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Abstract 

The financial services industry faces unprecedented challenges in detecting fraudulent activities and managing risks 
within increasingly complex and high-velocity market environments. Anomaly detection techniques have emerged as 
critical tools for identifying suspicious patterns, fraudulent transactions, and emerging risks in real-time market data 
streams. This comprehensive review examines the transformative potential of advanced anomaly detection 
methodologies in revolutionizing fraud prevention and risk monitoring through systematic analysis of existing 
literature, implementation frameworks, and case studies. Our investigation reveals that modern anomaly detection 
systems demonstrate significant potential for reducing false positive rates, improving fraud detection accuracy, and 
decreasing risk exposure through advanced predictive modeling capabilities. The research synthesizes evidence from 
multiple domains, demonstrating anomaly detection's capacity to address critical challenges in contemporary financial 
risk management. By exploring emerging trends, implementation mechanisms, and critical challenges, this review 
provides a balanced perspective on the opportunities and limitations of anomaly detection technologies. The findings 
suggest that while anomaly detection presents promising solutions for market data monitoring, successful 
implementation requires careful consideration of algorithmic complexity, data quality requirements, and regulatory 
compliance frameworks. 
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1. Introduction

The global financial landscape has undergone substantial transformation in the 21st century, characterized by increased 
data volumes, algorithmic trading complexity, and evolving fraudulent schemes. Traditional fraud detection and risk 
monitoring approaches, developed for static financial operations, face limitations when addressing dynamic market 
challenges. High-frequency trading, cryptocurrency markets, and complex derivative instruments have revealed 
vulnerabilities in existing financial monitoring infrastructures [1]. 

Recent financial incidents flash crashes, market manipulation cases, and cybersecurity breaches have highlighted 
weaknesses in conventional risk management models [2]. Global financial fraud results in substantial economic losses 
annually, creating demand for innovative technological solutions that provide real-time detection, predictive 
capabilities, and adaptive monitoring strategies. These events have underscored the importance of developing more 
resilient and technologically advanced fraud detection systems.  

Fraud detection technologies have evolved considerably, progressing from traditional rule-based systems to machine 
learning anomaly detection frameworks [3]. This evolution reflects the increasing complexity required in modern 
financial monitoring. Anomaly detection offers a potential solution to these challenges in financial market monitoring. 
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By leveraging statistical methods, machine learning algorithms, and real-time data processing, anomaly detection 
systems can identify suspicious patterns, fraudulent activities, and emerging risks [4]. This technology integrates data 
collection mechanisms, analytics, neural networks, and behavioral modeling to provide organizations with dynamic 
views of their market exposure and risk profiles. 

Implementation of anomaly detection technologies represents a shift in financial risk management, moving 
organizations beyond traditional reactive approaches. Through real-time market data utilization, pattern recognition, 
and behavioral analysis, these systems enable financial institutions to identify potential fraud, recognize emerging risks, 
and develop monitoring networks [5]. As financial markets evolve, integrating anomaly detection technologies becomes 
increasingly important for maintaining regulatory compliance, improving operational security, and navigating modern 
financial ecosystem complexities. 

This research review aims to provide a comprehensive exploration of the role of anomaly detection technologies in 
modern financial market surveillance and risk management. By examining technological foundations, implementation 
mechanisms, practical applications, and potential challenges, the study seeks to offer a nuanced understanding of how 
intelligent detection systems are reshaping fraud prevention and risk monitoring practices. The review will critically 
analyze the potential of these technologies to enhance detection accuracy, reduce operational costs, and create more 
resilient and adaptive financial monitoring ecosystems. 

2. Overview of Anomaly Detection Technology 

2.1. Conceptual Framework of Anomaly Detection 

Anomaly detection technology employs statistical methods and machine learning algorithms to identify unusual 
patterns and suspicious behaviors within financial data streams[6]. At its core, anomaly detection establishes baseline 
patterns of normal behavior and subsequently identifies deviations that may indicate fraudulent activities or emerging 
risks. The technology integrates data processing mechanisms, behavioral modeling, and monitoring capabilities to 
provide insights into market dynamics and participant behavior[7]. 

The architecture of anomaly detection systems involves multiple interconnected components, including data ingestion 
pipelines, feature extraction algorithms, statistical models, and alert generation mechanisms. These components work 
together to create monitoring systems that can process market data, identify patterns, and flag potential anomalies for 
investigation. However, the effectiveness of such systems depends critically on the quality of input data, the 
appropriateness of chosen algorithms, and the calibration of detection thresholds[8]. 

2.2. Methodological Considerations 

The implementation of anomaly detection systems requires careful consideration of several methodological aspects 
that fundamentally influence system performance and reliability[9].  

These considerations represent critical decision points that can determine the success or failure of detection 
implementations in complex financial environments. Data Preprocessing and Quality Management: Effective anomaly 
detection depends on high-quality, consistent data. Financial data often contains noise, missing values, and 
inconsistencies that can lead to false positives or missed detections[10]. Preprocessing methodologies must address 
data normalization, outlier treatment, and missing value imputation while preserving genuine anomalous patterns. This 
is particularly challenging given the real-time nature of many financial applications, where data quality assessment 
must occur simultaneously with processing. Organizations must develop robust data validation frameworks that can 
identify and address quality issues without introducing latency that compromises real-time detection capabilities[11]. 

Feature Selection and Engineering: The choice of features significantly impacts detection performance, though this 
aspect is often underestimated in practical implementations. Financial time series data presents unique challenges 
including non-stationarity, volatility clustering, and regime changes that complicate feature extraction processes[12]. 
Feature engineering approaches must consider temporal dependencies, cross-asset correlations, and market 
microstructure effects that influence normal behavior patterns. The curse of dimensionality becomes problematic when 
dealing with numerous features across multiple assets and timeframes, requiring sophisticated dimensionality 
reduction techniques that preserve anomaly-relevant information while maintaining computational efficiency[13]. 

Model Selection and Validation: Different anomaly detection algorithms exhibit varying performance characteristics 
across different types of anomalies and market conditions[14]. Supervised approaches require labeled training data, 
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which may be scarce for novel fraud types a significant limitation in practice that constrains the applicability of these 
methods. Unsupervised methods avoid this limitation but may struggle with class imbalance and interpretation 
challenges that complicate their operational deployment. Cross-validation in time series contexts requires careful 
consideration of temporal dependencies to avoid data leakage and ensure realistic performance estimates[15].  

The selection process must balance detection accuracy, computational efficiency, and interpretability requirements 
within the constraints of available computational resources. 

Threshold Optimization and Calibration: Setting appropriate detection thresholds involves balancing sensitivity and 
specificity, yet this balance shifts with market conditions and evolving threat landscapes[16]. Dynamic threshold 
adjustment mechanisms must account for changing market volatility while maintaining consistent detection 
performance across different market regimes. This represents perhaps the most significant methodological challenge 
in volatile financial markets, where what constitutes "normal" behavior can change rapidly due to external events, 
regulatory changes, or market structure evolution. Calibration procedures must incorporate feedback mechanisms that 
allow for continuous threshold refinement based on operational experience and performance metrics. 

2.3. Technological Components and Infrastructure 

The technological infrastructure of anomaly detection systems encompasses a complex ecosystem of hardware and 
software components. Key technological elements include high-performance computing systems, data streaming 
platforms, distributed computing frameworks, and machine learning algorithms[17]. These technologies enable the 
creation of real-time, data-driven models that can identify anomalous patterns within high-velocity financial data 
streams. 

Machine learning and artificial intelligence algorithms constitute essential components of anomaly detection 
technologies. These algorithms process historical and real-time market data, learning patterns of normal behavior and 
identifying deviations that may indicate fraudulent activities or emerging risks[18]. The integration of AI enables 
anomaly detection systems to move beyond simple threshold-based alerts, providing pattern recognition and predictive 
capabilities that enhance traditional fraud detection approaches. However, the complexity of these algorithms 
introduces challenges related to interpretability, computational requirements, and model maintenance. 

2.4. Data Processing and Feature Engineering Mechanisms 

Data processing represents a critical component in anomaly detection implementation. Anomaly detection systems 
require processing of diverse data sources, including trade data, market feeds, customer transactions, behavioral 
patterns, and external risk indicators. Data processing mechanisms employ algorithms to clean, normalize, transform, 
and analyze high-dimensional datasets from multiple sources[19]. 

The feature engineering process involves creating meaningful representations of market behaviors, trading patterns, 
and participant activities. Machine learning techniques are increasingly employed to extract relevant features, identify 
relationships, and generate insights that support anomaly detection strategies[20]. This process includes temporal 
feature extraction, network analysis, and behavioral profiling techniques. However, feature engineering in financial 
contexts presents challenges due to the non-stationary nature of financial time series, the presence of regime changes, 
and the need to distinguish between legitimate market dynamics and anomalous behavior. 

3. Implementation Mechanisms 

3.1. Algorithmic Approaches and Model Selection 

Implementing anomaly detection technologies requires careful consideration of algorithmic approaches and model 
selection strategies[21]. Organizations must evaluate various methodologies, including statistical approaches (such as 
z-score analysis and isolation forests), machine learning techniques (including support vector machines and neural 
networks), and ensemble methods that combine multiple detection algorithms. Each approach offers distinct 
advantages and limitations depending on the specific use case and data characteristics. 

The selection process typically involves evaluating model performance across multiple dimensions, including detection 
accuracy, false positive rates, computational efficiency, and interpretability requirements[22]. Successful 
implementations often employ hybrid approaches that combine multiple detection techniques to achieve optimal 
performance across diverse fraud scenarios and risk patterns. This multi-criteria evaluation process requires careful 



International Journal of Science and Research Archive, 2025, 15(03), 1647-1656 

1650 

consideration of the trade-offs between different algorithmic approaches and their integration within existing 
technological infrastructures. 

Statistical methods such as control charts and hypothesis testing provide interpretable results but may lack sensitivity 
to complex, multivariate anomalies[23]. Machine learning approaches offer greater flexibility and pattern recognition 
capabilities but often sacrifice interpretability. Ensemble methods attempt to balance these trade-offs but introduce 
additional complexity in model management and maintenance. 

3.2. Real-Time Processing and Streaming Analytics 

Real-time processing frameworks form the backbone of effective anomaly detection implementation, though the 
technical requirements are demanding[24]. These frameworks utilize streaming analytics platforms, event processing 
systems, and distributed computing technologies to analyze market data as it arrives. The goal is creating a responsive 
monitoring system that can identify anomalies within milliseconds of their occurrence, enabling immediate response 
and risk mitigation. 

Streaming algorithms employ incremental learning techniques to continuously update detection models based on 
incoming data. These algorithms can adapt to changing market conditions and evolving fraud patterns at least in theory. 
In practice, the challenge lies in maintaining model stability while allowing for necessary adaptations. Integration of 
streaming analytics enables organizations to move beyond batch processing approaches to continuous, real-time 
monitoring, though this transition often proves more complex than anticipated[25]. 

3.3. Threshold Management and Alert Optimization 

Anomaly detection systems must carefully balance sensitivity and specificity through sophisticated threshold 
management and alert optimization mechanisms. These systems continuously analyze performance metrics, adjust 
detection thresholds, and optimize alert generation to minimize false positives while maintaining high detection rates. 
Advanced optimization techniques employ machine learning to learn optimal threshold settings based on historical 
performance and feedback mechanisms[26]. 

Alert optimization mechanisms within anomaly detection systems analyze the context and severity of detected 
anomalies, prioritizing alerts based on risk levels and potential impact[27]. These mechanisms employ sophisticated 
scoring algorithms that consider multiple factors, including anomaly magnitude, pattern persistence, and business 
context. The result is a more intelligent and manageable alert system that focuses attention on the most critical risks. 

4. Case Studies 

Anomaly detection technologies have demonstrated transformative potential across various financial institutions, 
offering unprecedented capabilities for fraud prevention and risk monitoring. This section examines three 
representative case studies that highlight the practical applications and strategic benefits of anomaly detection 
implementation in complex financial environments. 

4.1. Investment Banking Market Surveillance Systems 

Large investment banks have implemented comprehensive anomaly detection platforms integrating real-time trade 
monitoring, behavioral analysis algorithms, and regulatory compliance mechanisms[28]. These implementations 
demonstrate practical applications of anomaly detection in investment banking environments. Such systems have 
achieved improvements in market surveillance capabilities, including reductions in false positive alerts, enhanced 
suspicious activity detection accuracy, and improved regulatory reporting across global trading operations. 

However, implementation challenges remain significant. The complexity of modern trading strategies means that 
distinguishing between legitimate sophisticated trading and market manipulation requires considerable domain 
expertise embedded within the detection algorithms. 

4.2. Credit Card Processing and Fraud Detection 

Leading payment processors have leveraged advanced anomaly detection technologies to address the growing 
challenges of credit card fraud in digital payment environments. These sophisticated anomaly detection systems 
provide comprehensive solutions that enable real-time transaction scoring, behavioral pattern analysis, and adaptive 
fraud detection across global payment networks[29]. Such implementations have demonstrated exceptional 
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performance improvements, including enhanced fraud detection accuracy, reduced false decline rates, rapid transaction 
processing times, and adaptive learning capabilities that continuously improve detection performance. 

4.3. Cryptocurrency Exchange Market Surveillance 

Cryptocurrency exchanges have implemented anomaly detection technologies to address market manipulation and 
suspicious trading activities. These platforms integrate comprehensive order book analysis, wash trading detection 
algorithms, and suspicious pattern identification mechanisms. Such implementations have achieved significant 
improvements in market manipulation detection capabilities, reduced investigation times, enhanced market integrity 
protection, and enabled real-time monitoring capabilities across diverse cryptocurrency trading pairs[30]. 

These case studies demonstrate the transformative potential of anomaly detection technologies across diverse financial 
contexts. By providing sophisticated pattern recognition and behavioral analysis capabilities, organizations can achieve 
significant improvements in fraud detection accuracy, risk monitoring effectiveness, and regulatory compliance. 

5. Benefits and Opportunities 

5.1. Enhanced Fraud Detection and Prevention 

Anomaly detection technologies offer transformative capabilities for improving fraud detection and prevention across 
financial institutions. Pattern recognition and behavioral analysis allow organizations to identify fraudulent activities 
with high accuracy while reducing false positive rates[31]. Research suggests that well-implemented anomaly detection 
systems can achieve substantial improvements in fraud detection rates while reducing false positives considerably. Yet 
the definition of "well-implemented" remains somewhat elusive, as success depends heavily on context-specific 
factors[32]. 

The ability to detect subtle patterns and emerging fraud schemes enables organizations to stay ahead of evolving 
criminal tactics though this advantage may be temporary as fraudsters adapt to new detection methods. Behavioral 
modeling allows for identification of previously unknown fraud patterns, enabling proactive rather than reactive fraud 
prevention strategies[33]. This represents a significant shift from traditional approaches, though the practical benefits 
vary considerably across different organizational contexts. 

5.2. Risk Management and Compliance Enhancement 

Anomaly detection technologies provide unprecedented capabilities for risk management and regulatory 
compliance[34]. By creating dynamic models that can identify emerging risks and compliance violations in real-time, 
organizations can develop comprehensive strategies for maintaining regulatory adherence while minimizing 
operational risks. Advanced predictive analytics enable early detection of potential compliance issues, allowing for 
rapid and effective remediation[35]. 

The comprehensive monitoring capabilities of anomaly detection systems extend beyond simple risk identification. 
These technologies can model complex risk scenarios, evaluate potential impacts, and develop comprehensive 
mitigation strategies[36]. This approach transforms risk management from a reactive to a proactive discipline, enabling 
organizations to maintain operational integrity in increasingly regulated financial environments. 

5.3. Operational Efficiency and Cost Reduction 

Anomaly detection technologies facilitate significant improvements in operational efficiency and cost reduction[37]. By 
automating the detection and investigation of suspicious activities, these systems enable organizations to optimize 
resource allocation and reduce manual investigation costs. The reduction in false positives directly translates to 
improved operational efficiency, allowing security teams to focus on genuine threats rather than investigating benign 
anomalies[38]. 

The automation capabilities of anomaly detection systems support continuous monitoring without proportional 
increases in operational costs. Organizations can scale their monitoring capabilities to handle increasing transaction 
volumes and market complexity without linear increases in operational overhead[39]. This scalability is particularly 
valuable in high-growth financial technology environments. 
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6. Challenges and Considerations 

6.1. Technical Challenges and Computational Requirements 

Implementing anomaly detection technologies presents significant technical challenges, particularly in high-velocity 
financial environments[40]. These include complex data processing requirements, substantial computational 
infrastructure needs, and the development of low-latency detection capabilities. Organizations must invest in 
technological infrastructure and develop specialized technical expertise to successfully implement real-time anomaly 
detection systems investments that don't always yield proportional returns[41]. 

The scalability of anomaly detection technologies remains a critical concern. As financial markets generate increasingly 
large volumes of data, developing systems that can effectively process and analyze these data streams while maintaining 
low latency requires continuous technological innovation and substantial computational resources. The challenge is 
compounded by the need to maintain detection accuracy while processing data at scale, creating what some 
practitioners describe as an "impossible triangle" of speed, accuracy, and cost-effectiveness[42]. 

6.2. Data Quality and Model Accuracy Challenges 

Successful anomaly detection implementation depends critically on data quality and model accuracy[43]. Poor data 
quality can lead to false positives, missed detections, and degraded system performance. Organizations must implement 
robust data quality management processes, including data validation, cleansing, and normalization procedures. The 
challenge is particularly acute in financial environments where data comes from multiple sources with varying quality 
standards[44]. 

Model accuracy presents ongoing challenges, particularly in dynamic financial environments where normal behavior 
patterns evolve continuously[45]. Anomaly detection models must be regularly updated and retrained to maintain 
effectiveness, requiring sophisticated model management processes and continuous monitoring of model performance. 
The challenge is balancing model sensitivity with specificity while adapting to changing market conditions. 

6.3. Regulatory and Ethical Considerations 

The implementation of anomaly detection technologies in financial services raises important regulatory and ethical 
considerations. Organizations must ensure that their detection systems comply with privacy regulations, fair lending 
practices, and anti-discrimination requirements. The use of machine learning algorithms in financial decision-making 
requires careful consideration of algorithmic bias and fairness implications[46]. 

Regulatory requirements vary significantly across jurisdictions, creating challenges for global financial institutions 
implementing anomaly detection systems[47]. Organizations must develop comprehensive compliance frameworks 
that address data protection, algorithmic transparency, and regulatory reporting requirements. The challenge is 
particularly complex in emerging technology areas where regulatory frameworks are still evolving. 

7. Future Directions 

The future of anomaly detection technologies in financial markets is marked by unprecedented potential for innovation 
and transformation. Emerging trends indicate increasing integration of artificial intelligence and deep learning 
capabilities, enabling more sophisticated pattern recognition and behavioral analysis[48]. These advancements will 
allow for even more nuanced and comprehensive fraud detection and risk monitoring. 

Quantum computing represents a potentially revolutionary development in anomaly detection technologies[49]. The 
unprecedented computational capabilities of quantum systems could enable analysis of exponentially more complex 
financial patterns, providing insights that are currently beyond technological capabilities. This could transform our 
understanding of market dynamics and fraud detection strategies. 

The continued development of edge computing and 5G technologies will further enhance anomaly detection 
capabilities[50]. These technologies will enable more immediate data processing and analysis, creating even more 
responsive and dynamic fraud detection systems. The integration of these technologies will support more sophisticated 
and real-time risk monitoring processes[51]. 
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Explainable AI represents another critical development area, particularly important for regulatory compliance and 
model interpretability[52]. Future anomaly detection systems will need to provide clear explanations for their 
decisions, enabling human oversight and regulatory validation.  

This capability will be essential for maintaining trust and compliance in automated detection systems. 

8. Conclusion 

Anomaly detection technologies represent a transformative paradigm in financial market monitoring, offering 
unprecedented capabilities for identifying fraudulent activities, emerging risks, and suspicious patterns within complex 
financial ecosystems. The sophisticated pattern recognition and behavioral analysis enabled by these technologies 
provide organizations with powerful tools to address the intricate challenges of modern financial crime prevention and 
risk management. By creating dynamic, data-driven detection systems, anomaly detection enables more sophisticated, 
proactive, and adaptive security strategies. 

The potential of anomaly detection technologies extends far beyond traditional rule-based monitoring systems. These 
advanced systems integrate sophisticated machine learning algorithms, real-time data processing, and comprehensive 
behavioral modeling to deliver insights that were previously unimaginable. Organizations implementing anomaly 
detection can achieve significant improvements in fraud detection accuracy, risk management effectiveness, and 
operational efficiency, fundamentally reshaping their approach to financial security and compliance. 

As financial markets continue to evolve, characterized by increasing complexity, velocity, and sophistication of threats, 
anomaly detection technologies will become increasingly critical. The ability to create comprehensive, real-time 
detection systems offers organizations a powerful mechanism for navigating uncertainty, mitigating risks, and 
maintaining competitive advantage in an increasingly dynamic financial landscape. 

Recommendations 

Successful implementation of anomaly detection technologies requires a holistic and strategic approach that transcends 
traditional technology deployment. Organizations must develop comprehensive transformation strategies that 
integrate advanced detection capabilities with robust operational processes and regulatory compliance frameworks. 
This involves creating a culture of continuous monitoring, adaptive learning, and technological innovation that can 
support the complex requirements of modern financial security. 

The development of specialized skill sets and interdisciplinary expertise will be crucial for organizations seeking to 
leverage anomaly detection technologies effectively. This necessitates significant investment in training programs, 
collaborative research initiatives, and strategic partnerships between financial institutions, technology providers, and 
regulatory bodies. By fostering an ecosystem of continuous learning and innovation, organizations can develop the 
sophisticated capabilities required to fully realize the potential of anomaly detection technologies. 

Technological innovation in anomaly detection systems will require sustained investment in research and development, 
focusing on advancing algorithmic capabilities, improving data processing efficiency, and enhancing model 
interpretability. Collaboration between technology providers, academic researchers, and industry stakeholders will be 
essential in driving these advancements. The future of anomaly detection technologies lies in creating more 
sophisticated, adaptive, and explainable systems that can provide increasingly nuanced insights and support more 
complex decision-making processes while maintaining regulatory compliance and operational transparency. 

References 

[1] Youvan DC. Emergent Phenomena in Modern Financial Systems: Unanticipated Risks and Their Mitigation. 

[2] Corbet S, Gurdgiev C. Financial digital disruptors and cyber-security risks: Paired and systemic. Forthcoming in 
Journal of Terrorism & Cyber Insurance. 2017;1(2). 

[3] Alonge EO, Eyo-Udo NL, Ubanadu BC, Daraojimba AI, Balogun ED, Ogunsola KO. Enhancing data security with 
machine learning: A study on fraud detection algorithms. Journal of Data Security and Fraud Prevention. 2021 
Jan;7(2):105-18. 



International Journal of Science and Research Archive, 2025, 15(03), 1647-1656 

1654 

[4] Bello HO, Ige AB, Ameyaw MN. Adaptive machine learning models: concepts for real-time financial fraud 
prevention in dynamic environments. World Journal of Advanced Engineering Technology and Sciences. 2024 
Jul;12(02):021-34. 

[5] WILLIAMS M, YUSSUF MF, OLUKOYA AO. Machine learning for proactive cybersecurity risk analysis and fraud 
prevention in digital finance ecosystems. ecosystems. 2021 Dec;20:21. 

[6] Diro A, Chilamkurti N, Nguyen VD, Heyne W. A comprehensive study of anomaly detection schemes in IoT 
networks using machine learning algorithms. Sensors. 2021 Dec 13;21(24):8320. 

[7] Wang B, Dong Y, Yao J, Qin H, Wang J. Exploring anomaly detection and risk assessment in financial markets using 
deep neural networks. International Journal of Innovative Research in Computer Science and Technology. 2024 
Jul 29;12(4). 

[8] Sharma AB, Golubchik L, Govindan R. Sensor faults: Detection methods and prevalence in real-world datasets. 
ACM Transactions on Sensor Networks (TOSN). 2010 Jun 24;6(3):1-39. 

[9] Aghazadeh Ardebili A, Hasidi O, Bendaouia A, Khalil A, Khalil S, Luceri D, Longo A, Abdelwahed EH, Qassimi S, 
Ficarella A. Enhancing resilience in complex energy systems through real-time anomaly detection: a systematic 
literature review. Energy Informatics. 2024 Oct 4;7(1):96. 

[10] Karpoff JM, Koester A, Lee DS, Martin GS. A critical analysis of databases used in financial misconduct research. 
Mays Business School Research Paper. 2012;73(2012):2012-11. 

[11] Gangarapu S, Chilukoori VV, Vajpayee A, Mohan R. DATA QUALITY ASSURANCE IN DATA WAREHOUSING: A 
COMPREHENSIVE FRAMEWORK FOR ENSURING DATA INTEGRITY, ACCURACY, AND RELIABILITY. 

[12] Cortese F. Statistical Modeling and Temporal Clustering of Multivariate Time-Series with Applications to 
Financial Data. 

[13] Han J, Jentzen A, E W. Solving high-dimensional partial differential equations using deep learning. Proceedings of 
the National Academy of Sciences. 2018 Aug 21;115(34):8505-10. 

[14] Samariya D, Thakkar A. A comprehensive survey of anomaly detection algorithms. Annals of Data Science. 2023 
Jun;10(3):829-50. 

[15] Bouke MA, Zaid SA, Abdullah A. Implications of data leakage in machine learning preprocessing: a multi-domain 
investigation. 

[16] Omopariola B, Aboaba V. Advancing financial stability: The role of AI-driven risk assessments in mitigating 
market uncertainty. Int J Sci Res Arch. 2021;3(2):254-70. 

[17] Mustafa A, Hameed N. Advanced Computing Techniques for Real-Time Data Processing and High-Performance 
Computing. Journal of Advanced Computing Systems. 2023 Aug 3;3(8):1-8. 

[18] Bello HO, Ige AB, Ameyaw MN. Adaptive machine learning models: concepts for real-time financial fraud 
prevention in dynamic environments. World Journal of Advanced Engineering Technology and Sciences. 2024 
Jul;12(02):021-34. 

[19] Rahman A. Statistics-based data preprocessing methods and machine learning algorithms for big data analysis. 
International Journal of Artificial Intelligence. 2019 Oct;17(2):44-65. 

[20] Yaseen A. The role of machine learning in network anomaly detection for cybersecurity. Sage Science Review of 
Applied Machine Learning. 2023;6(8):16-34. 

[21] Sodemann AA, Ross MP, Borghetti BJ. A review of anomaly detection in automated surveillance. IEEE 
Transactions on Systems, Man, and Cybernetics, Part C (Applications and Reviews). 2012 Nov;42(6):1257-72. 

[22] Cheng X. A Comprehensive Study of Feature Selection Techniques in Machine Learning Models. Insights in 
Computer, Signals and Systems. 2024 Nov 25;1(1):10-70088. 

[23] Puig SV. Fault diagnosis tools in multivariate statistical process and quality control (Doctoral dissertation, 
Universitat Politècnica de València). 

[24] Alam MA, Nabil AR, Mintoo AA, Islam A. Real-Time Analytics In Streaming Big Data: Techniques And Applications. 
Journal of Science and Engineering Research. 2024;1(01):104-22. 

[25] Rozony FZ. A Comprehensive Review Of Real-Time Analytics Techniques And Applications In Streaming Big Data. 
Available at SSRN 5256050. 2024 Nov 4. 



International Journal of Science and Research Archive, 2025, 15(03), 1647-1656 

1655 

[26] Karthick K. Comprehensive overview of optimization techniques in machine learning training. Control Systems 
and Optimization Letters. 2024 Feb 13;2(1):23-7. 

[27] Onyeke FO, Odujobi O, Adikwu FE, Elete TY. Revolutionizing process alarm management in refinery operations: 
Strategies for reducing operational risks and improving system reliability. Magna Scientia Advanced Research 
and Reviews. 2023;9(2):187-94. 

[28] Ajayi AM, Omokanye AO, Olowu O, Adeleye AO, Omole OM, Wada IU. Detecting insider threats in banking using 
AI-driven anomaly detection with a data science approach to cybersecurity. 

[29] Popoola NT. Big Data-Driven Financial Fraud Detection and Anomaly Detection Systems for Regulatory 
Compliance and Market Stability. 

[30] Bello HO, Idemudia C, Iyelolu TV. Integrating machine learning and blockchain: Conceptual frameworks for real-
time fraud detection and prevention. World Journal of Advanced Research and Reviews. 2024;23(1):056-68. 

[31] Udeh EO, Amajuoyi P, Adeusi KB, Scott AO. The role of big data in detecting and preventing financial fraud in 
digital transactions. World Journal of Advanced Research and Reviews. 2024;22(2):1746-60. 

[32] McGee R, Gaventa J. Shifting power? Assessing the impact of transparency and accountability initiatives. IDS 
Working Papers. 2011 Nov;2011(383):1-39. 

[33] Bello HO, Ige AB, Ameyaw MN. Adaptive machine learning models: concepts for real-time financial fraud 
prevention in dynamic environments. World Journal of Advanced Engineering Technology and Sciences. 2024 
Jul;12(02):021-34. 

[34] Santorry S. Evaluating the Impact of Technological Innovations on Operational Risk Management in Financial 
Institutions. The Journal of Academic Science. 2024 Nov 15;1(6):762-76. 

[35] Sharma R. Enhancing Banking Compliance and Productivity through Advanced Data Analytics. 

[36] Moss RH, Edmonds JA, Hibbard KA, Manning MR, Rose SK, Van Vuuren DP, Carter TR, Emori S, Kainuma M, Kram 
T, Meehl GA. The next generation of scenarios for climate change research and assessment. Nature. 2010 Feb 
11;463(7282):747-56. 

[37] Jaramillo-Alcazar A, Govea J, Villegas-Ch W. Anomaly detection in a smart industrial machinery plant using iot 
and machine learning. Sensors. 2023 Oct 7;23(19):8286. 

[38] Olateju O, Okon SU, Igwenagu U, Salami AA, Oladoyinbo TO, Olaniyi OO. Combating the challenges of false 
positives in AI-driven anomaly detection systems and enhancing data security in the cloud. Available at SSRN 
4859958. 2024 Jun 10. 

[39] Vadisetty R. Efficient large-scale data based on cloud framework using critical influences on financial landscape. 
In2024 International Conference on Intelligent Computing and Emerging Communication Technologies (ICEC) 
2024 Nov 23 (pp. 1-6). IEEE. 

[40] Pillai V. Anomaly Detection for Innovators: Transforming Data into Breakthroughs. Libertatem Media Private 
Limited; 2022 Apr 22. 

[41] Byrum J. AI in financial portfolio management: Practical considerations and use cases. Innovative Technology at 
the Interface of Finance and Operations: Volume I. 2022:249-70. 

[42] Tsang YP, Lee CK, Zhang K, Wu CH, Ip WH. On-chain and off-chain data management for blockchain-internet of 
things: a multi-agent deep reinforcement learning approach. Journal of Grid Computing. 2024 Mar;22(1):16. 

[43] Widad E, Saida E, Gahi Y. Quality anomaly detection using predictive techniques: an extensive big data quality 
framework for reliable data analysis. IEEE Access. 2023 Sep 20;11:103306-18. 

[44] Tomar M, Periyasamy V. The role of reference data in financial data analysis: Challenges and opportunities. 
Journal of Knowledge Learning and Science Technology ISSN: 2959-6386 (online). 2023 Nov 30;1(1):90-9. 

[45] Wang M, Zhou L, Zhang Z. Dynamic modeling. Annual Review of Organizational Psychology and Organizational 
Behavior. 2016 Mar 21;3(1):241-66. 

[46] Akter S, Dwivedi YK, Sajib S, Biswas K, Bandara RJ, Michael K. Algorithmic bias in machine learning-based 
marketing models. Journal of Business Research. 2022 May 1;144:201-16. 



International Journal of Science and Research Archive, 2025, 15(03), 1647-1656 

1656 

[47] Zainal A. Role of Artificial Intelligence and Big Data Technologies in Enhancing Anomaly Detection and Fraud 
Prevention in Digital Banking Systems. International Journal of Advanced Cybersecurity Systems, Technologies, 
and Applications. 2023 Dec 4;7(12):1-0. 

[48] Soori M, Arezoo B, Dastres R. Artificial intelligence, machine learning and deep learning in advanced robotics, a 
review. Cognitive Robotics. 2023 Jan 1;3:54-70. 

[49] Kumar G, Yadav S, Mukherjee A, Hassija V, Guizani M. Recent advances in quantum computing for drug discovery 
and development. IEEE Access. 2024 Mar 11. 

[50] Shaik R, Raju D, Behera PC, Changala R, Mary SS, Balakumar A. Real-Time Anomaly Detection in 5G Networks 
Through Edge Computing. In2024 Third International Conference on Intelligent Techniques in Control, 
Optimization and Signal Processing (INCOS) 2024 Mar 14 (pp. 1-6). IEEE. 

[51] Abikoye BE, Akinwunmi T, Adelaja AO, Umeorah SC, Ogunsuji YM. Real-time financial monitoring systems: 
Enhancing risk management through continuous oversight. GSC Advanced Research and Reviews. 
2024;20(1):465-76. 

[52] Ahmad T, Katari P, Pamidi Venkata AK, Ravi C, Shaik M. Explainable AI: Interpreting Deep Learning Models for 
Decision Support. Advances in Deep Learning Techniques. 2024;4(1):80-108. 


