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Abstract. Fraud detection is a major challenge in financial risk management, 

with direct implications for corporate stability and profitability. The application 

of supervised machine learning algorithms has significantly improved the effi-

ciency of this process. This article examines the roles of various supervised learn-

ing methods, such as random forests (RF), support vector machines (SVMs) and 

artificial neural networks (ANN), on the identification and management of finan-

cial risks and the prevention of fraudulent activities. By mining a range of data 

and identifying complex patterns, these algorithms not only enable faster and 

more accurate fraud detection, but also significantly reduce financial losses. The 

article also discusses the challenges of integrating these models into existing sys-

tems, and highlights the potential for continuous improvement through machine 

learning. In conclusion, the adoption of these supervised learning algorithms for 

fraud detection represents an important step towards proactive and intelligent 

management, improving organizations' ability to anticipate and manage risk. 

Keywords: Fraud Detection, Financial Risk Management, Supervised Learning 

Algorithms. 

1 Introduction  

In a highly digitalized economic environment marked by complexity and the con-

stant evolution of threats, both large institutions and small and medium-sized enter-

prises (SMEs) are increasingly exposed to financial risks, particularly through fraud. 

According to the Association of Certified Fraud Examiners (ACFE), businesses lose an 

average of 5% of their annual revenue due to fraudulent activities (ACFE, 2022). Fi-

nancial fraud is a critical issue in the field of risk management, taking various forms 

such as accounting manipulation, tax fraud, embezzlement, false financial statements, 

and fraudulent transactions. 

These fraudulent practices can lead to significant financial losses and severely un-

dermine the stability of businesses and financial institutions. Research indicates that the 

scope of fraud continues to expand due to the increasing sophistication of techniques  
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used by fraudsters and the growing digitization of financial transactions (Bolton & 

Hand, 2002; West & Bhattacharya, 2016). In response to this threat, traditional detec-

tion approaches, based on manual audits and classical statistical models, have shown 

their limitations in terms of speed and efficiency (Ngai et al., 2011). 

Transformative advances in artificial intelligence, particularly in machine learning, 

have revolutionized traditional approaches, enabling the development of new, auto-

mated, and highly effective technologies that offer more precise tools for identifying 

and preventing fraudulent activities. Machine learning has profoundly reshaped finan-

cial fraud detection strategies (West & Bhattacharya, 2016). In particular, supervised 

learning algorithms play a crucial role, as they leverage labeled historical data to de-

velop models capable of detecting fraud patterns with high accuracy. Unlike traditional 

approaches, these models can adapt to emerging forms of fraud by learning from his-

torical data and adjusting their predictions in real time (Baesens et al., 2015). In the 

context of financial risk management, fraud detection represents a major challenge, re-

lying on the ability to reliably distinguish legitimate transactions from suspicious ones. 

In this regard, supervised learning algorithms, which utilize labeled historical datasets 

to classify new transactions, emerge as a promising solution, offering significant po-

tential to enhance the accuracy and efficiency of fraud detection systems. However, 

several key questions remain unanswered: 

• Which supervised learning algorithms are the most effective in detecting financial 

fraud? 

• How does supervised learning represent an advancement in fraud risk manage-

ment? 

• What are the main challenges associated with implementing supervised learning 

models in financial risk management systems? 

The objectives of this study are manifold. This review aims to provide a state-of-the-

art analysis of academic research focusing on the role of supervised learning algorithms 

in financial fraud detection. More specifically, the study first seeks to present the con-

cepts of financial fraud and risk management, along with the fundamentals of machine 

learning. These technologies offer various possibilities for fraud detection by enabling 

models to automatically classify suspicious transactions based on patterns learned from 

labeled historical data, thereby improving the accuracy and speed of fraud identification 

(West & Bhattacharya, 2016). Supervised learning models, such as random forests and 

boosting models, can be particularly useful in enhancing the detection of accounting 

fraud by reducing false positive rates and identifying suspicious behaviors more effec-

tively (Perols, 2011). Additionally, machine learning aids in real-time transaction anal-

ysis, allowing for the detection of abnormal behaviors. 

This article also aims to conduct an in-depth evaluation of the primary supervised 

learning paradigms used in fraud detection by highlighting their mechanisms, perfor-

mance, and practical applications. According to Carcillo et al. (2019), the application 

of supervised learning techniques improves fraud detection accuracy while reducing 

false positive rates, making prevention systems more effective and responsive. 

Another key objective of this study is to analyze the advantages and limitations of 

adopting machine learning technologies, particularly regarding data quality, model in-
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terpretability, and implementation costs. On one hand, these technologies offer signif-

icant benefits, such as improved decision-making through more accurate and faster 

fraud detection, learning from historical data to identify abnormal behaviors, and con-

tinuously enhancing system performance to counter emerging fraud patterns (Chong et 

al., 2017). 

On the other hand, their implementation presents major challenges, including data 

quality and availability, the risk of algorithmic bias, and the difficulty decision-makers 

face in interpreting complex models (Baesens et al., 2015). 

2  Research Methodology  

The methodology adopted is exploratory in nature and relies on an in-depth analysis 

of academic works and recent research regarding the application of supervised learning 

algorithms in financial fraud detection. The approach is divided into several key steps: 

a systematic collection of academic publications and a rigorous selection of articles 

based on their quality, relevance, and impact on the field. Once the literature was gath-

ered, the studies were synthesized and compared to identify the main methods, signifi-

cant results, as well as challenges and gaps in existing research. This process allowed 

for the identification of current trends and best practices in fraud detection while also 

highlighting possible future direction for improving detection systems, particularly by 

combining supervised and unsupervised learning techniques.   

3 Structure of the article 

Through this study, we seek to provide a comprehensive and critical perspective on 

the development of supervised learning algorithms and their use in fraud detection and 

financial risk management, shedding light on their strengths as well as the challenges 

that must be overcome for a more beneficial and effective adoption. 

Initially, we propose a conceptual review by defining the fundamental notions of 

financial fraud and financial risk management while presenting the basics of machine 

learning. Subsequently, we analyze the main supervised learning approaches applied to 

fraud detection, highlighting their advantages and limitations. We then delve deeper 

into the study of factors influencing the performance of these algorithms, as well as the 

challenges inherent in their implementation within an operational framework. Finally, 

we explore future developments and challenges, identifying key areas for improvement 

to enhance the effectiveness of supervised learning models in combating fraud. 

Through this literature review, our objective is to provide a critical and in-depth 

analysis of the application of supervised learning algorithms in financial risk manage-

ment, emphasizing their potential while underscoring the challenges that must be over-

come for a more effective and widespread adoption. 
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4 Conceptual Review 

4.1 Financial Fraud 

Financial fraud remains one of the major risks that businesses face, potentially lead-

ing to significant consequences both financially and in terms of brand image and repu-

tation. In financial risk management, financial fraud detection has been extensively 

studied and relies on multiple theories and approaches. Among the fundamental theo-

ries, anomaly theory plays a key role in identifying unusual behaviors within a financial 

dataset, where deviations from normal behavior are perceived as anomalies (Chandola 

et al., 2009). 

In the context of fraud detection, an anomaly is defined as a transaction or action 

that significantly deviates from expected or routine behavior. By nature, fraud is rare 

and often distinct from the rest of the observed data. The principle of anomaly theory 

is based on identifying atypical or rare behaviors within a dataset, as these anomalies 

are considered potential indicators of unusual events, such as fraud (Iglewicz & 

Hoaglin, 1993). This anomaly- based approach is particularly useful in machine learn-

ing systems, which learn from historical data to establish profile of expected behavior. 

When new data is processed, the algorithm identifies significant deviations from the 

established profile, thus highlighting anomalies. Models such as random forests (RF) 

and support vector machines (SVMs) are commonly used to detect atypical transac-

tions. 

A second important theory is fraud network theory, which posits that fraud often 

arises from relationships and collusions between individuals or entities within a net-

work. Fraud is thus considered a web of connections between different actors. Fraud 

networks provide an innovative approach to detecting complex fraud patterns by ana-

lyzing relationships between the involved entities, thereby enhancing the understanding 

of fraudulent behaviors and identifying anomalies in interconnected contexts (Em-

brechts et al., 2013). 

The central idea of this theory is that fraud does not occur in isolation but rather 

through intricate interactions and relationships among various actors within a network. 

The goal is therefore to identify not only suspicious transactions but also the actors and 

the links connecting them, allowing for a more systemic and integrated fraud detection 

approach. This method draws from graph theory, where fraudsters are represented as 

interconnected nodes within a network, and the interactions between these nodes (trans-

actions, communications, affiliations) help detect suspicious relationships and reveal 

fraudulent behaviors. 

The third theory, supervised learning, is based on the idea that models can be trained 

on labeled data to reliably predict future fraudulent behaviors (Kou et al., 2004). Neural 

networks and decision trees are machine learning models that have demonstrated effec-

tiveness in fraud detection by accurately classifying legitimate and suspicious transac-

tions. 

The theories applied to fraud detection in financial risk management are diverse, 

designed to address the complexities of fraudulent behaviors. These three approaches, 

anomaly detection, fraud networks, and supervised learning complement each other and 



        11The Role of Supervised Learning Algorithms in Fraud Detection for …     

enhance the robustness of fraud detection systems and financial risk management. By 

leveraging deep learning techniques and probabilistic models, they provide powerful 

tools for improving fraud prevention strategies. 

4.2 Financial Risk Management 

The concept of risk management is not new, and its techniques have existed for a 

long time (Doherty, 2000). Over time, it has evolved significantly, moving away from 

traditional insurance, which is now considered a protection tool that competes with and 

complements various other risk management methods (Dionne, 2013). 

Financial risk management is a constantly evolving discipline, as financial risks and 

organizations develop in parallel. Its primary objective is to manage risks associated 

with business activities, particularly credit risk, market risk, and operational risk (Hull, 

2018), as well as investment-related risks such as price risk, liquidity risk, and counter-

party risk. According to Dionne (2013), risk management offers companies the oppor-

tunity to optimize their financial structure. Its ultimate goal remains to maximize a 

company’s value by minimizing costs associated with various risks. 

Financial risk management is a field that requires continuous adaptation to new eco-

nomic and technological dynamics. The literature distinguishes between classical the-

ories, which rely on probabilistic and econometric methods such as Value at Risk 

(VaR), structural credit models (Merton, 1974), and scoring models (Altman, 1968) and 

more recent approaches based on artificial intelligence and machine learning, which 

have significantly transformed financial risk management (Goodfellow, Bengio & 

Courville, 2016). Fundamentally, machine learning algorithms, such as random forests 

and support vector machines (SVMs), have led to major advancements in risk manage-

ment processes and have demonstrated improved capabilities in detecting anomalies 

and financial fraud (Bolton & Hand, 2002). 

Effectively managing risks means being able to anticipate them. By leveraging ad-

vanced algorithms, machine learning helps organizations identify and assess emerging 

risks while taking proactive measures to mitigate their impact more effectively and ef-

ficiently. Proactive fraud pattern detection relies on the analysis of transactional behav-

iors, which is particularly relevant for all organizations, especially small and medium-

sized enterprises (SMEs). SMEs are often exposed to market fluctuations (OECD, 

2020) and tend to be more vulnerable to financial risks due to their limited resources 

for risk management (Ngai et al., 2011). 

4.3 Machine Learning 

4.3.1 Definitions and Principles 

Machine Learning is a branch of artificial intelligence that enables computer systems 

to learn from data and improve their performance without being explicitly programmed 

(Mitchell, 1997). According to Joshi (2020), it is an artificial intelligence approach that 
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allows computers to learn from data to solve complex problems without explicit pro-

gramming. This approach relies on implementing algorithms and statistical models ca-

pable of analyzing large volumes of data, identifying recurring patterns, and making 

predictions based on observations (Dong & Quan, 2024). These algorithms can address 

classification, regression, and clustering problems. Three main types of learning are 

distinguished: supervised learning, unsupervised learning, and reinforcement learning 

(Jordan & Mitchell, 2015). 

4.3.2 Supervised Machine Learning 

Supervised learning is a method trained on a labeled dataset, meaning that the ex-

pected output is already known. The goal is to learn a function that associates inputs 

with the correct outputs. 

 A supervised learning model can be trained on a historical dataset containing trans-

actions labeled as either fraudulent or legitimate. 

Once trained, the model analyzes variables such as location, time, transaction 

amount, and payment frequency to recognize fraud patterns and automatically trigger 

alerts for new suspicious transactions. 

According to Ng et al. (2021), the effectiveness of supervised learning methods in 

fraud detection is largely dependent on the quality and diversity of training data. How-

ever, challenges such as data scarcity, model interpretability, and regulatory constraints 

still hinder their full potential. Future research should focus on improving explainability 

and integrating hybrid learning approaches to develop more robust fraud detection 

frameworks. 

4.3.3 Unsupervised Machine Learning 

Unsupervised learning algorithms analyze data without prior labels or annotations, 

seeking to identify underlying structures and natural groupings within the data (Jain et 

al., 1999). Unlike supervised learning, which requires labeled examples to train the 

model, unsupervised learning processes unlabeled data. The model must discover hid-

den structures or patterns in the dataset without external guidance. This method is com-

monly used for clustering or dimensionality reduction, working autonomously to ex-

plore similarities, trends, and hidden correlations in datasets. 

In financial fraud detection, anomaly detection is one of the primary applications of 

unsupervised learning. Using clustering algorithms such as K-means or DBSCAN, 

fraudulent transactions appear as outliers deviating from expected behavior (Chandola 

et al., 2009). Similarly, Principal Component Analysis (PCA) is a dimensionality re-

duction technique used to identify influential variables in detecting complex fraud cases 

(Aggarwal, 2015). 

4.3.4 Reinforcement Learning 

Reinforcement learning is an approach in which an agent learns to make optimal 

decisions by interacting with an environment. The intelligent agent receives rewards or 



        13The Role of Supervised Learning Algorithms in Fraud Detection for …     

penalties based on the actions it takes, with the goal of maximizing cumulative rewards 

over the long term. This method, based on a trial-and-error process guided by a reward 

signal, is particularly useful for complex tasks. 

In the context of fraud detection, reinforcement learning can continuously optimize 

monitoring systems. For example, a Q-Learning or Deep Reinforcement Learning 

(DRL) model can be trained to classify transactions as fraudulent or legitimate while 

minimizing false positives and false negatives (Liu et al., 2019). 

5 Supervised Learning Algorithms for Fraud Detection 

Due to their ability to handle complex and imbalanced data, Random Forests play a 

significant role in fraud detection. This type of algorithm is based on the aggregation 

and combination of multiple decision trees, each constructed from a random sample of 

the training data (Breiman, 2001). The training for each tree is done on a random subset 

of data, thus enhancing the robustness and accuracy of the model while reducing over-

fitting (Liu et al., 2008). 

In the context of fraud detection, where fraudulent transactions often represent a mi-

nority of the data, Random Forests prove to be particularly effective in identifying sub-

tle and non-linear patterns that distinguish fraudulent behaviors from legitimate trans-

actions (Phua et al., 2010). Several previous studies have highlighted the power of Ran-

dom Forest algorithms in fraud detection compared to other machine learning models, 

such as logistic regressions or neural networks, particularly in terms of precision and 

recall (West et al., 2016; Abdallah et al., 2016). Moreover, they offer the advantage of 

effectively handling heterogeneous variables, whether qualitative or quantitative, thus 

capturing complex interactions between various risk factors (Bhattacharyya et al., 

2011). 

Another benefit of Random Forests lies in their ability to reduce errors caused by 

noisy data or outliers, making them ideal for financial fraud detection (Zareapoor & 

Leung, 2013). Furthermore, these algorithms can provide transparency regarding im-

portant variables, helping to identify the most significant features in fraud detection. 

This, in turn, promotes the interpretation of results and enables continuous improve-

ment of detection systems. 

5.1 Random Forests (RF) 

Due to their ability to handle complex and imbalanced data, Random Forests play a 

significant role in fraud detection. This type of algorithm is based on the aggregation 

and combination of multiple decision trees, each constructed from a random sample of 

the training data (Breiman, 2001). The training for each tree is done on a random subset 

of data, thus enhancing the robustness and accuracy of the model while reducing over-

fitting (Liu et al., 2008). 

In the context of fraud detection, where fraudulent transactions often represent a mi-

nority of the data, Random Forests prove to be particularly effective in identifying sub-
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tle and non-linear patterns that distinguish fraudulent behaviors from legitimate trans-

actions (Phua et al., 2010). Several previous studies have highlighted the power of Ran-

dom Forest algorithms in fraud detection compared to other machine learning models, 

such as logistic regressions or neural networks, particularly in terms of precision and 

recall (West et al., 2016; Abdallah et al., 2016). Moreover, they offer the advantage of 

effectively handling heterogeneous variables, whether qualitative or quantitative, thus 

capturing complex interactions between various risk factors (Bhattacharyya et al., 

2011). 

Another benefit of Random Forests lies in their ability to reduce errors caused by 

noisy data or outliers, making them ideal for financial fraud detection (Zareapoor & 

Leung, 2013). Furthermore, these algorithms can provide transparency regarding im-

portant variables, helping to identify the most significant features in fraud detection. 

This, in turn, promotes the interpretation of results and enables continuous improve-

ment of detection systems. 

5.2 Support Vector Machines (SVM) 

Support Vector Machines (SVM) are powerful models widely used in financial fraud 

detection due to their ability to efficiently classify highly noisy and imbalanced data 

contexts. The principle of this supervised machine learning model is based on maxim-

izing the margin between different classes, which helps reduce the risk of misclassifi-

cation and improves the model's generalization (Schölkopf & Smola, 2002). 

 The advantage of SVM algorithms is particularly notable in problems where distin-

guishing between legitimate and fraudulent transactions is complex and difficult to es-

tablish due to the presence of non-linear structures in the data (Zhang et al., 2008). 

Comparative studies have also demonstrated that SVMs outperform other classical ap-

proaches such as logistic regression in terms of precision and recall, especially in large-

scale data contexts. 

5.3 Artificial Neural Networks (ANN) 

Due to their strength and ability to model complex and non-linear relationships in 

data (LeCun, Bengio & Hinton, 2015), artificial neural networks (ANNs) provide an 

advanced and effective approach for financial fraud detection. Inspired by the function-

ing of the human brain, these supervised learning models consist of layers of intercon-

nected neurons that enable the automatic extraction of relevant features from raw data 

(Goodfellow, Bengio & Courville, 2016). 

Thanks to their flexibility and processing power, ANNs are particularly suited to 

classification problems, especially in contexts where fraud patterns are dynamic and 

evolving (West & Bhattacharya, 2016). However, these models represent a promising 

tool for proactive fraud detection and improving financial risk management systems. 

Moreover, although these algorithms offer great capacity to capture complex pat-

terns and adapt to dynamic contexts, their effectiveness is highly dependent on the qual-

ity and volume of training data, making their application resource-intensive in terms of 

computational power and processing time (Luo et al., 2021). 



         15The Role of Supervised Learning Algorithms in Fraud Detection for …    

6 Comparative Synthesis 

Random forests, support vector machines (SVM), and artificial neural networks 

(ANN) are three major supervised machine learning models widely used in financial 

fraud detection. Each has its own set of strengths and limitations. Random forests, con-

sisting of an ensemble of decision trees, are appreciated for their robustness against 

noise, their generalization capacity, and their interpretability, though they may be lim-

ited when faced with complex and non-linear relationships in data (Breiman, 2001). 

Support vector machines (SVM) offer remarkable performance on medium-sized, 

balanced datasets, although they become computationally expensive when dealing with 

large data volumes and require precise tuning of hyperparameters to optimize their per-

formance. As for artificial neural networks (ANN), they are characterized by their abil-

ity to automatically extract complex data representations and adapt to evolving fraud 

patterns. However, they require a substantial amount of data and present challenges in 

interpretability and computational cost (LeCun, Bengio & Hinton, 2015). 

The adoption of the optimal approach largely depends on the data structure, available 

resources, and interpretability constraints, with each model having specific applications 

based on the needs of the fraud detection system. In terms of efficiency, random forests 

and support vector machines are often preferred and adopted for situations where the 

balance and interpretability of categories are significant concerns. 

Discussion 

Financial fraud detection is a major challenge for financial institutions and busi-

nesses, requiring the adoption of supervised learning models that can efficiently iden-

tify suspicious transactions. Among the most commonly used approaches, Random 

Forests (RF), Support Vector Machines (SVM), and Artificial Neural Networks (ANN) 

stand out for their performance and distinct characteristics. 

Random Forests, based on the aggregation of multiple decision trees, offer robust-

ness in the face of data variations and provide good model generalization (Breiman, 

2001). This makes them a relevant choice for fraud detection systems, due to their 

power to handle complex databases and interpret them effectively. They are very pop-

ular, perform well in terms of prediction, and are characterized by relatively simple 

hyperparameters (Hanafy & Ming, 2021). This explains why this supervised learning 

algorithm has better predictive performance. However, their effectiveness may de-

crease when fraud patterns exhibit strong non-linearity, requiring more sophisticated 

models (Liu et al., 2019). 

Support Vector Machines (SVM) maximize the margin of separation between clas-

ses to optimize classification accuracy (Cortes & Vapnik, 1995). Their ability to solve 

classification problems with few examples and their robustness in handling noisy data 

make them an effective method for fraud detection. However, their implementation is 

often computationally expensive, especially when the data size increases, and selecting 

the appropriate kernel remains a major challenge (Bhattacharyya et al., 2011). 
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Artificial Neural Networks (ANN), particularly Deep Neural Networks (DNN), are 

capable of extracting complex representations from data and adapting to evolving fraud 

patterns (LeCun, Bengio & Hinton, 2015). These algorithms are particularly effective 

in handling large volumes of data, but they come with limitations in terms of computa-

tional cost and decision interpretability (Samek et al., 2017). 

Overall, the choice of supervised learning model for fraud detection depends on a 

trade-off between performance, interpretability, and computational cost. Random For-

ests provide an efficient and easily explainable solution, SVMs excel in well-defined 

classification problems, while neural networks demonstrate superior potential for rec-

ognizing complex patterns, at the cost of greater technical complexity. Combining these 

approaches, alongside the use of class rebalancing techniques and explainability, pre-

sents a promising outlook for strengthening financial fraud detection systems. 

Conclusion and Perspectives 

Machine Learning techniques have revolutionized risk management across various 

fields, particularly in financial fraud detection. By enabling a more accurate and rapid 

evaluation and identification of emerging risks, as well as predictive modeling, machine 

learning can assist businesses in managing risks more effectively and making better-

informed decisions. 

This literature review highlights the essential role of supervised machine learning 

algorithms in financial fraud detection. The article examines various approaches used 

in this domain. It has been observed that models such as Random Forests, Support Vec-

tor Machines (SVM), and Artificial Neural Networks are reactive and adaptive systems, 

capable of analyzing transactions in real-time and identifying anomalies with high pre-

cision. These algorithms leverage historical labeled data to learn how to distinguish 

fraudulent transactions from legitimate activities, thereby improving the responsiveness 

and efficiency of detection systems. 

The significance of these models lies in their ability to reduce financial losses, en-

hance transaction security, and automate fraud detection with increased accuracy. How-

ever, their implementation comes with its own set of risks and challenges, including 

bias, lack of transparency, and security issues. Furthermore, the need for quality data, 

model explainability, and the ever-evolving nature of fraudulent techniques requires 

continuous algorithm updates. 

 To address these challenges, multiple avenues for future research can be explored. 

First, improving existing models by integrating hybrid techniques that combine super-

vised and unsupervised learning could enhance the detection of emerging fraud. Next, 

leveraging new data sources, such as real-time behavioral data and information from 

the web and social media, could enrich predictive models. Finally, integrating these 

systems into broader risk management processes, in collaboration with domain experts 

and in compliance with financial regulations, represents a strategic lever to ensure op-

timal security. 

In conclusion, supervised learning algorithms provide a powerful and scalable solu-

tion for detecting financial fraud, but their success relies on ongoing refinement an 
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seamless integration into risk management strategies. Future research should investi-

gate new methods that combine both supervised and unsupervised learning techniques 

to enhance proactive fraud detection, bolster the resilience of financial systems, and 

contribute to a safer and more secure financial environment. 
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