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Abstract 
This study explores the growing impact of machine learning (ML) on forensic 
accounting and fraud detection. As financial transactions and systems become 
increasingly complex and voluminous, traditional methods like manual audits 
and rule-based systems have struggled to keep up with the sophistication of 
modern fraud. Machine learning, a branch of artificial intelligence (AI), offers 
a transformative solution by automating the analysis of vast amounts of finan-
cial data, detecting anomalies, and uncovering hidden fraud patterns with high 
accuracy. This paper provides a comprehensive review of machine learning ap-
plications in forensic accounting, comparing them with traditional methods 
and examining various algorithms, such as supervised, unsupervised, and deep 
learning models, in fraud detection. It highlights the advantages of machine 
learning, including its scalability, adaptability, and ability to improve continu-
ously over time. However, the paper also discusses the challenges of implement-
ing ML in fraud detection systems, such as data quality issues, model transpar-
ency, ethical concerns, and legal constraints. Additionally, it addresses the fu-
ture potential of ML in forensic accounting, including advancements in ex-
plainable AI (XAI), reinforcement learning, and hybrid models that integrate 
human expertise with machine learning-driven analysis. The findings under-
score the transformative potential of machine learning in improving fraud de-
tection while acknowledging the need for addressing its limitations to ensure 
broader adoption and effective implementation in the financial sector. 
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1. Introduction 

Forensic accounting is a vital discipline that plays a critical role in identifying and 
preventing fraud within financial systems. It serves as an essential function for 
safeguarding the integrity of financial transactions and ensuring regulatory com-
pliance across various industries. Over the years, forensic accounting has relied 
on traditional methods such as manual audits, expert judgment, and rule-based 
fraud detection systems to uncover fraudulent activities (Elumilade et al., 2021). 
These traditional approaches have their roots in established financial practices, 
and while effective to some extent, they often struggle to handle the increasing 
complexity and volume of financial transactions seen in today’s globalized mar-
kets. As financial activities become more intricate, fraud detection methods must 
evolve to keep up with sophisticated fraud schemes, often carried out by highly 
organized individuals or groups with access to advanced technologies. 

The reliance on human intervention in traditional fraud detection methods, 
such as manual auditing, has proven to be impractical in an environment where 
data is continuously expanding and becoming more complicated (Elumilade et 
al., 2021). For example, financial institutions deal with large volumes of transac-
tions daily, and scrutinizing each one manually or with predefined rules is not 
feasible. Rule-based systems, while helpful in identifying well-known fraud pat-
terns, are limited in their scope and struggle to detect new or emerging forms of 
fraud. Additionally, human auditors are prone to errors or biases, which can lead 
to inefficient or inaccurate fraud detection. The increasing need for more efficient 
and accurate detection methods has prompted a shift towards data-driven tech-
nologies, specifically machine learning (ML), to handle large-scale data analysis 
and fraud detection (Bello et al., 2023). 

Machine learning, a branch of artificial intelligence (AI), has emerged as a pow-
erful tool capable of overcoming the limitations of traditional methods (Taye, 
2023). Unlike rule-based systems, which rely on predefined rules and expert input, 
machine learning algorithms have the ability to learn from data, detect complex 
patterns, and make predictions without explicit programming (Islam, Hossain, & 
Andersson, 2020). These algorithms can analyze vast amounts of financial data in 
real-time, detecting irregularities and uncovering hidden fraud patterns that tra-
ditional methods might miss (Popoola, 2023). Furthermore, ML models can con-
tinuously adapt and improve their detection capabilities as they are exposed to 
new data, making them far more flexible and capable of evolving to keep up with 
the changing landscape of financial fraud. 

This paper aims to provide an in-depth review of how machine learning is re-
shaping the field of forensic accounting and fraud detection. The review explores 
the integration of machine learning techniques, focusing on their application in 
fraud detection systems and comparing them with traditional methods. It will ad-
dress the various types of machine learning algorithms commonly employed in 
the field, such as supervised learning, unsupervised learning, and deep learning, 
and examine their effectiveness in detecting financial fraud. Furthermore, the pa-
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per will discuss the challenges and limitations associated with implementing ma-
chine learning in forensic accounting, including issues such as data quality, model 
transparency, ethical concerns, and legal constraints (Adejumo & Ogburie, 2025). 
The goal is to offer a comprehensive understanding of how machine learning is 
being used in forensic accounting, how it compares to traditional approaches, and 
what the future holds for its continued application in fraud detection. 

The paper will begin by discussing the traditional methods used in forensic ac-
counting, their advantages and limitations, and how they have shaped the field of 
fraud detection. It will then delve into the various machine learning algorithms 
that have revolutionized the process of detecting fraud and discuss their applica-
tions in real-world financial scenarios. The discussion will also address the chal-
lenges and ethical concerns that arise when implementing machine learning in 
fraud detection systems, and how these challenges can be addressed to ensure that 
machine learning is used responsibly and effectively. Finally, the paper will ex-
plore the future trends in fraud detection, including the role of explainable AI 
(XAI) in enhancing the transparency of machine learning models and the poten-
tial for reinforcement learning to further improve fraud detection systems. 

2. Traditional Methods in Forensic Accounting and Fraud  
Detection 

Forensic accounting has traditionally relied on manual audits, expert judgment, 
and rule-based systems to detect fraud (Elumilade et al., 2021). While these meth-
ods have long been the cornerstone of fraud detection, they face increasing chal-
lenges as the financial landscape becomes more complex and transaction volumes 
grow. Manual auditing involves reviewing financial records to identify anomalies 
or fraudulent activities. This method requires significant time and human effort, 
making it difficult to keep up with the volume and speed of modern financial 
transactions. As a result, the process can be prone to human error and oversight, 
especially when auditors are overwhelmed with large datasets. 

Rule-based systems have been a common approach in fraud detection, where 
predefined rules are used to flag suspicious transactions (Baumann, 2021). These 
rules often involve thresholds such as transaction size or geographical location. 
While effective in detecting known fraud patterns, rule-based systems cannot 
identify new fraud tactics or adapt to emerging schemes. This results in a limited 
scope and frequent false positives, where legitimate transactions are incorrectly 
flagged, wasting time and resources (Saxena, 2024). Expert judgment, often used 
alongside these systems, allows for deeper insight based on the experience and 
intuition of the forensic accountant. However, this method is inherently subjec-
tive, and findings can vary based on the auditor’s interpretation. Moreover, expert 
judgment lacks scalability, making it inefficient for handling the large datasets 
seen in today’s financial markets. 

The main limitation of these traditional methods is their inefficiency and ina-
bility to scale with the increasing complexity of modern financial transactions. As 
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fraudsters develop more sophisticated tactics, the need for more advanced tech-
nologies to detect fraudulent activity has become evident (Bello et al., 2023). Ma-
chine learning has emerged as a promising solution to address these limitations, 
offering a more scalable, efficient, and adaptable approach to fraud detection 
(Njoku et al., 2024). 

Figure 1 demonstrates the superior performance of machine learning approaches 
across six key dimensions, based on empirical studies comparing traditional rule-
based systems with modern ML implementations (Khatri, Arora, & Agrawal, 
2020; Carcillo et al., 2021). 

 

 
Based on empirical studies: Traditional methods accuracy from systematic review by (Car-
cillo et al., 2021), ML performance from Random Forest study achieving 96% accuracy 
(Khatri, Arora, & Agrawal, 2020), processing speed comparisons from Stripe Radar real-
world. 

Figure 1. Comparison of traditional methods vs machine learning in fraud detection. 

 
In banking, manual auditing struggles with millions of daily transactions, while 

rule-based systems focusing on transaction thresholds and geographic patterns 
often exceed 90% false positive rates when detecting sophisticated fraud like ac-
count takeovers and synthetic identity theft. 

Insurance fraud detection faces longer investigation cycles and relies heavily on 
expert judgment to examine unstructured data (medical records, photos, state-
ments). Rule-based systems focus on claim amounts and provider patterns but 
struggle more than banking due to the complex, unstructured nature of insurance 
data. 
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Investment and securities sectors face unique challenges with market manipu-
lation and insider trading detection. Traditional methods involve surveillance of 
trading patterns and manual review of communications, but the speed of modern 
algorithmic trading makes real-time detection nearly impossible with conven-
tional approaches. 

3. Machine Learning in Forensic Accounting and Fraud  
Detection 

This section’s analysis is based on a systematic review of 104 peer-reviewed studies 
published between 2012-2023. The review methodology involved searching major 
academic databases including IEEE Xplore, ACM Digital Library, ScienceDirect, 
and PubMed using keywords: “machine learning”, “fraud detection”, “financial 
fraud”, “forensic accounting”, “anomaly detection”, and “artificial intelligence in 
finance”. Studies were included if they: 1) focused on ML applications in financial 
fraud detection, 2) provided empirical results or case studies, and 3) were pub-
lished in peer-reviewed venues. Exclusion criteria eliminated theoretical papers 
without implementation details and studies focusing solely on cybersecurity fraud 
outside financial contexts. 

Machine learning has significantly transformed fraud detection into forensic 
accounting by enabling the automated analysis of large datasets, detecting com-
plex patterns, and continuously improving over time (Elumilade et al., 2021). Ma-
chine learning algorithms, unlike traditional methods, can identify fraud by learn-
ing from historical data and applying this knowledge to new, unseen data. This 
section explores different types of machine learning algorithms and their applica-
tions in detecting financial fraud (Ashtiani & Raahemi, 2021). 

Supervised Learning is one of the most commonly used techniques in fraud de-
tection (Khatri, Arora, & Agrawal, 2020). In supervised learning, models are 
trained on labeled datasets where the outcome (fraudulent or non-fraudulent) is 
known. The model learns from these labeled examples to identify patterns indic-
ative of fraud. Once trained, the model can predict whether new transactions are 
fraudulent. Algorithms such as decision trees, random forests, and support vector 
machines (SVM) are often used in financial fraud detection (Hussain et al., 2021). 
For example, credit card fraud detection systems use supervised learning to classify 
transactions based on features like transaction amount, location, and behavior. 

Unsupervised Learning does not rely on labeled data and is used to detect novel 
fraud patterns (Carcillo et al., 2021). This technique is particularly useful for iden-
tifying new or previously unknown fraud schemes. Anomaly detection, a common 
unsupervised learning method, works by identifying transactions that deviate from 
normal behavior. Clustering algorithms group similar transactions, and any trans-
action that falls outside these groups is flagged as potentially fraudulent. Unsuper-
vised learning is valuable in areas such as anti-money laundering (AML), where 
fraudulent behavior may not follow known patterns (Jensen & Iosifidis, 2023). 

Deep Learning, a subset of machine learning, uses multi-layered neural net-
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works to analyze large and complex datasets (Bikku, 2020). Deep learning models 
excel at detecting non-linear relationships in data and can handle unstructured 
data, such as text or images. For instance, deep learning has been used to detect 
phishing scams by analyzing email content or identifying fraudulent financial 
transactions in high-frequency trading (Bello, Ige & Ameyaw, 2024). While deep 
learning models require substantial computational power and data, they can un-
cover complex fraud patterns that traditional models may miss. 

Machine learning is applied in various fraud detection scenarios, including 
credit card fraud, anti-money laundering, and tax fraud detection (Goecks et al., 
2022). By processing vast amounts of data in real-time, machine learning models 
can identify suspicious transactions as they occur, enabling faster responses and 
preventing further losses. This real-time detection capability is one of the key ad-
vantages of machine learning over traditional methods, which typically rely on 
post-event analysis. 

Additionally, machine learning models are scalable. As financial transactions 
increase in volume and complexity, machine learning can handle this growth, en-
suring that fraud detection systems remain effective. By learning from new data 
continuously, these models can adapt to emerging fraud schemes, providing a 
long-term solution for financial institutions (Njoku et al., 2024). 

In conclusion, machine learning has revolutionized fraud detection in forensic 
accounting. It offers more efficient, accurate, and scalable solutions compared to 
traditional methods. By automating the identification of fraudulent transactions, 
machine learning allows for real-time fraud detection and can continuously im-
prove as it processes more data (Thennakoon et al., 2019). The ability to detect 
complex fraud patterns and adapt to new fraud schemes makes machine learning 
a powerful tool in modern financial systems. 

4. Challenges in Implementing Machine Learning in Fraud 
Detection 

Despite its many advantages, implementing machine learning in fraud detection 
is not without challenges (Olushola & Mart, 2024). One of the primary obstacles 
is data quality. ML algorithms require large volumes of clean, accurate, and unbi-
ased data to perform well. In financial systems, however, data is often incomplete, 
noisy, or unstructured, which can impair the accuracy of the model. Missing data, 
incorrect entries, or inconsistencies in records can lead to erroneous predictions, 
making it difficult to rely on ML models without addressing data issues first (Em-
manuel et al., 2021). 

Another significant challenge is model transparency. Machine learning models, 
particularly deep learning, are often described as “black boxes” because their de-
cision-making process is not easily interpretable (Hassija et al., 2024). In forensic 
accounting, where decisions made by fraud detection systems can have serious 
legal and financial implications, it is crucial for stakeholders to understand how a 
model arrives at a particular decision. For instance, if a transaction is flagged as 
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fraudulent, auditors and regulators need to be able to explain why the model made 
that decision. Lack of transparency undermines trust in the system and could po-
tentially create legal and compliance risks. 

Furthermore, ethical and legal concerns must be addressed when using ma-
chine learning in fraud detection (Ozioko, 2024). ML models often require access 
to sensitive personal and financial data, raising privacy concerns. In many regions, 
strict data protection laws, such as the General Data Protection Regulation (GDPR) 
in the European Union, require that personal data be handled with the utmost 
care. Additionally, machine learning models may inadvertently perpetuate algo-
rithmic bias if the training data reflects existing prejudices or if the model learns 
from biased patterns. This can lead to discriminatory outcomes, such as unfairly 
flagging transactions from specific demographic groups as fraudulent. It is vital to 
ensure that ML models are fair and equitable, and that data privacy regulations 
are respected. 

Finally, integrating machine learning models into legacy systems presents an-
other challenge. Many financial institutions still rely on older technologies that 
were not designed to handle modern ML models (Lee, 2024). Integrating these 
new technologies into existing infrastructures can be time-consuming and costly. 
Legacy systems may not have the computational power needed to support ma-
chine learning, which can create obstacles for smaller institutions or those with 
limited budgets. 

Addressing these challenges is crucial to ensuring that machine learning can be 
successfully implemented in fraud detection systems (Ejiofor, 2023). Only by en-
suring high-quality data, improving transparency, and addressing ethical con-
cerns can financial institutions fully realize the potential of ML in forensic ac-
counting and fraud prevention. 

5. Discussion 

Machine learning has transformed the landscape of fraud detection in forensic 
accounting by automating the process of identifying fraudulent transactions and 
uncovering hidden patterns in financial data (Adejumo & Ogburie, 2025). One of 
the key advantages of machine learning is its ability to analyze vast amounts of 
data efficiently. Traditional methods, such as manual audits and rule-based sys-
tems, often struggle to keep up with the scale and complexity of modern financial 
transactions. Machine learning algorithms, however, can process large datasets in 
real-time, detecting suspicious transactions as they occur (Zhang & Chen, 2024). 
This capability enables financial institutions to act quickly and prevent fraud be-
fore it causes significant damage. 

The adaptability of machine learning is another significant advantage. As fraud 
schemes evolve, machine learning models can be retrained with new data to detect 
emerging patterns (Bello et al., 2023). Supervised learning models, which rely on 
labeled data, are particularly effective in detecting well-known fraud patterns. 
These models can learn from historical fraud cases and make predictions about 
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future transactions based on the patterns they have learned. However, unsuper-
vised learning models, which do not require labeled data, offer the advantage of 
detecting new, previously unknown fraud schemes. Anomaly detection and clus-
tering algorithms can identify unusual transaction behavior, even when no prior 
fraud patterns are available. This ability to detect novel fraud patterns makes ma-
chine learning a powerful tool for combating evolving fraud tactics. 

Figure 2 illustrates the documented evolution of fraud detection performance, 
based on real-world implementations including the Teradata case study that 
achieved 60% - 80% false positive reduction and Stripe’s Radar system processing 
improvements. 

 

 
Based on documented industry implementations: Teradata case study showing 60% - 80% 
false positive reduction, Stripe Radar performance improvements, and banking sector ML 
adoption outcomes from multiple financial institutions. 

Figure 2. Evolution of fraud detection performance with ML implementation. 

 
Machine learning models have demonstrated the ability to reduce false positive 

rates by up to 80% while maintaining high detection accuracy [Teradata Case 
Study], with Random Forest algorithms achieving 96% accuracy in credit card 
fraud detection (Khatri et al., 2020). 

Deep learning, a subset of machine learning, further enhances fraud detection ca-
pabilities by enabling the analysis of more complex data types, such as unstructured 
data in the form of emails or transaction sequences. Deep learning models, in-
cluding convolutional neural networks (CNNs) and recurrent neural networks 
(RNNs), excel at identifying non-linear relationships in data, allowing them to 
detect fraud patterns that are not immediately obvious to human analysts or tra-
ditional models. This ability to analyze unstructured data opens up new possibil-
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ities in areas such as phishing detection, where deep learning can analyze email 
content to identify fraudulent messages, or in high-frequency trading, where deep 
learning models can detect suspicious patterns in stock market data. 

Despite these advantages, machine learning models are not without limitations. 
Data quality remains a major challenge. If the data used to train machine learning 
models is incomplete, biased, or noisy, the models’ predictions will be inaccurate, 
leading to false positives or missed fraud cases. Model transparency is also a crit-
ical issue. Financial institutions must ensure that machine learning models can be 
explained to auditors, regulators, and courts. If a fraud detection model flags a 
transaction as suspicious, it is essential that stakeholders can understand why the 
model made that decision. Finally, ethical concerns, such as data privacy and al-
gorithmic bias, must be addressed to ensure that machine learning is used respon-
sibly and fairly in fraud detection systems. 

Looking ahead, the integration of explainable AI (XAI) and reinforcement 
learning in fraud detection systems will help address the challenges of transpar-
ency and adaptability. XAI aims to make machine learning models more inter-
pretable, ensuring that stakeholders can understand the rationale behind the 
model’s decisions. Reinforcement learning, which allows models to continuously 
learn and adapt in real-time, offers the potential to create fraud detection systems 
that improve dynamically as they are exposed to new data and fraud tactics. 

 

 
Projections based on technology adoption patterns in financial services, research publica-
tion trends, and industry survey data from leading fraud detection solution providers. 

Figure 3. Emerging trends in ML-based fraud detection technologies. 

 

Figure 3 illustrates the projected adoption trends of emerging technologies in 
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ML-based fraud detection from 2025 to 2030. Explainable AI shows the most dra-
matic growth trajectory, with adoption rates expected to increase from 35% to 
85%, reflecting the critical need for transparent and interpretable fraud detection 
systems. Reinforcement learning and graph neural networks also demonstrate sig-
nificant growth potential, while emerging technologies like quantum-resistant al-
gorithms represent early-stage developments that may become crucial for future 
fraud prevention strategies. 

In conclusion, machine learning has revolutionized fraud detection in forensic 
accounting, offering faster, more accurate, and scalable solutions compared to tra-
ditional methods. While challenges related to data quality, transparency, and eth-
ical concerns must be addressed, the potential of machine learning to detect and 
prevent fraud is immense. As technology continues to evolve, machine learning 
will play an increasingly central role in the future of forensic accounting and fraud 
detection. 

6. Conclusion 

Machine learning has substantially enhanced fraud detection capabilities in foren-
sic accounting, providing measurable improvements in accuracy, processing speed, 
and scalability compared to traditional methods. The evidence demonstrates that 
ML approaches can achieve accuracy rates exceeding 90% in specific applications 
like credit card fraud detection, while reducing false positive rates by up to 80% 
in optimal implementations. 

However, the characterization of these advances must be nuanced. While ML 
offers significant improvements, claiming complete “revolution” overstates cur-
rent capabilities given persistent challenges. Data quality issues continue to im-
pact model performance, and the 96% accuracy achieved by Random Forest algo-
rithms in controlled studies may not translate directly to all real-world implemen-
tations where data noise and complexity remain problematic. 

The tension between improved accuracy and ongoing false positive challenges 
reflects the current state of ML implementation rather than fundamental limita-
tions. Organizations achieving the most substantial improvements have invested 
heavily in data quality infrastructure and model governance frameworks, suggest-
ing that success depends significantly on implementation approach rather than 
algorithm selection alone. 

Key advantages of ML approaches include: real-time processing capabilities en-
abling proactive fraud prevention, adaptability to emerging fraud patterns 
through continuous learning, and scalability to handle growing transaction vol-
umes across financial sectors. These benefits are most pronounced when organi-
zations address foundational challenges including data quality, model transpar-
ency, and ethical implementation frameworks. 

Looking forward to explainable AI and reinforcement learning offer promising 
solutions to current limitations, potentially making ML models more transparent 
and adaptive. As these technologies mature and implementation best practices be-
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come standardized, machine learning will likely play an increasingly integral role 
in fraud detection systems. 

The integration of machine learning into forensic accounting represents a sig-
nificant advancement that, when properly implemented with attention to its cur-
rent limitations, provides financial institutions with more effective tools for fraud 
prevention and detection in an increasingly complex financial landscape. 
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