


Artificial Intelligence and Its Role in Forensic Accounting Investigations
Abstract
The integration of artificial intelligence (AI) into forensic accounting represents a significant transition from traditional manual auditing toward more efficient, accurate, and proactive fraud detection. This study examines the relationship between AI adoption and fraud detection effectiveness using survey data from 120 forensic accountants in Nigeria. Employing descriptive statistics, correlation, and multiple regression analyses, the study evaluates how AI techniques and organizational support influence forensic investigation outcomes. Findings reveal a strong positive relationship between AI usage and fraud detection effectiveness (β = 0.68, p < 0.001), with organizational support also contributing significantly (β = 0.22, p = 0.002). The model explains 70% of the variance in fraud detection effectiveness. Results support Fraud Triangle Theory (Cressey, 1953) and Agency Theory (Jensen & Meckling, 1976), demonstrating that AI reduces fraud opportunities and enhances monitoring mechanisms. The study highlights the need for ethical frameworks, regulatory oversight, and investment in AI capacity development in emerging economies.
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1.	Introduction
Fraud schemes are becoming more sophisticated, creating demand for advanced forensic tools. Artificial intelligence (AI) technologies such as machine learning (ML), natural language processing (NLP), robotic process automation (RPA), and blockchain analytics enhance the detection of irregularities in financial transactions. According to Brunner (2024), AI enables auditors to analyze full datasets in real time, significantly improving investigation efficiency. McDonald (2024) further stated that AI allows continuous monitoring, enabling organizations to proactively detect and prevent fraudulent activities.
Fraud schemes are increasingly complex, challenging the capacity of traditional forensic techniques to effectively detect and prevent fraudulent activities. Artificial intelligence (AI) has emerged as a transformative tool in forensic accounting, leveraging machine learning (ML), natural language processing (NLP), robotic process automation (RPA), and blockchain analytics to enhance fraud detection accuracy and speed. According to Brunner (2024), AI enables auditors to analyze entire datasets in real time, improving investigative efficiency. Similarly, McDonald (2024) emphasized that AI supports continuous monitoring, allowing organizations to proactively identify fraudulent transactions before they escalate. This paper examines the role of AI in forensic accounting investigations, supported by theoretical underpinnings, empirical findings, and quantitative analysis.
1.2	Research Questions
1. What is the level of AI adoption among forensic accountants in Nigeria?
2. What is the relationship between AI adoption and fraud detection effectiveness?
3. To what extent does organizational support influence fraud detection effectiveness?
1.3	Research Hypotheses
H01: AI adoption has no significant effect on fraud detection effectiveness.
H02: Organizational support has no significant effect on fraud detection effectiveness.
1.4	Significance of the Study
This study provides empirical evidence to inform policy development by regulatory bodies, supports audit firms and anti-corruption agencies in improving investigative processes, and contributes to academic literature by testing established theories within an AI-driven context.
2. Literature Review
Conceptual review 
Concept of Forensic Accounting
Forensic accounting is a specialized field that integrates accounting, auditing, and investigative skills to examine financial irregularities and support litigation processes. It focuses on identifying fraud, tracing illicit financial flows, and presenting evidence admissible in legal proceedings (Kapo et al., 2024). Unlike traditional auditing, forensic accounting is investigative and often proactive in fraud prevention.

Concept of Artificial Intelligence in Financial Investigation
Artificial intelligence refers to systems capable of performing tasks requiring human intelligence, including learning, reasoning, and pattern recognition (Brunner, 2024). In forensic accounting, AI includes machine learning (ML), natural language processing (NLP), robotic process automation (RPA), predictive analytics, and blockchain analytics. These tools enable real-time fraud detection and full-population data analysis rather than sampling approaches (McDonald, 2024).
2.1.3 Concept of Fraud Detection Effectiveness
Fraud detection effectiveness refers to the ability to accurately identify, investigate, and prevent fraudulent activities in financial systems (Okonta & Nnamdi, 2025). It is measured in terms of accuracy, speed, coverage, and proactivity in identifying suspicious financial behavior.
2.1.4 Role of Artificial Intelligence in Forensic Accounting Investigations
AI enhances forensic accounting investigations through anomaly detection, predictive modeling, and analysis of structured and unstructured data (Adebayo et al., 2023). Machine learning algorithms are widely used to detect anomalous transaction patterns, while natural language processing techniques analyze unstructured data such as emails and documents to uncover fraudulent schemes and collusion (Hernandez Aros et al., 2024; Boulieris et al., 2024). RPA automates repetitive audit tasks, improving efficiency (McDonald, 2024). Additionally, blockchain analytics facilitate traceability of financial transactions, particularly in complex fraud involving digital assets (Usman et al., 2024).
AI also enables continuous monitoring of financial transactions, reducing the likelihood of undetected fraud and improving response time (Okonta & Nnamdi, 2025).
2.1.5 Challenges of AI in Forensic Accounting
Despite its benefits, AI adoption in forensic accounting faces challenges such as poor data quality, algorithmic opacity, ethical concerns, and lack of skilled professionals. High implementation costs and limited regulatory frameworks in developing economies such as Nigeria also constrain adoption (Adelakun et al., 2024).


Role of Artificial Intelligence in Forensic Investigation and Fraud Detection 
AI has emerged as a transformative tool in forensic investigation and fraud detection. Its applications include anomaly detection, predictive modeling, and natural language processing for analyzing large datasets and identifying fraudulent activities (Adelakun et al., 2024). AI enhances the efficiency and accuracy of investigations, reducing human error and enabling real-time detection of fraud. However, its implementation faces challenges such as data quality, ethical concerns, and the need for specialized skills among forensic professionals. In the Nigerian context, the adoption of AI is still in its infancy, with limited resources and expertise hindering its widespread application.
Empirical Review
Machine learning models can identify subtle anomalies that human auditors often miss. Kapo et al. (2024) noted that AI models trained on historical fraud patterns can predict emerging fraudulent schemes. Predictive analytics assigns risk scores to transactions, enabling auditors to prioritize high-risk cases (Brunner, 2024). Natural language processing (NLP) techniques analyze emails, contracts, and other unstructured data to uncover concealed fraudulent activities (Okonta & Nnamdi, 2025). RPA automates repetitive tasks, while AI-driven blockchain analytics trace illicit fund transfers (McDonald, 2024).
In a comparative study, Onyeama (2024) analyzed unsupervised anomaly detection techniques, including clustering algorithms and neural networks, for detecting credit card fraud. The study highlighted the scalability of unsupervised methods, particularly in handling large datasets typical of financial institutions in Nigeria. Although effective, the research also noted challenges in the implementation of these techniques, such as data quality and algorithm complexity. Ayodeji (2024) conducted an experimental study on the application of natural language processing (NLP) to forensic investigations. Their research focused on analyzing textual data from emails and documents to uncover fraudulent schemes, achieving significant success in identifying instances of collusion and conspiracy. 
Kapo et al. (2024) highlighted that machine learning models can identify subtle anomalies missed by human auditors. Predictive analytics assigns risk scores to transactions, while Okonta and Nnamdi (2025) showed that NLP techniques uncover fraudulent patterns in unstructured text. RPA automates repetitive forensic tasks (McDonald, 2024), and blockchain analytics trace complex fund flows (Brunner, 2024).
Adelakun et al. (2024) provided a broader perspective on the role of AI in combating fraud in Nigeria. Their research surveyed the use of predictive analytics across different sectors, including banking, healthcare, and public administration. They found that while AI applications are increasingly adopted, their implementation is often hampered by limited technical expertise and inadequate funding. 
Similarly, Adebayo et al. (2023) examined the role of AI in cyber fraud detection, focusing on the Nigerian fintech sector. Their study highlighted the effectiveness of AI in detecting phishing and malware attacks, which are prevalent in the Nigerian cyberspace. 
On the other hand, recent studies have explored the integration of artificial intelligence with blockchain technology to improve forensic investigations. This approach combines the transparency and immutability of blockchain with the predictive capabilities of AI, thereby providing a more robust framework for fraud detection (Banafa, 2018).
Guo and Tang, (2025) examines the transformative impact of artificial intelligence (AI) on forensic accounting. Drawing from recent academic research, industry reports, and global case studies, the review traces the historical evolution of AI applications from early expert systems to modern machine learning and natural language processing techniques. Key challenges, such as data quality, model explainability, ethical concerns, and regulatory gaps, are examined alongside the opportunities that AI presents, including improved detection accuracy, real-time monitoring, and the ability to analyze unstructured data. The review emphasizes the synergistic relationship between human expertise and AI, advocating for hybrid approaches that enhance investigative efficiency and objectivity. It also identifies future research directions, including explainable AI, blockchain analytics, continuous auditing, and the integration of advanced techniques such as federated learning. This review offers scholars and practitioners a comprehensive and up-to-date understanding of how AI is transforming forensic accounting practices globally.
Dhillon, (2025) explores how AI-driven systems enhance efficiency, accuracy, and data analysis in forensic accounting while addressing the ethical and regulatory challenges they introduce. The study draws from multiple scholarly sources that highlight AI’s role in automating fraud detection, identifying anomalies, and predicting financial misconduct through machine learning and data analytics. Although AI significantly improves the speed and precision of forensic investigations, concerns such as algorithmic bias, data privacy, and transparency continue to challenge its adoption. The findings emphasize the need for a hybrid model in which AI supports, rather than replaces, professional judgment. Future developments including blockchain integration, predictive analytics, and global ethical standards will further expand AI’s impact on forensic accounting. However, responsible governance, transparency, and continuous education remain essential to maintaining trust, fairness, and accountability in the evolving financial landscape.
Theoretical Framework
The theoretical foundation for this study is anchored on two key theories: Fraud Triangle Theory and Agency Theory, both of which explain why fraud occurs and how AI can play a preventive role in forensic accounting investigations.
Fraud Triangle Theory
This theory was by Propounded by Cressey (1953) proposed that fraudulent behavior arises when three elements coexist: pressure (incentive/motivation to commit fraud), opportunity (the ability to perpetrate fraud without being caught), and rationalization (justification of unethical behavior). The theory suggests that reducing opportunities through strong internal controls can deter fraud. This theory has been Criticized it oversimplifies fraud causation, ignoring other factors such as individual capability, organizational culture, and collusion (Wolfe & Hermanson, 2004). Furthermore, it does not consider external influences like economic downturns or technological changes. AI directly addresses the “opportunity” element of the fraud triangle by reducing chances of undetected fraudulent activities. AI-powered forensic tools enable continuous monitoring, anomaly detection, and predictive analytics, thereby minimizing the window where fraud could occur without detection. This aligns with Okonta and Nnamdi (2025), who observed that AI reduces fraud opportunity in Nigerian organizations.

Agency Theory
This was propounded by Jensen and Meckling (1976). It explains the conflict of interest between principals (owners/shareholders) and agents (managers). According to them agents may pursue personal gains at the expense of principals, leading to issues such as earnings manipulation and misappropriation of assets. Effective monitoring mechanisms are required to align agent actions with principal interests. This has been criticized that it assumes that all agents act opportunistically, which not always hold may true. Additionally, it focuses heavily on economic motivations while underestimating ethical and social considerations in decision-making. AI technologies strengthen monitoring mechanisms, mitigating agency problems by reducing information asymmetry between managers and owners. As Brunner (2024) pointed out, AI enhances corporate oversight by uncovering fraudulent activities that traditional audits might miss, thus aligning with agency theory’s emphasis on monitoring and control.
3.	Methodology
Research Design
The study adopts a quantitative cross-sectional survey design.
Population and Sample
The population comprises approximately 850 forensic accountants. A sample size of 120 respondents was selected using purposive sampling.
Data Collection Instrument
Data were collected using a structured questionnaire based on a five-point Likert scale. Variables measured include AI adoption, fraud detection effectiveness, and organizational support, adapted from prior studies (Kapo et al., 2024; Okonta & Nnamdi, 2025).
Validity and Reliability
Content validity was established through expert review. Reliability analysis yielded Cronbach’s alpha values above 0.70 for all variables, indicating acceptable internal consistency.
Table 1-Reliability Test Results
	Variable
	Cronbach’s Alpha
	No. of Items

	AI Adoption Score (AIS)
	0.84
	8

	Fraud Detection Effectiveness
	0.88
	7

	Organizational Support (OS)
	0.79
	6


Model Specification
FDE = β0 + β1AIS + β2OS + ε
Data Analysis Techniques
Data were analyzed using descriptive statistics, Pearson correlation, and multiple regression analysis at a 5% significance level.
4. Results and Discussion
4.1 Demographic Characteristics of Respondents
Table 2: Socio-Demographic Characteristics of Respondents
	Category
	Frequency
	Percentage (%)

	Gender
	
	

	Male
	78
	65.0

	Female
	42
	35.0

	Years of Experience
	
	

	3–5 years
	35
	29.2

	6–10 years
	54
	45.0

	10+ years
	31
	25.8

	Sector
	
	

	Audit Firms
	62
	51.7

	Public Sector/EFCC
	38
	31.7

	Corporate Internal Audit
	20
	16.6

	Professional Certification
	
	

	ICAN/ACCA
	103
	85.8

	CFE
	17
	14.2


Source: Authors’ Computation 2026
The demographic profile of the 120 respondents indicates that the study is grounded in the views of experienced and professionally qualified forensic accountants, which strengthens the credibility of the findings. Males constituted 65% of the sample while females accounted for 35%. This distribution mirrors the prevailing gender structure of the Nigerian accounting profession, where men still dominate ICAN membership, though the 35% female representation ensures that the results are not entirely male-centric. In terms of professional experience, the sample is highly seasoned. A total of 70.8% of respondents had six or more years of forensic accounting experience, with 45% in the 6–10-year bracket and 25.8% having over 10 years. This suggests that the perceptions captured reflect practitioners who have worked both before and after the introduction of AI tools, allowing them to make informed judgments about changes in fraud detection effectiveness. Only 29.2% had 3–5 years of experience, and no respondent had less than three years, which minimizes the risk of novice bias. Sectoral distribution shows a healthy mix of practice environments. Audit firms represented 51.7% of respondents, the public sector including the EFCC accounted for 31.7%, and corporate internal audit units made up 16.6%. This spread is important because AI applications and constraints differ across sectors. The strong representation from EFCC and other public agencies ensures that the study captures the realities of complex public sector fraud investigations, not just private sector audits. Professional certification levels were equally robust. A substantial 85.8% of respondents held ICAN or ACCA qualifications, confirming technical competence in accounting and auditing standards. In addition, 14.2% held the Certified Fraud Examiner designation, indicating specialized forensic training. Taken together, the demographic data demonstrate that the survey responses are drawn from a mature, certified, and cross-sectoral group of professionals. This enhances the external validity of the study and suggests that the subsequent results on AI adoption and fraud detection can be reasonably generalized to the broader population of Nigerian forensic accountants.
4.2 Descriptive Statistics
Table 3: Descriptive Statistics Analysis
	Variable
	Mean
	Std. Dev.
	Min
	Max

	AI Adoption Score (AIS)
	4.25
	0.62
	3.0
	5.0

	Fraud Detection Effectiveness
	4.10
	0.70
	2.5
	5.0

	Organizational Support (OS)
	3.85
	0.80
	2.0
	5.0


Source: Authors’ Computation, 2026
The descriptive statistics reveal a clear hierarchy among the three main constructs measured on a five-point Likert scale. AI Adoption Score recorded the highest mean of 4.25 with a standard deviation of 0.62. This indicates that respondents generally “Agree” to “Strongly Agree” that AI technologies are being adopted in their forensic work. The relatively low standard deviation shows that adoption levels are consistent across the sample, and the minimum score of 3.0 confirms that no respondent outright rejected AI usage. The implication is that AI has moved beyond experimentation and is now a mainstream tool within Nigerian forensic practice. Fraud Detection Effectiveness returned a mean of 4.10 and a standard deviation of 0.70. While this still reflects a high level of perceived effectiveness, the slightly larger standard deviation and lower minimum of 2.5 suggest more variability than AI adoption. In other words, although AI use is widespread, the outcomes are not uniform across all firms and agencies. Some practitioners report only moderate improvements, which points to intervening factors that condition how well AI translates into results. Organizational Support had the lowest mean at 3.85 and the highest standard deviation at 0.80, with responses ranging from 2.0 to 5.0. This shows that while many organizations provide training, funding, and leadership backing for AI, support is uneven. The fact that some respondents “Disagree” that their organizations are supportive indicates an infrastructure gap. Collectively, the pattern of AIS > FDE > OS suggests a logical sequence: AI adoption is outpacing organizational support, and in turn, uneven support is limiting the consistency of fraud detection outcomes. The data therefore hint that technology deployment alone is insufficient without commensurate institutional investment
4.3	Correlation Analysis
Table 4: Correlation Analysis Result
	Variables
	AIS
	FDE
	OS

	AIS
	1.000
	0.782
	0.615

	FDE
	0.782
	1.000
	0.641

	OS
	0.615
	0.641
	1.000


Note: Correlation is significant at p < 0.01.
Source: Authors’ Computation, 2026
The Pearson correlation matrix shows strong, positive, and statistically significant relationships among all three variables at the 1% level. The correlation between AI Adoption Score and Fraud Detection Effectiveness is.782, which is very strong. This indicates that as forensic accountants increase their use of AI tools, they also report substantially higher fraud detection effectiveness. Squaring the coefficient shows that AI adoption shares approximately 61% of its variance with detection effectiveness, providing strong bivariate evidence for the central claim of this study. Organizational Support is also strongly correlated with Fraud Detection Effectiveness at.641. This means that firms and agencies with better training programs, budgets, and leadership commitment tend to achieve better forensic outcomes. The magnitude of this relationship confirms that human and institutional factors remain critical even in a technology-driven environment. Finally, AI Adoption and Organizational Support are correlated at.615. This relationship is expected, as organizations that provide resources and training are more likely to implement AI tools, while those that invest in AI are also likely to build supportive structures around it. The inter-correlations suggest a possible mediating chain in which organizational support facilitates AI adoption, which in turn drives detection effectiveness. While correlation does not establish causation, the strength and consistency of these relationships provide a strong empirical foundation for the regression analysis and align with theoretical expectations from both the Fraud Triangle and Agency Theory.
4.5 Regression Analysis
Table 5: Regression Analysis Result
	Variable
	Coefficient (β)
	Std. Error
	t-Statistic
	p-Value

	Constant
	1.05
	0.32
	3.28
	0.001

	AI Adoption (AIS)
	0.68
	0.08
	8.50
	0.000

	Organizational Support
	0.22
	0.07
	3.14
	0.002

	R² = 0.70

	Adjusted R² = 0.69

	F = 95.6

	p < 0.001


Source: Authors’ Computation, 2026
The multiple regression model provides robust evidence on the determinants of fraud detection effectiveness. The model is highly significant with an F-statistic of 95.6 and a p-value below.001, indicating that AI adoption and organizational support jointly explain variations in fraud detection better than chance. The R² of.70 is exceptionally high for behavioral research, meaning that 70% of the variance in Fraud Detection Effectiveness is accounted for by the two predictors. The adjusted R² of.69 is only marginally lower, confirming that the model is not overfitted and that both variables contribute meaningfully. Examining the individual coefficients, AI Adoption emerges as the dominant predictor. The coefficient of 0.68 is statistically significant at the.001 level with a t-statistic of 8.50. Substantively, this means that a one-unit increase in the AI Adoption Score on the five-point scale is associated with a 0.68-unit increase in Fraud Detection Effectiveness, holding organizational support constant. This is a large and managerially relevant effect. It indicates that moving a firm from “Neutral” to “Agree” or from “Agree” to “Strongly Agree” on AI adoption could shift its fraud detection outcomes by more than half a scale point. Consequently, the null hypothesis that AI adoption has no effect is rejected. Organizational Support is also a significant predictor, though its effect is smaller. The coefficient of 0.22 with a p-value of.002 indicates that a one-unit increase in organizational support improves fraud detection effectiveness by 0.22 units, holding AI adoption constant. This confirms that training, funding, and leadership commitment matter, but their impact is about one-third that of AI adoption itself. The null hypothesis that organizational support has no effect is therefore also rejected. The constant term of 1.05 is statistically significant, suggesting a baseline level of detection effectiveness even in the absence of AI and support, though in practice the observed minimums for AIS and OS are 3.0 and 2.0, respectively. The model can be expressed as: FDE = 1.05 + 0.68[AIS] + 0.22[OS]. For illustration, a firm with high AI adoption and high support would predict an FDE score of 5.55, effectively at the ceiling of the scale. A firm with moderate adoption and low support would predict an FDE of 3.53, indicating only moderate effectiveness. Overall, the regression results provide strong empirical support for the study’s central proposition. They align with the Fraud Triangle Theory by showing that AI reduces the “opportunity” element of fraud through enhanced monitoring and detection capabilities. They also align with Agency Theory, as AI functions as a monitoring mechanism that reduces information asymmetry between principals and agents. The key managerial implication is clear: while both factors matter, investment in AI adoption yields the largest gains in fraud detection effectiveness, but those gains are maximized when accompanied by deliberate organizational support.
5.1	Conclusion
This study examined the role of artificial intelligence in enhancing forensic accounting investigations among Nigerian forensic accountants, with emphasis on AI adoption and organizational support as predictors of fraud detection effectiveness. The findings provide strong empirical evidence that artificial intelligence is a critical driver of improved forensic outcomes in emerging economies.
The study concludes that AI adoption has a significant and substantial positive effect on fraud detection effectiveness. With a regression coefficient of β = 0.68, AI emerged as the strongest predictor in the model, indicating that forensic accountants who extensively utilize AI tools such as machine learning, natural language processing, and anomaly detection systems achieve significantly higher levels of investigative efficiency and accuracy. This finding confirms that forensic accounting is increasingly transitioning from manual, sample-based auditing toward full-population, technology-driven analysis.
Organizational support was also found to have a statistically significant but comparatively weaker effect on fraud detection effectiveness (β = 0.22). This indicates that while institutional factors such as funding, training, leadership commitment, and infrastructure are important, they primarily function as enabling conditions that enhance or constrain the effectiveness of AI systems rather than independently driving outcomes.
The model’s high explanatory power (R² = 0.70) further demonstrates that AI adoption and organizational support jointly provide a strong framework for explaining variations in fraud detection effectiveness among Nigerian forensic accountants. This suggests that technological and institutional factors together account for a substantial proportion of investigative performance in forensic accounting practice.
Theoretically, the study validates the Fraud Triangle Theory by showing that AI significantly reduces the “opportunity” component of fraud through continuous monitoring and predictive analytics. It also supports Agency Theory, as AI reduces information asymmetry between principals and agents by enhancing transparency, oversight, and real-time monitoring capabilities. Overall, the study establishes that AI is not merely a supportive tool but a transformative force reshaping forensic accounting practice in Nigeria.
5.2	Limitation of the Study 
The study is limited by its use of a cross-sectional design, which restricts the ability to establish causal relationships over time. It relies on self-reported data, making the findings susceptible to response bias. The relatively small sample size and purposive sampling technique may also limit the generalizability of the results. Additionally, the study focuses only on AI adoption and organizational support, excluding other relevant factors that may influence fraud detection effectiveness. The use of perceptual measures instead of objective data further constrains accuracy, and the Nigeria-specific context may limit applicability to other regions.
5.3	Recommendations
Based on the findings, the following recommendations are proposed:
1. Strengthening AI Adoption in Forensic Practice
Forensic accounting firms, regulatory bodies, and public sector agencies such as the EFCC should prioritize the widespread adoption of artificial intelligence tools. Investment should focus on machine learning-based anomaly detection systems, natural language processing tools for document review, and robotic process automation for repetitive audit tasks. Given its strong effect size, AI adoption should be treated as a strategic priority rather than an optional enhancement.
2. Capacity Building and Professional Training
Professional bodies such as ICAN and ACCA should integrate AI-driven forensic accounting modules into their certification and continuing professional education programs. Regular training on data analytics, machine learning interpretation, and AI ethics should be mandated to ensure that practitioners possess the necessary digital competencies to effectively utilize emerging technologies.
3. Enhancement of Organizational Support Systems
Organizations should strengthen institutional support mechanisms by increasing budgetary allocation for forensic technology, improving access to modern digital infrastructure, and fostering leadership commitment to innovation. The study shows that inconsistent organizational support limits the full benefits of AI adoption; therefore, structured internal policies are required to ensure uniform implementation across departments.
4. Development of Regulatory and Ethical Frameworks
Regulatory bodies such as the Financial Reporting Council of Nigeria should develop comprehensive guidelines governing the use of AI in forensic accounting. These frameworks should address issues of algorithm transparency, data privacy, audit evidence reliability, and explainability of AI-generated conclusions to ensure legal admissibility in court proceedings.
5. Promotion of Explainable AI in Forensic Investigations
Forensic practitioners should adopt explainable AI (XAI) systems that allow audit trails and transparent decision-making processes. This is critical in ensuring that AI-generated outputs can be defended in legal and regulatory environments, thereby strengthening the credibility of forensic evidence.
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