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 The surge in digital financial transactions, fueled by the proliferation of 

online banking, ecommerce, and emerging technologies, has brought 

significant oppor- tunities and equally critical vulnerabilities. Fraudulent 

activities have evolved in parallel, leveraging the complexity and global 

reach of digital systems to exploit weaknesses. This paper investigates the 

multifaceted nature of fraud in financial transactions, focusing on key types 

such as credit card fraud, money laundering, insurance fraud, and emerging 

threats in cryptocurrency systems. In this paper, we establish a state-of-the-

art overview of fraud detection method- ologies, analyzing their strengths 

and limitations. Traditional rule-based ap- proaches are contrasted with 

modern machine learning (ML) models, hybrid frame- works, and the 

application of advanced technologies. The study highlights the critical role 

of systems capable of identifying complex fraud patterns while ad- dressing 

persistent challenges. By synthesizing findings from existing research and 

evaluating innovative methods, this paper provides actionable insights into 

enhancing the effectiveness and resilience of fraud detection systems. 
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1. INTRODUCTION 

The way we handle money has been completely reshaped by digital services. Everyday tools like 

online banking, e-commerce, and mobile payments have made finance more accessible and efficient for 

everyone. However, this convenience has also created new vulnerabilities. As the volume of digital 

transactions explodes, financial institutions find themselves in a constant battle against increasingly 

sophisticated fraud. 

Today’s fraud is not about forged checks or simple card theft anymore. Criminals now exploit 

complex global payment systems, use anonymizing tech, and target new platforms like cryptocurrencies 

and decentralized finance (DeFi). The financial cost is staggering, reaching billions of dollars annually and 

climbing, as cybercriminals continuously refine their methods [1]. It’s clear that traditional security 

measures, often based on fixed rules, are no longer enough to handle this dynamic threat. 

The initial response to digital fraud was to build systems based on expert-defined rules, such as 

flagging all transactions over a certain amount. While useful for known attack patterns, these static systems 

fail against new or evolving schemes. This is why the field has shifted towards machine learning (ML) and 

deep learning (DL). Instead of relying on fixed rules, these models learn complex and subtle patterns directly 
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from massive datasets of transaction history. Recent developments, particularly with graph-based models that 

map fraud networks and ensemble methods that combine multiple detectors, have significantly improved 

performance. 

However, in reviewing the current literature, we identified three critical gaps. First, most studies 

operate in silos, focusing on a single fraud type (like credit cards) or one detection technique, which prevents 

a clear comparison of what works best across different domains. Second, many papers chase incremental 

accuracy gains while ignoring crucial real-world challenges like computational cost, model interpretability 

for regulators, and the difficulty of deploying in real-time. Third, the risks tied to emerging technologies, 

such as those in blockchain systems or privacy-preserving frameworks, remain underexplored in existing 

surveys. 

This paper directly addresses these gaps. We provide a comprehensive review that systematically 

compares traditional, ML, DL, and hybrid approaches across a wide range of fraud categories—from 

insurance and mortgage fraud to money laundering and crypto-related schemes. Our focus is on practical 

applicability, weighing the trade-offs between performance and real-world deployability. Ultimately, our goal 

is twofold. We aim not only to summarize the current state of research but also to critically analyze the 

strengths and weaknesses of today’s methods. By highlighting open challenges and future directions, we 

hope to equip researchers and practitioners with the insights needed to build the next generation of robust, 

scalable, and truly adaptive fraud detection systems. 

The main contributions of this paper can be summarized as follows: To achieve our goal, this paper 

is built around four core contributions. We begin by creating a clear and structured taxonomy to organize the 

sprawling landscape of financial fraud. This framework is designed to be practical, covering not only 

traditional domains like credit card and insurance fraud but also integrating the novel threats emerging from 

cryptocurrencies. Building on this classification, we then benchmark a wide range of detection methods 

against each other. Our analysis moves beyond simplistic accuracy metrics to offer a comparative view of 

traditional rules, ML, and DL models, weighing their trade-offs in terms of computational cost, 

interpretability, and real-world readiness. This practical focus naturally leads to our third contribution: a 

critical discussion of the persistent challenges that practitioners face daily. We dedicate specific attention to 

issues like severe data imbalance, concept drift (when fraud patterns change over time), and the immense 

pressure of real-time processing constraints and data privacy regulations. Finally, by synthesizing these 

findings, we identify the most significant research gaps and propose a roadmap for future innovation. We 

argue that the next generation of fraud detection systems will likely emerge from the integration of promising 

technologies like graph-based learning, federated learning, and blockchain analytics. 

 

 

2. RELATED WORK AND FRAUD DETECTION TAXONOMY 

2.1.  Types of financial fraud 

Fraud is not a monolithic problem; its methods are tailored to specific industries and objectives. The 

techniques used for insurance fraud, for example, are fundamentally different from those employed in money 

laundering or attacks against emerging cryptocurrency platforms. While new threats constantly appear, the 

sheer volume of digital payments ensures that credit card fraud remains one of the most persistent and 

widespread challenges. 

To bring structure to this complex landscape, our analysis will be guided by the comprehensive 

classification framework proposed in [2]. This model organizes financial fraud into distinct categories—

including credit card, money laundering, and loan-related schemes—which we will use as a foundation for 

our comparative analysis. The figure below provides a visual map of these primary fraud types, each of 

which requires a unique detection strategy. By understanding their underlying mechanisms, we can then 

evaluate which detection models are most effective for each specific case. To provide a structured overview 

of the financial fraud landscape, Figure 1 summarizes the main categories of financial fraud addressed in the 

literature, highlighting their diversity across different application domains. 

 

2.1.1. Credit card fraud 

The explosion of e-commerce and digital payments has made credit cards a primary target for fraud. 

As transaction volumes have surged [3], so have the opportunities for criminals. Fraudsters now employ a 

range of sophisticated techniques, from digital methods like phishing to physical ones like card skimming 

and the creation of highly convincing counterfeit cards [4]. These unauthorized activities result in significant 

financial losses for both consumers and banks, a problem made worse by the anonymity and global reach of 

online platforms, which complicates law enforcement efforts [5]. 

In response, financial institutions have turned to technology, deploying ML and AI systems to fight 

back. These models are designed to analyze vast streams of transaction data in real-time, identifying 

anomalous patterns that signal potential fraud before a transaction is even completed. However, this is not a 
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one-time fix. It’s a continuous arms race. As detection systems become more advanced, so do the strategies 

of the fraudsters. This dynamic highlights the critical need for detection models that are not only accurate but 

also highly adaptive to the ever-evolving landscape of credit card fraud. 

 

 

 
 

Figure 1. Taxonomy of major types of financial fraud 

 

 

2.1.2. Insurance fraud 

Unlike the high-volume, transactional nature of credit card fraud, insurance fraud encompasses a 

diverse set of schemes aimed at extracting illicit payments from an insurance policy. These schemes can be 

perpetrated by policyholders, agents, or organized rings at any point in the insurance lifecycle. The methods 

are highly context-specific: they can range from staging a car accident with exaggerated damage claims, to a 

medical provider billing for services never rendered, to a farmer artificially inflating crop losses after a 

natural disaster [6]. 

The primary challenge in combating insurance fraud is its sheer variety; a model trained to detect 

suspicious auto claims is useless for identifying fraudulent health services. Because a single detection 

strategy is insufficient, insurers are moving beyond simple rules. They are now deploying a combination of 

advanced data analytics and ML algorithms designed to spot anomalies across different business lines, often 

collaborating across borders to track complex international schemes. 

 

2.1.3. Financial statement fraud 

Shifting from high-volume external attacks, financial statement fraud represents a deliberate, 

internal manipulation of a company’s perceived health. This form of fraud is not about single illicit 

transactions but about distorting the entire financial narrative. Executives might inflate revenues, hide 

liabilities, or alter asset valuations [7] with the specific goal of deceiving investors, securing favorable loans, 

or artificially boosting stock prices. The consequences can be catastrophic, leading to major market 

disruptions and devastating stakeholder losses. 

Because this fraud is hidden within periodic reports rather than real-time data streams, detection 

relies on a different toolkit. It combines traditional forensic accounting and trend analysis with advanced ML 

algorithms trained to spot subtle anomalies and inconsistencies that a human auditor might miss. The 

challenge lies in identifying manipulations that are designed to look like normal business fluctuations, 

requiring a deep understanding of both accounting principles and the specific tactics used by fraudsters. 

 

2.1.4. Money laundering 

Unlike fraud that directly steals funds, money laundering is a secondary crime designed to legitimize 

the proceeds of other illegal activities, from drug trafficking to terrorism financing [8]. Its entire purpose is to 

erase the connection between the money and the crime. To do this, criminals typically follow a three-stage 

playbook. First, they place the illicit cash into the financial system, often through small deposits or 

legitimate-looking businesses. Next, they layer it by moving the funds through a complex web of 

transactions—often crossing multiple borders and involving shell corporations—with the sole aim of 

obscuring the original source. Finally, they integrate the “cleaned” money back into the legitimate economy 

through investments or large purchases. 

This multi-stage process is precisely what makes detection so challenging. In response, global 

regulators have mandated robust anti-money laundering (AML) and know your customer (KYC) 

frameworks. KYC regulations are designed to disrupt the “placement” stage by verifying identities, while 

advanced AML transaction monitoring systems are built to untangle the complex patterns of the “layering” 

stage, aiming to protect the integrity of the financial system. 



Indonesian J Elec Eng & Comp Sci  ISSN: 2502-4752  

 

Fraud detection in financial transactions: state of the art (Hamza Badri) 

275 

2.1.5. Mortgage fraud 

Unlike the rapid-fire nature of payment fraud, mortgage fraud is a slower, more deliberate deception 

centered on the application process itself. It involves intentionally falsifying information—from inflating 

property values to providing fake income details—to secure a loan that the borrower would otherwise be 

denied [9]. While the immediate goal is to deceive a single lender, the collective impact of such actions can 

be far more damaging. Widespread mortgage fraud can distort property values, create housing bubbles, and 

lead to significant financial instability that affects entire communities. Consequently, countermeasures focus 

heavily on the verification stage, combining stricter due diligence with ML models designed to flag 

suspicious patterns in application data. To situate our work within this diverse landscape, we present a 

comparative analysis of recent literature in Table 1. The table maps out key existing surveys, highlighting 

their focus areas—from healthcare and credit card fraud to money laundering and cryptocurrency schemes. 

As the comparison illustrates, most studies concentrate on a single fraud type. This underscores the critical 

gap our comprehensive, cross-domain review aims to fill, providing a unified perspective that is currently 

lacking in the field. 

 

2.1.6. Cryptocurrency fraud 

The very features that make cryptocurrencies revolutionary—decentralization, pseudo-anonymity, 

and the absence of traditional financial intermediaries—also make them a fertile ground for a new generation 

of fraud. Criminals exploit the promise of high, rapid returns to lure investors into sophisticated schemes. 

These are not isolated incidents; organized fraudulent services like BTCQuick and CoinOpened have 

managed to extract millions of dollars from investors by leveraging the largely unregulated nature of the 

digital currency market. 

This fraud manifests in diverse forms, from investment-based scams like Ponzi schemes, fake initial 

coin offerings (ICOs), and “pump-and-dump” manipulations, to direct theft through phishing attacks 

designed to steal users’ private keys. The core challenge in combating these activities stems directly from the 

technology itself. The pseudo-anonymous and borderless nature of blockchain transactions makes it 

incredibly difficult to trace illicit funds and identify perpetrators, a problem compounded by the constantly 

evolving tactics of fraudsters. This has prompted a dual response: a push for clearer regulatory frameworks 

from authorities and a drive for stronger on-chain security measures from developers. 

 

2.2.  Traditional fraud detection techniques 

Fraud detection in the financial sector involves a range of techniques aimed at identifying and 

prevent- ing fraudulent activities. As fraudulent behaviors continuously evolve, understanding the different 

detection methods and evaluating their effectiveness becomes crucial. This section explores the primary 

methods used to detect fraud, focusing on their advantages, limitations, and specific applications [10]–[12]. 

Additionally, we provide a detailed comparative analysis with previous reviews that have addressed the same 

topic. The following table summarizes the key characteristics explored in these studies, comparing them with 

our approach. The comparison criteria include the scope of topics covered, the methodologies employed, and 

the limitations identified [3], [8]. This comparative analysis highlights the innovative aspects and 

contributions of our work, building on existing literature and providing new insights [5], [13]. Traditional 

fraud detection techniques form the foundation of fraud detection systems, often relying on rule-based 

systems defined by domain experts, auditors, or regulatory bodies. These methods are essential for 

identifying known fraud patterns, but they face challenges when it comes to detecting novel or evolving 

fraudulent behaviors. 

 

2.2.1. Rule-based systems 

These systems operate based on predefined rules or thresholds that are established by experts or 

through historical data analysis. They are designed to flag suspicious activities by identifying patterns 

consistent with known fraud types. For example, they may trigger alerts for transactions exceeding a certain 

amount, or for unusual behaviors, such as frequent withdrawals from the same account within a short period. 

These thresholds are often set based on the experience and knowledge of fraud investigators, and they are 

generally effective in detecting fraud that follows well-known patterns [10], [11]. However, these systems 

may struggle when faced with sophisticated or new types of fraud, which do not fit existing patterns [4]. 

 

2.2.2. Statistical methods 

Statistical-based methods represent one of the earliest approaches to fraud detection in financial trans- 

actions. These techniques rely on probabilistic models and statistical assumptions derived from historical trans- 

action data to identify anomalous or suspicious behaviors. Commonly used models include logistic regression, 

Bayesian inference, Gaussian-based anomaly detection, and probability scoring techniques. The main 

advantage of statistical methods lies in their simplicity, interpretability, and low computational cost, making 
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them suitable for real-time fraud detection systems. However, their effectiveness is often limited when 

dealing with highly imbalanced datasets, evolving fraud patterns, and complex non-linear relationships, 

which has motivated the transition toward ML and DL-based approaches. 
 

2.2.3. Expert systems 

Manual and automated audits remain a critical method for detecting anomalies. In manual auditing, 

fraud investigators examine transaction records and business processes to identify potential fraudulent 

activities. Automated auditing systems use pre-defined algorithms to analyze historical data and flag 

discrepancies in business processes, transaction flows, and compliance with regulatory standards. Despite 

their importance, audit systems also have limitations, such as the potential for human error in manual audits 

and the inability of automated systems to detect more complex fraud schemes [3], [12]. 

 

2.3.  ML-based approaches 

ML-based approaches have been widely adopted for fraud detection due to their ability to learn 

complex patterns from historical transaction data. Unlike traditional rule-based and statistical methods, ML 

models can automatically adapt to evolving fraud behaviors by leveraging labeled datasets. Commonly used 

algorithms include decision trees [14], [15], support vector machines [16], [17], random forests [16], logistic 

regression, and k-nearest neighbors [18]. These techniques have demonstrated improved detection performance 

compared to traditional methods, particularly in scenarios involving large-scale and high- dimensional financial 

data. However, their effectiveness strongly depends on data quality, feature engineering, and the handling of 

class imbalance, which remain critical challenges in practical deployments [19]–[21]. 

 

2.4.  DL-based approaches 

DL-based approaches have gained significant attention in financial fraud detection due to their 

capacity to model complex, non-linear patterns in large-scale transaction data. Unlike traditional ML 

techniques, DL models can automatically learn hierarchical feature representations, reducing the reliance on 

manual feature engineering. Architectures such as artificial neural networks, convolutional neural networks 

[22], recurrent neural networks, long short-term memory networks [23], and autoencoders have been 

successfully applied to various fraud detection tasks, including credit card fraud and money laundering 

detection. Despite their strong detection capabilities, DL models often require large labeled datasets, high 

computational resources, and careful model tuning, which can limit their interpretability and real-time 

deployment in practical financial systems [24]. 

 

2.4.  Hybrid and ensemble methods 

Hybrid and ensemble-based fraud detection methods combine multiple detection techniques to 

improve robustness and overall performance. These approaches often integrate traditional rule-based systems 

with ML or DL models, or aggregate multiple classifiers using ensemble strategies such as bagging, boosting, 

and stacking. The motivation behind hybrid models is to leverage the strengths of different techniques while 

mitigating their individual limitations, particularly in handling imbalanced data and evolving fraud patterns. 

Although hybrid and ensemble methods generally achieve improved detection reliability, they may introduce 

additional system complexity and computational overhead, which can pose challenges for real-time financial 

applications [25]. 

 

 

3. REVIEW METHODOLOGY 

This study adopts a structured and systematic review methodology to ensure transparency, rigor, and 

reproducibility. The objective is to provide a comprehensive analysis of fraud detection techniques in 

financial transactions by synthesizing high-quality and relevant research contributions. 

 

3.1.  Data sources and search strategy 

The literature search was conducted using major scientific databases, including IEEE Xplore, 

Scopus, Web of Science (WoS), and ScienceDirect. These databases were selected due to their wide coverage 

of peer-reviewed journals and conference proceedings in computer science, artificial intelligence, and 

financial engineering. A systematic search strategy was applied using combinations of keywords such as 

“financial fraud detection”, “credit card fraud”, “money laundering detection”, “ML fraud detection”, “DL 

fraud detection”, and “anomaly detection in financial transactions”. Boolean operators (AND/OR) were used 

to refine the search and ensure comprehensive coverage of relevant studies. Figure 2 presents an overview of 

the literature search and study selection process used in this review, from database identification to the final 

selection of relevant studies. 
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3.2.  Inclusion and exclusion criteria 

To ensure the relevance and quality of the reviewed literature, explicit inclusion and exclusion 

criteria were defined. 

 

 

 
 

Figure 2. Literature search and study selection process 

 

 

3.2.1. Inclusion criteria 

The inclusion criteria were defined to ensure that only relevant, high-quality, and methodologically 

sound studies were considered in this review, as outlined below: 

 Peer-reviewed journal articles and high-quality conference papers. 

 Studies addressing fraud detection in financial transactions. 

 Articles proposing or evaluating traditional, ML, DL, or hybrid detection approaches. 

 Publications written in English. 

 Studies published between 2010 and 2024. 

 

3.2.2. Exclusion criteria 

The exclusion criteria were established to filter out studies that do not meet the required quality 

standards or relevance to the scope of this research, as detailed below: 

- Non-peer-reviewed articles, technical reports, theses, or white papers. 

- Studies not directly related to financial fraud detection. 

- Papers lacking sufficient methodological details or experimental validation. 

- Duplicate publications across multiple databases. 
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3.3.  Study selection and analysis 

The study selection process was conducted in multiple stages. Initially, titles and abstracts were 

screened to remove irrelevant studies. Subsequently, full-text articles were assessed based on the predefined 

criteria. The selected studies were then categorized according to fraud type, detection methodology, data 

characteristics, and evaluation metrics. The final set of studies was analyzed to identify common trends, 

strengths, limitations, and research gaps. Comparative analysis was conducted considering performance, 

computational complexity, interpretability, scalability, and real-world applicability. 

 

 

4. RESULTS AND DISCUSSION 

4.1.  Comparative analysis of fraud detection approaches 

This section provides a comparative analysis of fraud detection approaches reported in the literature, 

focusing on their detection capabilities, computational requirements, and practical applicability [26]. Rather 

than presenting new experimental results, the discussion synthesizes findings from existing studies to 

highlight strengths, limitations, and trade-offs among traditional, ML, DL, and hybrid methods [27]–[29]. 

Table 1 summarizes representative studies on fraud detection in financial transactions reported in the 

literature, highlighting the application domains and types of fraud addressed. This synthesis illustrates the 

diversity of fraud scenarios, and research focuses considered across existing works. Table 2 provides a 

qualitative comparison between traditional rule-based approaches and modern ML and DL techniques based on 

commonly reported criteria in the literature, including accuracy, interpretability, adaptability, and scalability. 

 

 

Table 1. Summary of representative studies on fraud detection in financial transactions 
Article Year Fraud area Type of fraud 

[6] 2011 Healthcare insurance fraud Insurance fraud 
[10] 2011 All General fraud detection 
[11] 2012 Credit card and online auction Credit card fraud 

[30] 2013 Insurance fraud Insurance fraud 

[3] 2016 General fraud detection Financial statement fraud 
[4] 2018 Credit card fraud Bank fraud: Credit card fraud 

[5] 2018 Credit card fraud Bank fraud: Credit card fraud 

[13] 2024 Real-Time Online Banking Fraud 
Detection Model 

Bank fraud 

[7] 2023 Analysis of Banking Fraud 

Detection Methods 

Bank fraud 

[8] 2022 Credit card fraud detection model Bank fraud: Credit card fraud 

 

 

Table 2. Comparison between traditional and modern fraud detection techniques 
Criteria Traditional (Rule-based) Modern (ML/DL) 

Accuracy Moderate, especially for known patterns High, even for unknown patterns 
Interpretability High (clear rules) Often low (black-box models) 

Adaptability Low (needs manual updates) High (learns from new data) 
Implementation Cost Low (simple logic) Medium to High (data, compute) 

False Positives Often high Generally lower with proper tuning 

Scalability High Varies (depends on infrastructure) 

 

 

The comparison highlights a clear evolution from traditional rule-based systems toward data-driven 

ML and DL approaches [31]. While modern techniques generally offer higher detection capabilities and 

adaptability, traditional methods remain valuable due to their transparency, interpretability, and low 

implementation cost [32], [33]. These observations emphasize the importance of selecting fraud detection 

solutions based on application requirements and operational constraints [32], [34], [35]. 

 

4.2.  Performance vs computational complexity trade-offs 

Fraud detection systems must achieve a careful balance between detection performance and 

computational complexity, particularly in large-scale and real-time financial environments. While advanced 

ML and DL models often deliver superior detection accuracy, these gains are frequently accompanied by 

increased computational costs and resource requirements. 

Traditional rule-based and statistical approaches are generally characterized by low computational 

complexity and fast execution times, making them suitable for real-time deployment and systems with strict 

latency constraints [36]. However, their limited ability to model complex and evolving fraud patterns often 
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results in reduced detection performance, especially when facing novel or sophisticated fraudulent behaviors 

[37]. 

ML techniques, such as decision trees, random forests, and support vector machines, offer a 

compromise between performance and complexity. These models are capable of capturing non-linear 

relationships in transactional data while maintaining reasonable computational efficiency [38]. Nevertheless, 

their performance can degrade when dealing with highly imbalanced datasets or rapidly changing fraud 

strategies, unless frequent retraining and feature engineering are applied [39]. 

DL models, including neural networks and hybrid architectures, demonstrate strong capabilities in 

detecting complex fraud patterns and subtle anomalies. Despite their high detection performance, these 

models typically require substantial computational resources, large volumes of labeled data, and longer 

training times. This complexity may limit their applicability in real-time or resource-constrained financial 

systems without specialized infrastructure. 

Overall, the choice of fraud detection technique should be guided by operational constraints, 

including system scalability, real-time requirements, data availability, and computational resources. In 

practice, hybrid approaches that combine lightweight rule-based mechanisms with ML or DL models are 

increasingly adopted to balance performance and computational efficiency [40]- [42]. 

 

4.3.  Interpretability and practical deployment considerations 

Although detection performance is a key objective, interpretability and practical deployment remain 

critical factors in real-world fraud detection systems. In many financial institutions, fraud detection models 

are not only required to identify suspicious transactions but also to provide explanations that can be 

understood by analysts, auditors, and regulatory authorities [43]. 

Traditional rule-based systems are still widely used in operational environments due to their trans- 

parency and ease of interpretation. The decision logic behind these systems is explicit, which allows 

practitioners to easily trace why a transaction was flagged as fraudulent [44]. This level of interpretability is 

particularly important in regulated financial contexts, where accountability and compliance requirements are 

strict. However, the rigidity of predefined rules often limits their effectiveness in detecting emerging fraud 

patterns [45]. 

ML models offer improved flexibility and detection capability, but interpretability becomes more 

challenging as model complexity increases. While some models, such as decision trees or logistic regression, 

remain relatively interpretable, others, including ensemble methods, require additional tools to explain their 

decisions. In practice, this trade-off often leads institutions to favor models that provide an acceptable 

balance between predictive performance and explainability rather than purely optimizing accuracy [46], [47]. 

DL approaches further amplify this challenge. Despite their strong ability to capture complex transactional 

behaviors, these models are frequently criticized for their black-box nature. The lack of clear explanations 

can hinder trust and slow down adoption, especially in high-stakes financial decision-making. As a result, DL 

models are often deployed alongside post-hoc explanation techniques or combined with simpler models to 

improve transparency. 

From a deployment perspective, practical constraints such as system integration, maintenance, and 

scalability also influence model selection. Fraud detection systems must operate reliably in real-time 

environments, handle large transaction volumes, and adapt to evolving fraud strategies. Consequently, many 

real-world systems adopt hybrid frameworks that integrate interpretable rules with data-driven models, 

allowing institutions to benefit from advanced detection capabilities while maintaining operational control 

and regulatory compliance. 

 

4.4.  Domain-specific challenges and observation 

Despite significant advances in fraud detection techniques, several challenges remain unresolved 

and continue to limit the effectiveness of existing systems. One of the most persistent issues is the highly 

imbalanced nature of financial transaction data, where fraudulent activities represent only a small fraction of 

overall transactions. This imbalance often biases models toward majority classes, leading to missed fraud 

cases or an excessive number of false alerts [48]. 

Another major challenge is the dynamic and evolving behavior of fraudsters. Fraud patterns change 

rapidly as attackers adapt to detection mechanisms, rendering static models and fixed rules ineffective over 

time [48], [49]. This concept drift requires continuous model updates, frequent retraining, and constant 

monitoring, which can be costly and operationally complex for financial institutions. 

Data quality and availability also pose important limitations. In many real-world scenarios, labeled 

fraud data is scarce, noisy, or delayed due to investigation processes [50]. Moreover, privacy regulations and 

data-sharing restrictions often limit access to comprehensive datasets, making it difficult to develop robust 

and generalizable models. These constraints are particularly problematic for data-hungry DL approaches. 

From an operational standpoint, the deployment of advanced fraud detection models raises additional 
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concerns. Integrating new models into legacy banking systems, ensuring real-time responsiveness, and 

maintaining system stability at scale remain non-trivial tasks. Furthermore, balancing detection accuracy with 

interpretability and regulatory compliance continues to be a delicate issue, especially in highly regulated 

financial environments. 

Finally, there is a lack of standardized evaluation frameworks across studies. Many works rely on 

different datasets, metrics, and experimental settings, which complicates fair comparison and reproducibility. 

Addressing these open issues requires not only methodological improvements but also closer collaboration 

between researchers and industry practitioners to develop practical, transparent, and adaptable fraud detection 

solutions [51]. 

 

 

5. CONCLUSION 

This paper presented a comprehensive state-of-the-art review of fraud detection techniques in 

financial transactions. By organizing existing studies into traditional, ML, DL, and hybrid approaches, the 

review highlighted the evolution of fraud detection systems and the growing complexity of modern financial 

fraud scenarios. 

The analysis shows that while traditional rule-based and statistical methods remain relevant due to 

their transparency and low computational cost, they are often insufficient to cope with large-scale and rapidly 

evolving fraud patterns. ML and DL approaches provide improved detection capabilities by modeling 

complex transactional behaviors, yet they introduce challenges related to interpretability, computational 

complexity, and deployment in real-world financial environments. Hybrid and ensemble strategies have 

emerged as practical solutions, aiming to balance detection performance with operational constraints. 

Beyond performance considerations, this review emphasized the importance of practical factors such 

as data quality, model explainability, regulatory compliance, and system scalability. These aspects play a 

crucial role in determining the real-world applicability of fraud detection models and often influence model 

selection more strongly than accuracy alone. 

Future research should focus on developing adaptive and interpretable fraud detection systems 

capable of handling evolving fraud strategies and highly imbalanced data. Promising directions include the 

integration of explainable artificial intelligence techniques, the use of semi-supervised and unsupervised 

learning to reduce dependence on labeled data, and the design of standardized evaluation frameworks to 

improve reproducibility and comparability across studies. Strengthening collaboration between academia and 

industry will also be essential to bridge the gap between theoretical advances and operational deployment. 
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