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A B S T R A C T  
Artificial Intelligence (AI) and Data Analytics are transforming forensic accounting by improving the accuracy, 
efficiency, and reliability of fraud detection and investigation. This study explores how AI-driven technologies 
such as machine learning, natural language processing, and robotic process automation are improving the 
effectiveness and efficiency of forensic accounting practices. It adopts a qualitative and descriptive research 
design based on secondary data from scholarly articles, institutional reports, and professional publications 
published between 2016 and 2025. The findings reveal that AI and analytics enable proactive risk identification, 
real-time fraud monitoring, and improved decision-making, thereby shifting forensic accounting from reactive 
auditing to predictive and continuous auditing frameworks. However, challenges such as high implementation 
costs, data privacy concerns, algorithmic bias, and skill shortages limit widespread adoption, particularly in 
developing economies. The study concludes that the effective use of AI strengthens fraud detection, improves 
corporate governance, and increases transparency. It also recommends capacity building, the development of 
ethical frameworks, and collaborative research to support sustainable adoption of technology at the global level. 

Keywords: Forensic accounting; Artificial Intelligence; Data analytics; Fraud detection; Digital 
transformation. 

 

1. Introduction 
1.1 Background of the Study 
In today's financial environment, the growing complexity of business transactions has been accompanied 
by an increase in sophisticated financial crimes such as fraud, cybercrime, and financial manipulation. This 
evolving environment has significantly amplified the importance of forensic accounting as a specialized 
discipline that integrates accounting, auditing, and investigative techniques to detect, prevent, and 
investigate financial irregularities. The discipline plays a vital role in enhancing corporate transparency, 
strengthening governance frameworks, and safeguarding stakeholder interests. Traditionally, forensic 
accounting relied on manual procedures such as detailed examination of financial records, interviews, and 
document verification. While effective in less complex environments, these approaches are increasingly 
inadequate in handling the vast volumes of structured and unstructured data generated in the digital 
economy (Kranacher, Riley & Wells, 2021). The expansion of digital transactions and complex financial 
systems has significantly increased the challenges associated with fraud detection. 

In response, the integration of Artificial Intelligence (AI) and Data Analytics has transformed investigative 
accounting practices. Technologies such as machine learning (ML), natural language processing (NLP), 
and robotic process automation (RPA) enable the rapid analysis of large datasets and facilitate the 
identification of hidden patterns and anomalies. At the same time, data analytics supports real-time 
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monitoring, predictive risk assessment, and evidence-based decision-making, thereby improving both 
efficiency and effectiveness. These advancements have shifted the discipline from a reactive, post-event 
approach to a proactive and predictive system. According to the PwC Global Economic Crime and Fraud 
Survey (2022), approximately 46% of organizations experienced fraud within two years, with a significant 
proportion linked to digital and cyber-related activities. This underscores the need to adopt advanced 
technological tools to address emerging risks in a data-driven economy. 

1.2 Problem Statement 
Despite the transformative potential of AI and Data Analytics, their adoption in forensic accounting remains 
uneven, particularly in developing economies. Organizations face several challenges, including high 
implementation costs, limited technological infrastructure, and a shortage of professionals with 
interdisciplinary expertise. In addition, ethical concerns such as data privacy risks, algorithmic bias, and 
lack of transparency in AI-based decision-making create significant barriers, raising concerns regarding the 
reliability and accountability of AI-driven tools. As a result, a gap persists between the theoretical 
capabilities of AI technologies and their practical implementation in real-world forensic contexts. There is 
therefore a need to systematically examine how AI and data analytics can be effectively integrated into 
forensic accounting practices while addressing technological, ethical, and institutional constraints. 

1.3 Research Objectives 
1. To examine the role of Artificial Intelligence and Data Analytics in enhancing forensic accounting 

practices. 

2. To analyse the benefits and limitations associated with the integration of these technologies in fraud 
detection and investigation. 

3. To explore emerging trends, innovations, and prospects of AI-driven forensic accounting. 

4. To propose strategic recommendations for the effective and ethical implementation of AI and data 
analytics in financial investigations. 

1.4 Significance of the Study 
This study holds significant implications for forensic accountants, auditors, policymakers, and academic 
researchers. For practitioners, it provides insights into the application of advanced digital tools that improve 
the accuracy, efficiency, and reliability of fraud detection. For policymakers, it offers a foundation for 
developing governance frameworks and ethical guidelines for the responsible use of AI in financial 
investigations. From an academic perspective, the study contributes to the growing body of knowledge by 
integrating accounting, data science, and information systems, thereby extending the theoretical scope of 
the discipline (Kokina & Davenport, 2017). 

1.5 Scope of the Study 
The scope of this study includes the application of AI and Data Analytics in forensic accounting across 
sectors such as financial institutions, audit firms, and corporate organizations. It focuses on key AI 
technologies—machine learning, natural language processing, and robotic process automation—along with 
data analytics techniques used to detect financial irregularities and fraud patterns. The study also examines 
ethical, legal, and technological challenges associated with the adoption of these tools, including issues 
related to data privacy, algorithmic transparency, and regulatory compliance. However, it is limited to 
secondary data sources and does not include primary or firm-level empirical analysis due to constraints 
related to data accessibility and confidentiality. 
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2. Review of Literature 
2.1 Evolution of Forensic Accounting 
Forensic accounting has evolved from a traditional, manual approach of detecting financial irregularities to 
a technologically driven discipline integrating accounting, auditing, and investigative techniques. In its 
early stages, forensic accountants relied primarily on document verification, internal control assessments, 
and interviews to detect fraud. While these methods were effective in relatively simple financial 
environments, they proved inadequate in addressing complex and data-intensive financial systems. 
According to Kranacher, Riley and Wells (2021), modern forensic accounting practices increasingly use 
data-driven investigative techniques that combine accounting knowledge with analytical and technological 
skills. The rise of digital forensics and computer-assisted auditing techniques has created a significant 
change, as professionals can now analyse large datasets and extract digital evidence more efficiently. 
However, existing literature largely focuses on the evolution of tools rather than critically examining their 
limitations in real-world applications, particularly in emerging economies. 

2.2 Emergence of Artificial Intelligence in Accounting 
Artificial Intelligence (AI) has emerged as a transformative force across various business domains, 
including accounting and auditing. AI refers to systems capable of performing tasks that typically require 
human intelligence, such as learning, reasoning, and problem-solving (Kokina & Davenport, 2017). In 
forensic accounting, AI applications include fraud prediction, anomaly detection, document verification, 
and pattern recognition. Machine learning algorithms enable the identification of subtle irregularities in 
financial data that may be undetectable through manual analysis. Similarly, Natural Language Processing 
(NLP) facilitates the examination of unstructured data sources, such as emails, contracts, and audit reports, 
to uncover potential indicators of fraudulent behaviour. Despite these advancements, existing studies 
predominantly emphasize the benefits of AI while providing limited empirical evidence regarding its 
effectiveness across different institutional and regulatory contexts, and the applicability of AI models in 
developing economies remains underexplored. 

2.3 Role of Data Analytics in Forensic Accounting 
Data analytics has become an integral component of modern forensic accounting, utilizing statistical, 
computational, and quantitative techniques to extract meaningful insights from large volumes of financial 
data (Moffitt, Rozario & Vasarhelyi, 2018). Techniques such as predictive analytics and forensic data 
mining enable the identification of abnormal patterns, relationships, and trends that may indicate fraudulent 
activities. While data analytics significantly enhances the efficiency and accuracy of fraud detection, 
Moffitt et al. (2018) caution that its effectiveness depends on the integration of domain knowledge and 
analytical expertise. Without a strong understanding of accounting principles and fraud behaviour, data-
driven insights may be misinterpreted or overlooked. Moreover, existing literature often treats data analytics 
as a standalone solution, neglecting its interdependence with AI technologies; a more holistic perspective 
that combines data analytics with AI-driven methodologies is required. 

2.4 Integration of AI and Data Analytics in Fraud Detection 
The integration of AI and Data Analytics represents a significant advancement in fraud detection and 
prevention. AI systems trained on large datasets can learn from historical fraud patterns and identify 
emerging risks, enabling predictive and real-time fraud detection mechanisms. For instance, machine 
learning models can classify transactions based on risk levels by analysing behavioural patterns and 
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historical data. According to the PwC Global Economic Crime and Fraud Survey (2022), organizations that 
adopt AI-based analytics experience approximately 37% fewer fraud-related losses compared to those 
relying on traditional audit methods. Additionally, AI-driven systems reduce human bias and improve 
consistency and accuracy (Kokina & Davenport, 2017). However, the literature reveals a lack of consensus 
regarding the reliability and generalizability of AI-based models; issues such as algorithmic bias, 
overfitting, and lack of transparency raise concerns, highlighting the need for a balanced approach that 
combines technological efficiency with ethical accountability (Issa et al., 2016). 

2.5 Challenges in Implementing AI and Data Analytics 
Despite their transformative potential, the implementation of AI and data analytics in forensic accounting 
faces several critical challenges. Data privacy and security: the use of sensitive financial data necessitates 
strict compliance with regulatory frameworks such as the GDPR and India's Digital Personal Data 
Protection Act (2023). Skill gap: a significant barrier is the shortage of professionals with interdisciplinary 
expertise in accounting and data science. High implementation costs: the adoption of AI tools involves 
substantial financial investment in infrastructure, software, and training, which restricts accessibility for 
small and medium-sized firms. Ethical and legal concerns: issues such as algorithmic bias, lack of 
transparency, and accountability challenges raise ethical concerns (Kokina & Davenport, 2017). While prior 
research identifies these challenges, it often lacks empirical validation and fails to propose practical 
solutions, particularly for developing economies. 

2.6 Research Gaps Identified 
The review of existing literature reveals several significant gaps. First, there is a lack of empirical studies 
examining the application of AI in forensic accounting within developing economies, where infrastructural 
and regulatory challenges differ significantly from developed contexts. Second, limited research exists on 
the cost–benefit analysis of AI adoption in small and medium-sized audit firms. Third, the absence of 
standardized ethical and regulatory frameworks for AI-driven forensic investigations remains a critical 
concern. Additionally, insufficient attention has been given to the development of digital competencies and 
AI-related training for forensic professionals. This study extends existing literature by providing a 
structured integration of AI and data analytics within forensic accounting, with specific relevance to 
developing economies. 

2.7 Conceptual Framework 
The conceptual framework of this study is grounded in established theoretical perspectives, including the 
Technology Acceptance Model (TAM), Agency Theory, and the Diffusion of Innovation Theory. These 
theories collectively explain the adoption, implementation, and impact of AI and data analytics in forensic 
accounting. The framework identifies key drivers—such as increasing financial fraud, digital 
transformation, regulatory pressures, and data complexity—which necessitate technological adoption. At 
its core, the model incorporates AI and Data Analytics technologies (ML, NLP, and RPA) as primary 
enablers of forensic innovation. 
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Figure 1. Conceptual Framework Illustrating the Role of Artificial Intelligence and Data Analytics in Forensic 

Accounting 

From the perspective of the Technology Acceptance Model, the adoption of these technologies depends on 
how useful and easy to use they are perceived to be. Agency Theory explains that AI helps reduce 
information gaps between management and stakeholders, which improves accountability and governance. 
Diffusion of Innovation Theory shows that adoption differs across organizations based on factors such as 
readiness, cost, and institutional support. The framework also includes key moderating factors—
implementation cost, data privacy concerns, algorithmic bias, and lack of skills—which affect how 
effectively AI is used, while ethical and regulatory aspects influence all stages of adoption. Finally, the 
framework links technological integration to key outcomes such as enhanced fraud detection accuracy, 
predictive auditing capabilities, improved corporate governance, and the creation of future research and 
professional opportunities. 

3. Methodology of the Study 
This study adopts a qualitative and descriptive research design to examine the role of AI and Data Analytics 
in forensic accounting, as it allows a detailed understanding of concepts, emerging trends, and practical 
implications. The study uses secondary data from journal articles, reports, and publications available on 
databases such as Scopus, Web of Science, and Google Scholar, along with reports from PwC, ICAI, and 
RBI for the period 2016 to 2025. A systematic search strategy was used with keywords such as “AI in 
auditing,” “forensic accounting,” and “data analytics.” Relevant studies were selected based on criteria such 
as peer-reviewed sources, English language, and subject relevance, while non-scholarly and unrelated 
sources were excluded. The data were examined using content and thematic analysis through a structured 
process of screening, coding, classification, and synthesis to identify key themes such as fraud detection, 
technological integration, challenges, and ethical issues. The study is supported by theoretical frameworks 
such as the Technology Acceptance Model, Agency Theory, and Diffusion of Innovation Theory. 
Reliability and validity were ensured through the use of credible sources, cross-verification of data, and a 
systematic approach. Although the study is qualitative, a conceptual regression model is proposed to 
facilitate future quantitative validation. 

4. Analysis and Discussion 
4.1 Application of Artificial Intelligence in Forensic Accounting 
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AI has emerged as a transformative force in forensic accounting by enhancing the scope, efficiency, and 
precision of fraud detection and investigation. Fraud pattern recognition and predictive analysis: 
machine learning techniques such as decision trees, random forests, and neural networks are widely used 
to identify historical fraud patterns and predict potential risks, detecting anomalies such as irregular 
payment patterns, duplicate invoices, and fictitious entries. Natural Language Processing (NLP): NLP 
enables the analysis of unstructured data, including emails, contracts, and financial reports, identifying 
suspicious communication patterns, hidden intent, and inconsistencies. Robotic Process Automation 
(RPA): RPA automates repetitive, rule-based tasks such as data extraction, document verification, and 
record matching; according to Rozario and Vasarhelyi (2018), RPA can significantly reduce data processing 
time and help forensic accountants focus on analysis and decision-making. 

4.2 Role of Data Analytics in Fraud Detection 
Data analytics complements AI by providing structured and quantitative insights into financial data. 
Descriptive and diagnostic analytics examine past financial data to find unusual patterns and understand 
the reasons behind them; visualization tools such as Tableau and Power BI present data in charts and graphs, 
making sudden increases in expenses or frequent round-number transactions easier to spot. Predictive and 
prescriptive analytics employ statistical techniques such as regression and clustering to forecast potential 
fraud scenarios and recommend corrective actions and internal controls; advanced tools such as SAP 
Predictive Analytics and IBM Watson are increasingly used to automate fraud risk assessment and 
continuously improve predictive accuracy. 

4.3 Comparative Analysis: Traditional vs. AI-Driven Forensic Accounting 
Table 1. Traditional vs. AI & Data Analytics-Driven Forensic Accounting 
Aspect Traditional Forensic Accounting AI & Data Analytics-Driven 
Data Handling Manual review of limited samples Automated processing of large datasets 
Fraud Detection Reactive (post-occurrence) Proactive (predictive and continuous) 
Speed and Efficiency Time-consuming Real-time monitoring and analysis 
Accuracy Dependent on the auditor's expertise Enhanced through algorithmic precision 
Cost Moderate but labour-intensive High initial cost, long-term efficiency gains 

Bias and Errors Subject to human bias Reduced bias through algorithmic 
consistency 

Reporting Manual reporting Automated dashboards and visual analytics 
 
The comparative analysis demonstrates a clear transition from traditional, sample-based auditing to 
comprehensive, data-driven forensic investigation. AI-driven approaches enhance efficiency, accuracy, and 
objectivity, representing a paradigm shift in accounting and assurance practices. To provide a simplified 
analytical understanding, fraud detection efficiency can be expressed as a function of AI adoption and data 
analytics usage: Fraud Detection Efficiency = f (AI Adoption, Data Analytics Usage). 

4.3.1  Hypothesis Development and Regression Model 
To strengthen the analytical rigour of the study, a conceptual hypothesis framework and regression model 
are proposed to examine the relationship between AI adoption, data analytics usage, and fraud detection 
efficiency, derived from theoretical foundations such as the Technology Acceptance Model (TAM) and 
prior empirical studies. 

H1: Artificial Intelligence adoption has a positive effect on fraud detection efficiency. 
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H2: Data analytics usage has a positive effect on fraud detection efficiency. 
H3: The combined use of Artificial Intelligence and data analytics improves fraud detection performance. 

Regression model specification: FDE = β₀ + β₁·AI + β₂·DA + ε, where FDE = Fraud Detection Efficiency; 
AI = degree of Artificial Intelligence adoption within the organization; DA = extent of Data Analytics 
utilization; β₀ = constant term; β₁, β₂ = coefficients of the independent variables; and ε = error term. A 
positive value of β₁ and β₂ suggests that increased use of these technologies leads to improved fraud 
detection accuracy and efficiency. The model can be extended by incorporating control variables such as 
firm size, technological readiness, and regulatory environment. 

Empirical evidence. To strengthen the analytical framework, secondary empirical evidence is incorporated 
to evaluate the performance of fraud detection before and after the adoption of AI techniques. 

Table 2. Fraud Detection Performance — Before vs. After AI Adoption 
Parameter Traditional Methods AI-Based Methods 
Fraud Detection Accuracy 65% – 75% 85% – 95% 
Detection Time Days to weeks Real-time / hours 
False Positives High Reduced 
Data Processing Capacity Limited Large-scale (Big Data) 
Continuous Monitoring Not available Available 

 

Table 3. Trend in AI Adoption in Forensic Accounting (2018–2024) 
Year AI Adoption Level (%) Data Analytics Usage (%) 
2018 30% 40% 
2019 35% 45% 
2020 42% 52% 
2021 50% 60% 
2022 58% 68% 
2023 65% 75% 
2024 72% 82% 

 

Table 4. Impact of AI on Audit Performance 
Parameter Before AI After AI 
Detection Accuracy Moderate High 
Detection Speed Slow Fast 
Error Rate High Low 
Fraud Prevention Capability Limited Strong 

 
The tables indicate a substantial improvement in fraud detection capabilities with AI adoption—higher 
accuracy, reduced detection time, and a steady increase in the adoption of AI and data analytics over time, 
reflecting growing reliance on digital tools for fraud detection and risk assessment. 

4.4 Empirical Insights and Case Illustrations 
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AI in banking fraud detection. A study by the Reserve Bank of India (2023) reported that commercial 
banks implementing AI-based monitoring systems experienced a significant reduction in internal fraud 
losses over two years, using predictive modelling to analyse transaction patterns, customer behaviour, and 
cross-border payment anomalies. Cognitive audit platforms. KPMG has developed AI-enabled audit 
platforms leveraging advanced analytics and cognitive technologies such as IBM Watson, which analyse 
large volumes of financial statements, identify unusual correlations, and enhance audit quality. Public 
sector applications. In India, the Comptroller and Auditor General of India has initiated the use of data 
analytics dashboards in public expenditure audits, enhancing transparency by identifying irregular fund 
flows and procurement anomalies. 

4.5 Challenges in Implementation 
Despite its advantages, the implementation of AI and data analytics in forensic accounting faces several 
challenges. A primary concern is the lack of technical expertise, as many accounting professionals lack 
adequate training in data science and programming. Data privacy and ethical issues also pose significant 
risks, given that AI systems rely on sensitive financial information. High implementation costs further limit 
adoption, particularly among small and medium-sized audit firms. Additionally, algorithmic bias may arise 
due to flawed training datasets, potentially leading to inaccurate or unfair outcomes. Regulatory uncertainty 
remains another critical issue, as standardized guidelines for AI-based auditing are still evolving. 
Addressing these challenges requires capacity building, ethical governance frameworks, and collaboration 
between regulatory bodies, professional institutions, and technology developers. 

4.6 Key Findings and Discussion 
The analysis of secondary data and literature leads to the following key findings: AI significantly enhances 
fraud detection accuracy and reduces human error; continuous monitoring enables early detection and 
prevention of financial irregularities; the profession is evolving towards a hybrid model combining 
accounting expertise with analytical and technological skills; increased reliance on AI necessitates strong 
ethical standards and transparency; and developed economies are leading in AI adoption while emerging 
economies are gradually integrating these technologies. The findings support the view that AI acts as an 
augmentation tool rather than a replacement for forensic accountants—the integration of human judgment 
with machine intelligence produces more reliable and efficient outcomes, though effectiveness depends on 
data quality, organizational readiness, and regulatory maturity. 

5. Conclusions and Recommendations 
5.1 Summary of Key Findings 
The study provides comprehensive insights into the transformative role of AI and Data Analytics in forensic 
accounting. AI-driven technologies (ML, NLP, and RPA) have significantly enhanced the accuracy, speed, 
and reliability of fraud detection. Data analytics enables forensic accountants to interpret complex financial 
datasets through visualization and predictive modelling, facilitating evidence-based decision-making. The 
integration of AI has shifted forensic accounting from a reactive, post-event approach to a proactive, 
continuous monitoring system. However, adoption is limited by high costs, complexity, and a shortage of 
skilled professionals; increasing reliance introduces critical challenges related to data privacy, algorithmic 
bias, and the absence of standardized regulatory frameworks; and developed economies demonstrate higher 
levels of adoption than emerging economies such as India. 
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5.2 Theoretical Implications 
The findings contribute to the theoretical advancement of forensic accounting by integrating technological 
and economic perspectives. From the standpoint of Technological Innovation Theory, the adoption of AI 
represents a paradigm shift that enhances analytical capabilities and decision-making efficiency. Agency 
Theory provides a relevant framework to understand how AI reduces information asymmetry between 
management and stakeholders by improving transparency and monitoring. The study also aligns with the 
Technology Acceptance Model (TAM), suggesting that perceived usefulness and ease of use influence the 
adoption of AI tools. Collectively, these perspectives establish forensic accounting as an interdisciplinary 
field that integrates accounting expertise, technological innovation, and ethical governance in the digital 
era. 

5.3 Practical Implications 
The study offers practical insights for professionals, organizations, and policymakers: forensic accountants 
must develop competencies in AI and data analytics through continuous training and certification; audit 
firms should adopt AI-driven tools for risk-based auditing and real-time fraud detection; collaboration 
between accountants, data scientists, and IT professionals is essential for effective interpretation of 
analytical outputs; firms should invest in robust data infrastructure and governance mechanisms; 
transparency, fairness, and accountability in AI systems are critical to maintaining professional integrity; 
and regulatory bodies should establish clear guidelines and standards for AI-assisted auditing. 

5.4 Recommendations 
5. Capacity building and professional training: professional bodies such as the ICAI and ACCA 

should introduce specialized certification programs in AI-driven forensic accounting. 

6. Development of ethical AI frameworks: regulatory authorities should formulate comprehensive 
guidelines to ensure transparency, accountability, and fairness in algorithmic decision-making. 

7. Promotion of cost-effective AI solutions: technology providers should develop scalable and 
affordable AI tools tailored for small and medium-sized audit firms. 

8. Strengthening data governance: organizations must implement stringent data protection and 
cybersecurity measures to safeguard sensitive financial information. 

9. Encouraging collaborative research: interdisciplinary research initiatives involving academia, 
industry, and government should be promoted to develop context-specific AI auditing models. 

The study concludes that the integration of AI and Data Analytics represents a fundamental transformation 
in forensic accounting practices, redefining fraud detection by enhancing accuracy, enabling real-time 
monitoring, and facilitating predictive risk assessment. However, successful adoption is contingent upon 
addressing critical challenges, including ethical concerns, skill gaps, regulatory ambiguity, and financial 
constraints. The future of forensic accounting lies not in the replacement of human expertise but in its 
augmentation through intelligent technologies. 
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