential for addressing the
increasingly sophisticated nature of advertising fraud [3].

Unsupervised Learning Techniques

Unsupervised learning methods have emerged as crucial tools in the fight against novel fraud patterns,
particularly in scenarios where labeled training data is scarce or unavailable. Studies have shown that
Isolation Forest algorithms demonstrate superior performance in detecting anomalous patterns, with the
ability to identify up to 82% of previously unknown fraud attempts within the first hour of their appearance
in advertising networks. The effectiveness of these algorithms stems from their ability to isolate outliers
in high-dimensional spaces without requiring pre-existing knowledge of fraud patterns. One-Class Support
Vector Machines (SVMs) have similarly proven effective, particularly in establishing normal behavior
boundaries within advertising traffic patterns. Research indicates that One-Class SVMs can achieve
detection rates of 89% for sophisticated fraud attempts while maintaining false positive rates below 5%

[3].

Supervised Learning Methods
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In environments where historical labeled data is available, supervised learning approaches have
demonstrated remarkable effectiveness in identifying and preventing fraudulent activities. Random Forest
models, according to recent empirical analysis, have shown particular promise in processing complex
feature sets while maintaining high accuracy rates. The research indicates that Random Forest
implementations can effectively handle up to 500 distinct features while achieving accuracy rates of 91%
in identifying known fraud patterns. Gradient Boosting algorithms, especially when implemented in
ensemble configurations, have demonstrated even more impressive results, with accuracy rates reaching
93% in identifying sophisticated fraud attempts [4].

Deep Learning Solutions

The application of deep learning architectures, particularly Convolutional Neural Networks (CNNSs), has
introduced new capabilities in fraud detection through advanced pattern recognition and feature learning.
Recent studies have shown that CNNs can effectively process high-dimensional advertising data while
maintaining detection accuracy rates of 94%. Modern hybrid architectures, which combine multiple deep
learning techniques, have proven especially effective in real-world applications. These systems typically
operate across multiple layers, with real-time processing components achieving response times under 100
milliseconds while maintaining accuracy rates above 90%. Deep analysis layers, working with historical
data, have demonstrated the ability to identify complex fraud patterns with accuracy rates exceeding 92%

[4].
Implementation Considerations

The practical implementation of these machine learning approaches requires careful consideration of
computational resources and system architecture. Research has shown that hybrid systems, combining
multiple machine learning techniques, typically require processing capabilities of at least 64GB RAM and
specialized GPU infrastructure to maintain real-time performance. Studies indicate that such systems can
effectively process advertising traffic volumes of up to 100,000 requests per second while maintaining
consistent accuracy rates above 90% [3]. The most successful implementations have demonstrated the
ability to adapt to evolving fraud patterns while maintaining false positive rates below 6%, a significant
improvement over traditional detection methods [4].

Method/Algorithm Detection Accuracy
Isolation Forest 82% (unknown fraud)
One-Class SVM 89% (sophisticated fraud)
Random Forest 91% (known patterns)
Gradient Boosting 93% (sophisticated fraud)
CNNs 94% (overall)

Hybrid Architectures 90-92%

Table 1. Comparative Analysis of Detection Methods and Their Effectiveness [3, 4]

Implementation and Infrastructure Requirements for Fraud Detection Systems
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The implementation of effective fraud detection systems requires sophisticated infrastructure capable of
processing massive data volumes while maintaining strict performance parameters. Recent research
demonstrates that modern fraud detection platforms must process an average of 200,000 transactions per
second during peak periods, with response times consistently maintained below 100 milliseconds to ensure
effective real-time detection. Studies have shown that systems operating at this scale can achieve detection
rates of up to 95.8% for fraudulent transactions when properly implemented [5].

Real-time Processing Requirements

Real-time processing capabilities represent a critical component in modern fraud detection systems.
Research indicates that successful implementations must maintain end-to-end processing times below 50
milliseconds to effectively prevent fraudulent transactions. This timing requirement encompasses multiple
processing stages, with feature extraction consuming approximately 15-20 milliseconds and model
inference requiring 10-15 milliseconds. Systems operating within these constraints have demonstrated the
ability to prevent up to 87.3% of fraudulent transactions before completion, representing a significant
improvement over traditional batch-processing approaches that typically achieve prevention rates of only
45-50% [5].

System Architecture Components

The architecture of effective fraud detection systems demands careful consideration of processing
capabilities and data management. Recent studies show that distributed processing architectures handling
data volumes of 4.5 terabytes per day achieve optimal performance when implemented across a minimum
of six processing nodes. These systems have demonstrated the ability to maintain consistent response
times even during peak loads, with performance degradation limited to less than 8% during periods of
maximum stress. Research indicates that properly configured distributed systems can achieve throughput
rates of up to 150,000 transactions per second while maintaining detection accuracy above 94% [6].

Infrastructure Scaling and Reliability

Infrastructure scaling represents a critical consideration in fraud detection system implementation. Recent
analysis reveals that effective systems must maintain 99.95% uptime while handling variable load
conditions that can fluctuate by up to 400% during peak periods. Research has demonstrated that systems
implementing automated scaling protocols can effectively manage these variations while maintaining
consistent performance metrics. Studies indicate that properly configured scaling mechanisms can adjust
system capacity within 30 seconds of detecting load changes, preventing performance degradation during
sudden traffic spikes [6].

Monitoring and Performance Optimization

The maintenance of optimal system performance requires comprehensive monitoring and continuous
optimization. Research shows that effective monitoring systems must track over 50 distinct performance
metrics, with anomaly detection capabilities able to identify potential issues within 3 seconds of
occurrence. Studies indicate that systems implementing real-time performance optimization can maintain
model inference times within 12% of baseline benchmarks over extended operational periods. This level
of monitoring and optimization has been shown to improve overall system reliability by up to 35%
compared to systems without such capabilities [5].
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Performance Metric Achievement Rate Industry Benchmark
Overall Fraud Detection 95.8% 90.0%
Real-time Prevention 87.3% 45-50%
Detection During Peak Load 94.0% 85.0%
Uptime Availability 99.95% 99.90%
Performance Consistency 92.0% 85.0%
Peak Load Degradation 8.0% 15.0%
Model Inference Variance 12.0% 25.0%
System Reliability Improvement 35.0% 25.0%
Resource Utilization 92.0% 80.0%
Processing Efficiency 94.0% 85.0%
Error Recovery Rate 95.0% 90.0%
Anomaly Detection Accuracy 92.0% 85.0%

Table 2: Performance Analysis and Comparative Benchmarks [5, 6]
Performance Optimization and Monitoring

The optimization and monitoring of fraud detection systems represent critical components in maintaining
effective fraud prevention capabilities. Recent research has demonstrated that implementing
comprehensive performance monitoring frameworks can significantly improve detection accuracy, with
studies showing accuracy improvements of up to 18.5% in systems utilizing synthetic data for model
optimization. The integration of advanced monitoring protocols has been shown to reduce false positive
rates by as much as 23% while maintaining high detection sensitivity [7].

Key Performance Indicators

Performance measurement in fraud detection systems requires careful attention to multiple key indicators.
Studies focusing on balanced optimization have revealed that leading systems achieve False Positive Rates
(FPR) of 2.3% while maintaining False Negative Rates (FNR) at 3.1% through the implementation of
advanced synthetic data generation techniques. The Area Under the ROC Curve (AUC) serves as a critical
metric, with research demonstrating that synthetic data augmentation can improve AUC scores from 0.89
to 0.94 in production environments. The F1 Score, particularly crucial in imbalanced datasets, has shown
improvements from 0.82 to 0.88 through the application of optimized training methodologies [7].

Model Maintenance and Optimization

The maintenance of optimal model performance demands systematic approaches to training and
validation. Research indicates that systems implementing synthetic data augmentation achieve a 27%
improvement in detection accuracy compared to traditional training methods. Performance monitoring has
shown that models trained with balanced synthetic data maintain their effectiveness 41% longer than those
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trained on imbalanced real-world datasets alone. Studies have demonstrated that proper synthetic data
integration can reduce model retraining frequency by up to 45% while maintaining detection accuracy [8].

Advanced Optimization Techniques

Modern fraud detection systems benefit significantly from sophisticated optimization approaches.
Research has shown that implementing advanced imbalance mitigation techniques can improve model
performance by up to 32% on minority class detection. Systems utilizing synthetic minority over-sampling
technique (SMOTE) in combination with traditional approaches have demonstrated accuracy
improvements of 15.7% in detecting novel fraud patterns. Studies indicate that hybrid approaches
combining synthetic data generation with traditional sampling methods can reduce false positive rates by
28.3% while maintaining detection sensitivity [8].

Continuous Improvement Strategies

The implementation of continuous improvement strategies plays a crucial role in maintaining system
effectiveness. Research has demonstrated that regular model evaluation using synthetic validation datasets
can identify performance degradation 63% faster than traditional methods. Systems employing automated
optimization protocols have shown the ability to maintain detection accuracy within 5% of peak
performance over extended periods, with synthetic data augmentation contributing to a 34% reduction in
model drift effects. Studies indicate that organizations implementing comprehensive optimization
strategies achieve year-over-year performance improvements of 12.4% compared to those using
traditional maintenance approaches [7].

Optimization Techniques and Their Performance
Impact Analysis [%]
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Fig 1: Performance Optimization Metrics and Improvement Rates in Fraud Detection Systems [7, 8]

Future Developments and Trends
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The landscape of fraud detection is undergoing rapid transformation through the integration of advanced
technologies and methodologies. Recent research indicates that the adoption of Al-driven fraud detection
systems is expected to grow by 32% annually through 2025, with organizations implementing these
technologies reporting an average reduction in fraudulent transactions of 16.8%. Studies suggest that early
adopters of advanced fraud detection technologies have achieved cost savings of up to 23.5% compared
to traditional rule-based systems [9].

Emerging Technologies and Their Impact

The implementation of advanced machine learning techniques in fraud detection has shown significant
promise in enhancing detection capabilities. Research demonstrates that federated learning approaches
have improved model accuracy by 21.3% while maintaining data privacy compliance. These systems have
shown particular effectiveness in cross-organizational fraud detection, with participating institutions
reporting a 28.7% improvement in identifying complex fraud patterns while reducing false positives by
15.4% [10].

Reinforcement learning implementations have demonstrated remarkable adaptability in responding to
emerging fraud patterns. Studies indicate that RL-based systems can achieve detection rates of 94.2% for
new fraud patterns within the first 48 hours of appearance, compared to 76.5% for traditional systems.
Organizations implementing RL-based detection systems have reported a 19.8% improvement in overall
fraud prevention effectiveness, with particularly strong performance in identifying sophisticated attack
patterns [9].

Advanced Analytics and Network Analysis

The application of advanced analytics and network analysis techniques has revolutionized fraud detection
capabilities. Research shows that graph-based analysis systems can process relationship networks
containing up to 500,000 nodes while maintaining response times under 50 milliseconds. These systems
have demonstrated a 25.6% improvement in detecting coordinated fraud attempts compared to traditional
methods. Implementation of advanced analytics has enabled organizations to reduce their false positive
rates from 8.2% to 3.7% while maintaining high detection sensitivity [10].

Privacy and Compliance Considerations

The evolution of privacy-preserving fraud detection techniques represents a critical advancement in the
field. Studies indicate that organizations implementing privacy-enhanced fraud detection systems have
achieved compliance rates of 98.5% with major data protection regulations while maintaining detection
accuracy. The integration of privacy-preserving computation methods has enabled a 34.2% improvement
in cross-border fraud detection capabilities while ensuring compliance with regional data protection
requirements [9].

Integration of Real-time Analytics

The deployment of real-time analytics capabilities has significantly enhanced fraud prevention
effectiveness. Research demonstrates that systems capable of real-time analysis can prevent 89.3% of
fraudulent transactions before completion, compared to 62.8% for near-real-time systems. Organizations
implementing advanced real-time analytics have reported average response times of 35 milliseconds for
transaction analysis, enabling effective intervention in high-speed trading environments [10].
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Performance Metrics of Advanced Fraud
Detection Technologies (2024-2025)
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Fig 2: Comparative Analysis of Modern Fraud Detection Systems: Key Performance Indicators [9, 10]
2. Conclusion

The article demonstrates the transformative impact of advanced machine learning techniques in fraud
detection systems, particularly within programmatic advertising. The implementation of sophisticated
detection methods, coupled with robust infrastructure and optimization strategies, has significantly
enhanced the industry's ability to combat fraudulent activities. The integration of privacy-preserving
technologies and real-time analytics has enabled organizations to maintain regulatory compliance while
improving detection capabilities. The emergence of federated learning and reinforcement learning
approaches has opened new avenues for cross-organizational collaboration and adaptive response to
evolving fraud patterns. As the field continues to evolve, the adoption of these advanced technologies
promises to reshape the landscape of fraud detection, offering more efficient and effective solutions for
the digital advertising ecosystem.

References

1. Gian Fulgoni et al., "Fraud in Digital Advertising: A Multibillion-Dollar Black Hole: How Marketers
Can Minimize Losses Caused by Bogus Web Traffic,” ResearchGate, May 2016. [Online]. Available:
https://www.researchgate.net/publication/303560030_Fraud_in_Digital_Advertising_A_Multibillion
-Dollar_Black _Hole_How_Marketers_Can_Minimize_Losses Caused by Bogus Web_Traffic

2. Shadi Sadeghpour et al., "Ads and Fraud: A Comprehensive Survey of Fraud in Online Advertising,"
ResearchGate, December 2021. [Online]. Available:
https://www.researchgate.net/publication/357093358 Ads_and Fraud_A_Comprehensive_Survey o
f_Fraud_in_Online_Advertising

IJSAT25012416 Volume 16, Issue 1, January-March 2025 8



https://www.ijsat.org/
https://www.researchgate.net/publication/303560030_Fraud_in_Digital_Advertising_A_Multibillion-Dollar_Black_Hole_How_Marketers_Can_Minimize_Losses_Caused_by_Bogus_Web_Traffic
https://www.researchgate.net/publication/303560030_Fraud_in_Digital_Advertising_A_Multibillion-Dollar_Black_Hole_How_Marketers_Can_Minimize_Losses_Caused_by_Bogus_Web_Traffic
https://www.researchgate.net/publication/303560030_Fraud_in_Digital_Advertising_A_Multibillion-Dollar_Black_Hole_How_Marketers_Can_Minimize_Losses_Caused_by_Bogus_Web_Traffic
https://www.researchgate.net/publication/303560030_Fraud_in_Digital_Advertising_A_Multibillion-Dollar_Black_Hole_How_Marketers_Can_Minimize_Losses_Caused_by_Bogus_Web_Traffic
https://www.researchgate.net/publication/357093358_Ads_and_Fraud_A_Comprehensive_Survey_of_Fraud_in_Online_Advertising
https://www.researchgate.net/publication/357093358_Ads_and_Fraud_A_Comprehensive_Survey_of_Fraud_in_Online_Advertising
https://www.researchgate.net/publication/357093358_Ads_and_Fraud_A_Comprehensive_Survey_of_Fraud_in_Online_Advertising
https://www.researchgate.net/publication/357093358_Ads_and_Fraud_A_Comprehensive_Survey_of_Fraud_in_Online_Advertising

International Journal on Science and Technology (IJSAT)

—3 E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

3. Malak Aljabri et al., "Click fraud detection for online advertising using machine learning," Egyptian
Informatics Journal, vol. 24, no. 2, pp. 265-278, July 2023. Available:
https://www.sciencedirect.com/science/article/pii/S1110866523000294

4. L K Vishwamitra Vishakha D Akhare., "Machine Learning Models for Fraud Detection: A
Comprehensive Review and Empirical Analysis,"Journal of Electrical Systems, 20(3s):1138-1149,
April 2024. Available:
https://www.researchgate.net/publication/379851201_Machine_Learning_Models_for_Fraud_Detect
ion_A_Comprehensive_Review_and_Empirical_Analysis

5. Manzoor Anwar Mohammed et al., "Machine Learning-Based Real-Time Fraud Detection in Financial
Transactions,” International Journal of Applied Computing, vol. 12, no. 4, pp. 567-582, 2024.
Available:  https://www.researchgate.net/publication/381146733 _Machine_Learning-Based Real-
Time_Fraud_Detection_in_Financial_Transactions

6. Vijaya Pothuri., "Scalable and Robust Fraud Detection in Distributed Systems," IEEE Transactions on
Dependable and Secure Computing, vol. 15, no. 2, pp. 234-249, September 2024. Available:
https://www.researchgate.net/publication/383849692_Scalable_and_Robust_Fraud_Detection_in_Di
stributed_Systems

7. Het Mitesh Mistry, "Optimizing Fraud Detection Models with Synthetic Data: Advancements and
Challenges," Journal of Machine Learning Applications, vol. 8, no. 3, pp. 234-249, August 2024.
Available:
https://www.researchgate.net/publication/383232341 Optimizing_Fraud_Detection_Models_with_S
ynthetic_Data_Advancements_and_Challenges

8. E L Al Dahasi et al., "Optimizing Fraud Detection in Financial Transactions with Machine Learning
and Imbalance Mitigation," IEEE Transactions on Neural Networks and Learning Systems, vol. 35,
no. 2, pp. 456-471, March 2020. Available:
https://www.researchgate.net/publication/387381779_Optimizing_Fraud_Detection_in_Financial _Tr
ansactions_with_Machine_Learning_and_Imbalance_Mitigation

9. Abbas Ahsun et al., "The Future of Real-Time Fraud Detection: Trends and Innovations," International
Journal of Applied Computing, vol. 15, no. 3, pp. 345-360, January 2025. Available:
https://www.researchgate.net/publication/388457969 The_ Future_of Real-
Time_Fraud_Detection_Trends_and_Innovations

10. Mohamed Kamal Aldin Ismaiel et al., "Harnessing Al for Next-Generation Financial Fraud
Detection: A Data-Driven Revolution,” IEEE Transactions on Financial Computing, vol. 8, no. 2, pp.
167-182, October 2024. Available:
https://www.researchgate.net/publication/384723169 Harnessing_Al_for_Next-
Generation_Financial_Fraud_Detection_A_Data-Driven_Revolution

IJSAT25012416 Volume 16, Issue 1, January-March 2025 9



https://www.ijsat.org/
https://www.sciencedirect.com/science/article/pii/S1110866523000294
https://www.sciencedirect.com/science/article/pii/S1110866523000294
https://www.sciencedirect.com/science/article/pii/S1110866523000294
https://www.researchgate.net/publication/379851201_Machine_Learning_Models_for_Fraud_Detection_A_Comprehensive_Review_and_Empirical_Analysis
https://www.researchgate.net/publication/379851201_Machine_Learning_Models_for_Fraud_Detection_A_Comprehensive_Review_and_Empirical_Analysis
https://www.researchgate.net/publication/379851201_Machine_Learning_Models_for_Fraud_Detection_A_Comprehensive_Review_and_Empirical_Analysis
https://www.researchgate.net/publication/379851201_Machine_Learning_Models_for_Fraud_Detection_A_Comprehensive_Review_and_Empirical_Analysis
https://www.researchgate.net/publication/381146733_Machine_Learning-Based_Real-Time_Fraud_Detection_in_Financial_Transactions
https://www.researchgate.net/publication/381146733_Machine_Learning-Based_Real-Time_Fraud_Detection_in_Financial_Transactions
https://www.researchgate.net/publication/381146733_Machine_Learning-Based_Real-Time_Fraud_Detection_in_Financial_Transactions
https://www.researchgate.net/publication/383849692_Scalable_and_Robust_Fraud_Detection_in_Distributed_Systems
https://www.researchgate.net/publication/383849692_Scalable_and_Robust_Fraud_Detection_in_Distributed_Systems
https://www.researchgate.net/publication/383849692_Scalable_and_Robust_Fraud_Detection_in_Distributed_Systems
https://www.researchgate.net/publication/383849692_Scalable_and_Robust_Fraud_Detection_in_Distributed_Systems
https://www.researchgate.net/publication/383232341_Optimizing_Fraud_Detection_Models_with_Synthetic_Data_Advancements_and_Challenges
https://www.researchgate.net/publication/383232341_Optimizing_Fraud_Detection_Models_with_Synthetic_Data_Advancements_and_Challenges
https://www.researchgate.net/publication/383232341_Optimizing_Fraud_Detection_Models_with_Synthetic_Data_Advancements_and_Challenges
https://www.researchgate.net/publication/383232341_Optimizing_Fraud_Detection_Models_with_Synthetic_Data_Advancements_and_Challenges
https://www.researchgate.net/publication/387381779_Optimizing_Fraud_Detection_in_Financial_Transactions_with_Machine_Learning_and_Imbalance_Mitigation
https://www.researchgate.net/publication/387381779_Optimizing_Fraud_Detection_in_Financial_Transactions_with_Machine_Learning_and_Imbalance_Mitigation
https://www.researchgate.net/publication/387381779_Optimizing_Fraud_Detection_in_Financial_Transactions_with_Machine_Learning_and_Imbalance_Mitigation
https://www.researchgate.net/publication/387381779_Optimizing_Fraud_Detection_in_Financial_Transactions_with_Machine_Learning_and_Imbalance_Mitigation
https://www.researchgate.net/publication/388457969_The_Future_of_Real-Time_Fraud_Detection_Trends_and_Innovations
https://www.researchgate.net/publication/388457969_The_Future_of_Real-Time_Fraud_Detection_Trends_and_Innovations
https://www.researchgate.net/publication/388457969_The_Future_of_Real-Time_Fraud_Detection_Trends_and_Innovations
https://www.researchgate.net/publication/388457969_The_Future_of_Real-Time_Fraud_Detection_Trends_and_Innovations
https://www.researchgate.net/publication/384723169_Harnessing_AI_for_Next-Generation_Financial_Fraud_Detection_A_Data-Driven_Revolution
https://www.researchgate.net/publication/384723169_Harnessing_AI_for_Next-Generation_Financial_Fraud_Detection_A_Data-Driven_Revolution
https://www.researchgate.net/publication/384723169_Harnessing_AI_for_Next-Generation_Financial_Fraud_Detection_A_Data-Driven_Revolution
https://www.researchgate.net/publication/384723169_Harnessing_AI_for_Next-Generation_Financial_Fraud_Detection_A_Data-Driven_Revolution

