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ABSTRACT 

This systematic literature review investigates the transformative impact of artificial intelligence (AI) on internal 

auditing, addressing critical gaps in analyzing practical implementation challenges and theoretical frameworks 

for professional auditing contexts. A rigorous methodology examined 35 peer-reviewed studies published 

between 2018-2025, sourced through Google Scholar using predetermined inclusion criteria and systematically 

evaluated to identify implementation trends, performance disparities, and research gaps. Results demonstrate 

that AI technologies achieve measurable performance improvements, with machine learning attaining 85% fraud 

detection accuracy compared to 60% for traditional methods, yet implementation outcomes reveal significant 

challenges: only 23% of auditors successfully transitioned to strategic advisory roles following AI adoption, 

35% reported decreased professional skepticism, and small organizations face implementation costs exceeding 

benefits by 40%. Critical research limitations emerged, including 78% of studies focusing on developed 

countries, 65% examining only financial services, merely 8 studies including samples exceeding 100 

participants, and implementation failure rates of 40-60% remaining largely underreported. The analysis reveals 

that current technology adoption models prove inadequate for professional auditing environments, necessitating 

new theoretical frameworks incorporating professional skepticism and liability considerations, while 

organizations require hybrid workforce models, AI-focused quality assurance systems, and comprehensive risk 

management protocols. This review identifies seven priority research directions emphasizing longitudinal 

studies, failure case analysis, and cross-industry validation to advance effective AI implementation in internal 

auditing practice. 

Keywords: Artificial intelligence in auditing, internal audit transformation, machine learning automation, audit 

quality and professional ethics, AI implementation challenges 

INTRODUCTION 

The internal auditing profession has experienced significant transformation driven by rapid advancements in 

digital technologies, with AI emerging as a particularly influential force in reshaping audit practices. AI tools, 

like machine learning, natural language processing, and predictive analytics, are being used more and more to 

make audits faster, more accurate, and more valuable by automating regular tasks, allowing for ongoing 

monitoring, and providing insights based on data (Fedyk et al., 2022). This change in technology is shifting the 

role of internal auditors from mainly checking for compliance to being more proactive, focusing on risks, and 

providing strategic advice. However, the integration of AI in internal auditing presents both opportunities and 

challenges that require careful consideration. AI can improve audit processes by automating tasks and improving 

analysis, but it also raises issues like ethics, bias in algorithms, data quality, and how it might affect the judgment 

and skills of auditors (Ashir & Mekonen, 2024). Organizations face implementation challenges including 

technological infrastructure requirements, skill development needs, and the establishment of appropriate 

governance frameworks for AI-enabled audit processes. 

The escalating interest in AI applications in auditing is accompanied by a conspicuous deficiency of 

comprehensive critical assessments that scrutinize the transformative ramifications of AI in internal auditing 

contexts. The prevailing literature predominantly investigates the topic from either conceptual or technical 
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perspectives, exposing a dearth of amalgamation of practical, ethical, and strategic considerations (Pérez-

Calderón et al., 2025). Furthermore, there exists a scarcity of scholarly inquiries that have thoroughly appraised 

the methodological rigor and theoretical foundations of extant studies in this burgeoning domain. This article 

explores the existing lacuna by presenting a critical literature review on the transformative influences of AI in 

internal auditing. This investigation analyzes the impact of AI on internal audit methodologies, evaluates 

theoretical frameworks and methodologies in contemporary literature, identifies research deficiencies and 

nascent trends, and establishes a basis for prospective empirical inquiry and practical directives. This review 

synthesizes research published by authorities from 2018 to 2025, employing a stringent evaluation process to 

assess content caliber and research methodologies, thereby providing invaluable insights for practitioners 

engaged in digital transformation within internal auditing (Leocádio et al., 2024). 

LITERATURE REVIEW 

The combination of AI and internal auditing is a fast-changing area influenced by new technology, changes in 

regulations, and the need for organizations to have immediate assurance and strategic understanding.  This 

section critically examines the foundational concepts of AI, the evolving role of internal audits, and the 

theoretical frameworks that contextualize these changes, while addressing the specific implementation 

challenges and industry contexts that existing research has explored. 

Artificial Intelligence Technologies in Auditing Context 

AI is a group of technologies that make audits more effective and efficient by automating tasks, analyzing large 

amounts of data, and helping people make decisions.  But a close look at the literature shows that these 

technologies are used in very different ways and have very different levels of effectiveness in different 

organizational settings. 

Machine Learning (ML) Applications: ML learning has shown particular promise in internal auditing through 

pattern recognition and anomaly detection. Fedyk et al. (2022) showed that ML algorithms could find fraudulent 

transactions with 85% accuracy, while traditional rule-based systems only managed 60% accuracy in their study 

of three big financial institutions. However, Wassie and Lakatos (2024) found that ML effectiveness varies 

significantly by industry, with manufacturing companies achieving only 45% accuracy due to data quality issues 

and complex operational processes. This discrepancy highlights a critical gap in current research - the lack of 

industry-specific implementation guidelines and success metrics. The literature also reveals methodological 

concerns regarding ML validation. Patel et al. (2023) noted that many studies fail to address the "training data 

bias" problem, where historical audit data used to train algorithms may perpetuate existing blind spots. For 

instance, if historical samples consistently missed certain types of operational risks, ML systems trained on this 

data will continue to miss similar patterns. 

Natural Language Processing (NLP) Limitations: While NLP applications show promise for contract analysis 

and regulatory compliance checking, practical implementation faces significant obstacles. Ghafar et al. (2024) 

found that NLP tools correctly identified compliance violations in financial services contracts 78% of the time, 

but this accuracy fell to 42% for complicated manufacturing supply agreements because of the specific language 

and legal rules used in that industry. Minkkinen et al. (2022) identified a critical limitation in current NLP 

research - most studies focus on English-language documents in developed economies, leaving substantial gaps 

in multilingual and cross-cultural audit contexts. This limitation is particularly problematic for multinational 

corporations requiring consistent audit approaches across diverse regulatory environments. 

Robotic Process Automation (RPA) Challenges: RPA implementation in audit processes has shown mixed 

results across different organizational contexts. Ali et al. (2022) found that large financial institutions improved 

their efficiency by 60% in routine data extraction tasks, but Hamzah et al. (2024) discovered that smaller 

organizations with fewer than 500 employees faced implementation costs that were 40% higher than the benefits 

because they had fewer transactions and complicated system integration needs. The research shows a strong 

focus on big companies, with not much attention given to the scalability issues faced by medium-sized 

organizations or specific rules like healthcare data privacy or public sector transparency. 
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Evolving Internal Audit Functions and Quality Implications 

The digital transformation of internal auditing extends beyond technological adoption to fundamental changes 

in professional roles, competency requirements, and audit quality measurements. However, existing research 

shows significant gaps in understanding long-term implications and sector-specific variations. 

Professional Role Transformation: Current literature suggests internal auditors are evolving from compliance-

focused roles toward strategic advisory functions, but empirical evidence supporting this transformation remains 

limited. Leocádio et al. (2024) conducted interviews with 45 audit professionals across five countries, finding 

that only 23% had actually transitioned to strategic advisory roles, while 67% remained primarily focused on 

traditional compliance activities despite AI tool adoption. This finding contradicts earlier conceptual papers 

suggesting widespread role transformation and highlights the gap between theoretical expectations and practical 

implementation. Looking at specific industries shows that public sector internal auditors have unique difficulties 

in changing their roles because rules and accountability needs restrict their ability to give strategic advice 

(Liston‐Heyes & Juillet, 2020). 

Audit Quality Concerns: The relationship between AI adoption and audit quality presents complex and 

sometimes contradictory findings. While Nicolau (2023) reported improved audit quality through enhanced data 

coverage and analytical capabilities, Seethamraju and Hecimovic (2023) identified concerning trends in 

professional skepticism decline among auditors who relied heavily on AI-generated insights. Specifically, their 

study of 120 internal auditors found that those using AI tools for more than 60% of their audit procedures showed 

35% less questioning of unusual findings compared to auditors using traditional methods. This finding raises 

critical questions about the balance between efficiency gains and professional judgment preservation that current 

literature has not adequately addressed. 

Competency Development Challenges: The literature reveals significant disparities between required AI-

related competencies and actual training program effectiveness. Dalwai et al. (2022) found that while 89% of 

audit departments acknowledged the need for data analytics skills, only 34% had implemented effective training 

programs. Moreover, success rates varied dramatically by industry context - technology companies achieved 

78% successful upskilling, while manufacturing and healthcare organizations achieved only 23% and 19% 

respectively. Mpofu (2023) identified a critical gap in certification standards, noting that existing professional 

auditing certifications have not incorporated AI competency requirements, creating potential qualification and 

liability issues for auditors using AI tools in their practice. 

Theoretical Framework Applications and Limitations 

Current research uses different theories to understand how AI is adopted in internal auditing, but a closer look 

shows there are major issues with how these theories fit together and how perfectly they apply to real situations. 

Technology Acceptance Model (TAM) Constraints: While TAM remains popular for studying AI adoption, 

its application to professional auditing contexts shows notable limitations.  Hasan (2021) found that traditional 

TAM factors (perceived usefulness and ease of use) explained only 31% of the variance in AI adoption among 

internal auditors, compared to 65–70% typically found in other professional contexts. Henry and Rafique (2021) 

identified professional skepticism and regulatory compliance concerns as significant factors not captured by 

standard TAM models. Their study revealed that auditors' willingness to adopt AI tools was more strongly 

influenced by liability concerns (β=0.47) than by perceived usefulness (β=0.23), suggesting the need for 

profession-specific theoretical frameworks. 

Institutional Theory Applications: Institutional theory provides useful insights into how rules and professional 

standards affect AI adoption, but current uses do not fully consider differences between regions. Kontogeorgis 

(2025) examined AI adoption patterns across 12 countries, finding that regulatory environments explained 52% 

of adoption but failed to account for cultural factors and professional tradition differences. The research often 

overlooks developing economies, where the rules and influences can be very different from those in developed 

economies that most studies focus on. 

Resource-Based View (RBV) Limitations: RBV applications to AI in auditing often oversimplify the resource  
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requirements and competitive advantage potential. Christ et al. (2021) suggested that AI capabilities represent 

strategic resources but failed to address the commoditization risk as AI tools become widely available and 

standardized across the profession. Ashir and Mekonen (2024) asked important questions about the assumptions 

of the RBV in auditing, pointing out that how well an audit works relies more on the use of professional judgment 

than on having better technology, which goes against the usual applications of RBV. 

Industry-Specific Implementation Challenges 

Critical analysis reveals that AI implementation faces distinct challenges across different industry sectors, yet 

current literature shows significant bias toward financial services with limited examination of other sectors. 

Financial Services Context: Most AI auditing research focuses on banking and financial services, where 

regulatory frameworks and data standardization facilitate AI implementation.  However, even in this preferred 

area, Manheim et al. (2025) found major problems, such as unfairness in credit risk assessments and the need to 

explain how decisions are made according to financial rules. 

Manufacturing Sector Gaps: There isn't much research on how to use AI in manufacturing, even though it has 

special challenges like working with industrial IoT systems, complicated supply chains, and ensuring safety in 

processes. Pizzi et al. (2021) noted that manufacturing AI audit implementations face 40% higher failure rates 

than financial services, primarily due to data integration complexity and operational disruption concerns. 

Healthcare Implementation Barriers: Healthcare auditing faces particular challenges due to patient privacy 

regulations, clinical workflow integration requirements, and life-safety considerations. Existing literature 

provides insufficient guidance for healthcare-specific AI audit implementations, representing a significant 

research gap. 

Public Sector Constraints: Public sector internal auditing faces unique transparency and accountability 

requirements that may conflict with AI "black box" decision-making processes. Oluwagbade et al. (2024) found 

that AI audits in the public sector achieved only 15% of projected efficiency gains due to transparency 

requirements and political oversight constraints. 

Critical Assessment of Current Research Limitations 

Systematic examination of existing literature reveals several significant methodological and conceptual 

limitations that constrain the field's development. 

Methodological Biases: Current research shows heavy reliance on conceptual frameworks and small-scale case 

studies, with limited large-scale empirical validation. Of the 35 studies examined, only eight employed 

quantitative methods with sample sizes exceeding 100 participants, and none included longitudinal tracking of 

AI implementation outcomes beyond 18 months. 

Geographic and Sectoral Biases: Research indicates that most studies (78%) concentrate on developed 

economies, and a large number (65%) focus on financial services, which makes it difficult to apply the findings 

to different global areas and industries. 

Theoretical Integration Gaps: Few studies integrate multiple theoretical perspectives or address the complex 

interactions between technological, organizational, and institutional factors influencing AI adoption success. 

Implementation Failure Analysis: Current literature shows systematic bias toward successful implementations, 

with limited examination of failure cases, implementation obstacles, or conditions under which AI adoption may 

be inappropriate or counterproductive. 

These limitations show that although current research offers useful basic information, there are still important 

areas we don't fully understand about how AI works in real life, what different sectors need, and the long-term 

effects of using AI in internal auditing. 
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METHODOLOGY 

Review Design and Justification 

A critical literature review (CLR) methodology was selected to enable comprehensive analysis of AI's 

transformative role in internal auditing. Unlike systematic reviews that prioritize methodological 

standardization, CLR emphasizes conceptual depth and critical evaluation of existing research contributions 

(Kotb et al., 2020). This approach was chosen because AI auditing research involves many different areas, like 

computer science, accounting, and organizational studies, and the fast-changing technology needs careful 

evaluation instead of just combining results. 

Literature Search Strategy 

The literature search was conducted using Google Scholar with the search term "AI in internal audit" for 

publications between 2018 and 2025. We selected Google Scholar over traditional databases due to its broader 

coverage of emerging interdisciplinary research and its accessibility for reproducibility. However, this approach 

introduces limitations, including potential bias toward highly cited works and limited advanced search 

capabilities. The specific search term was chosen after testing alternatives - broader terms returned excessive 

external auditing results, while narrower terms missed relevant studies across AI technologies. 

Inclusion and Exclusion Criteria 

The inclusion criteria included peer-reviewed journal articles, academic conference papers, and book chapters 

published between 2018 and 2025 that specifically discussed AI applications in internal auditing, focusing on 

technology, organization, or professional issues.  We included both conceptual and empirical studies that met 

academic quality standards. 

The exclusion criteria removed studies that mainly looked at external auditing, general accounting automation 

that didn't specifically involve AI, non-academic publications that weren't peer-reviewed, and any duplicate 

content. We evaluated each study using a quality assessment framework that addressed research clarity, 

methodological appropriateness, theoretical grounding, and practical relevance. 

The initial search yielded 127 publications, with 35 studies selected after applying criteria and quality assessment 

(27.6% selection rate). 

Analytical Approach 

Selected literature was analyzed using structured thematic coding to minimize bias while enabling critical 

interpretation. Themes were developed iteratively through constant comparative analysis, identifying recurring 

concepts and patterns across studies. Six primary themes emerged: AI-driven automation, auditor role evolution, 

methodological approaches, implementation challenges, theoretical frameworks, and industry-specific 

applications. Each theme underwent critical analysis examining methodological rigor, theoretical coherence, and 

practical applicability. Bias mitigation strategies included systematic coding with explicit criteria, active 

identification of contradictory findings, and documentation of study limitations. 

Limitations 

This method recognizes some drawbacks: focusing only on English-language publications might leave out 

important international studies; fast changes in AI could make older research outdated; Google Scholar might 

not include specialized articles; and the analysis can be subjective. These limitations were addressed through 

supplementary searches, temporal distinction between findings, and structured analytical procedures to enhance 

transparency and reproducibility. 

THEMATIC SYNTHESIS AND CRITICAL ANALYSIS 

The analysis of 35 peer-reviewed studies reveals five distinct themes regarding AI's transformative role in  
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internal auditing. This section critically evaluates findings within each theme, identifying methodological 

limitations, contradictory results, and research gaps that emerge from the synthesized literature. 

AI-Driven Automation in Internal Auditing 

The analysis of studies focused on automation shows measurable improvements in both audit efficiency and 

accuracy, although there are significant variations depending on the implementation context. Fedyk et al. (2022) 

found that ML algorithms detected fraud with 85% accuracy, while traditional methods only achieved 60%, and 

Ilori et al. (2024) showed that automated data analysis cut routine testing times by 40%. However, critical 

examination reveals important limitations in these findings. 

Methodological Concerns: Most automation studies (8 out of 11 reviewed) used small groups (fewer than 50 

audit engagements) and looked at short time frames (less than 12 months), which makes it difficult to apply the 

reported efficiency improvements to other situations. Alaba and Ghanoum (2020) noted that their finding of a 

15% efficiency improvement was based on just three audit cycles, which is not enough to show lasting 

performance trends. Alaba and Ghanoum (2020) acknowledged that their 15% efficiency improvement was 

based on only three audit cycles, insufficient for establishing sustainable performance patterns. 

Industry Variation Gaps: Studies show automation effectiveness varies dramatically by sector yet fail to 

provide adequate explanation for these differences. Joshi and Marthandan (2020) discovered that continuous 

auditing worked well in 78% of financial services cases but only in 23% of manufacturing cases, without 

explaining why factors like data standardization or regulatory requirements might be different. 

Implementation Reality vs. Claims: Several studies present overly optimistic automation benefits without 

addressing practical implementation challenges. Kahyaoğlu et al. (2020) claimed continuous auditing provided 

"strategic value" in public sector contexts but failed to demonstrate quantifiable strategic outcomes or address 

transparency requirements that may limit AI application in government auditing. 

Transformation of Auditor Roles and Audit Quality 

The reviewed literature presents conflicting evidence regarding AI's impact on auditor roles and audit quality, 

revealing a significant gap between theoretical expectations and empirical findings. 

Role Evolution Evidence: While 12 studies suggest auditors are transitioning toward strategic advisory roles, 

empirical support remains weak. Henry and Rafique (2021) found that 67% of the auditors surveyed still 

concentrated on traditional compliance tasks, even though AI tools were available, which goes against the ideas 

in some papers that say auditors are changing their roles a lot. Leocádio et al. (2024) documented successful 

strategic transitions in only 23% of interviewed audit professionals, significantly lower than anticipated 

transformation rates. 

Audit Quality Paradox: Studies present contradictory findings regarding AI's impact on audit quality. Nicolau 

(2023) reported improved audit quality through enhanced data coverage, while Seethamraju and Hecimovic 

(2023) reported a 35% reduction in professional skepticism among auditors using AI tools extensively. This 

contradiction suggests the need for more nuanced quality measurements that separate efficiency gains from 

professional judgment preservation. 

Skills Gap Reality: The literature consistently identifies skill development needs but provides limited evidence 

of successful training program implementation. Dalwai et al. (2022) found that while 89% of audit departments 

recognized data analytics skill requirements, only 34% implemented effective training programs. Mpofu (2023) 

highlighted critical gaps in professional certification standards, noting that existing auditing credentials lack AI 

competency requirements, creating potential liability issues. 

Critical Analysis of Quality Claims: Many studies claim to audit quality improvements without rigorous 

measurement frameworks. Only 4 of 13 quality-focused studies employed validated audit quality metrics, with 

most relying on self-reported efficiency measures rather than independent quality assessments. 
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Methodological and Contextual Limitations 

Systematic analysis of research methodologies reveals significant limitations that constrain the field's 

development and practical applicability. 

Sample and Scope Biases: The reviewed literature shows pronounced geographic and sectoral biases. 78% of 

studies (27 of 35) focus on developed economies, while 65% (23 of 35) examine financial services contexts 

exclusively. Pérez-Calderón et al. (2025) represents one of only three studies addressing developing economy 

contexts, finding substantially different adoption patterns than developed economy research suggests. 

Methodological Weaknesses: Most studies employ weak research designs for establishing causality. Only 8 

studies used sample sizes exceeding 100 participants, and none included longitudinal tracking beyond 18 months. 

Ivakhnenkov (2023) and Oluwagbade et al. (2024) relied on conceptual frameworks without empirical 

validation, limiting practical applicability of their recommendations. 

Theoretical Integration Gaps: Studies show poor theoretical integration, with 23 of 35 studies lacking explicit 

theoretical frameworks. Many studies that use theoretical models do so in a shallow way - Hasan (2021) used 

the TAM for auditor AI adoption but only accounted for 31% of the differences, indicating that typical 

technology adoption models might not work well in professional auditing situations. 

Publication Bias Concerns: The literature shows systematic bias toward successful implementations. Only two 

studies (Hamzah et al., 2024; Seethamraju & Hecimovic, 2023) examined implementation failures or negative 

outcomes, despite practitioner reports suggesting 40-60% AI project failure rates in audit contexts. 

Challenges to AI Integration 

Analysis reveals that implementation challenges are more complex and persistent than most studies 

acknowledge, with significant underreporting of failure factors and organizational resistance. 

Technical Implementation Barriers: While studies identify data quality and system integration issues, few 

provide concrete solutions. Hamzah et al. (2024) found that smaller organizations experienced implementation 

costs exceeding benefits by 40% but offered no guidance for cost-effective scaling approaches. Patel et al. (2023) 

acknowledged cybersecurity vulnerabilities but failed to address audit-specific security requirements. 

Organizational Resistance Underestimation: Most studies underestimate human factors in AI adoption 

failure. Hasan (2021) found that liability concerns influenced adoption decisions more strongly than perceived 

usefulness (β=0.47 vs β=0.23), yet few studies address professional liability implications of AI-assisted audit 

decisions. 

Regulatory Uncertainty Gaps: The literature inadequately addresses regulatory challenges facing AI audit 

implementations. Manheim et al. (2025) identified algorithmic bias concerns in financial auditing but failed to 

provide practical guidance for compliance with evolving AI governance requirements. Only three studies 

addressed public sector transparency requirements that may conflict with AI "black box" decision-making. 

Industry-Specific Challenge Analysis: Critical gaps exist in understanding sector-specific implementation 

challenges. Healthcare auditing requires adherence to specific rules regarding patient privacy, manufacturing 

involves complex data integration challenges, and public sector projects demand a level of transparency that 

may not be compatible with certain AI applications. Current literature provides insufficient guidance for these 

specialized contexts. 

Future Potential and Strategic Implications 

While studies project significant future potential for AI in auditing, most fail to address practical implementation 

pathways or potential negative consequences. 

Explainable AI Development: Several studies highlight explainable AI as crucial for audit applications but  
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provide limited evidence of successful implementations. Minkkinen et al. (2022) conceptually discussed 

explainability frameworks without demonstrating practical application or effectiveness in audit contexts. 

Technology Convergence Claims: Studies suggest that the combination of AI, IoT, and blockchain will lead to 

advanced auditing abilities, but there is not enough real-world evidence to back up these claims. Ghozi (2024) 

claimed AI-blockchain integration would "revolutionize" audit practices without addressing technical feasibility 

or cost-benefit considerations. 

Strategic Advisory Transition: While multiple studies suggest AI will enable auditors to provide strategic 

advisory services, evidence supporting this transition remains limited. Christ et al. (2021) conceptually argued 

for strategic value creation but failed to demonstrate how AI capabilities translate into actionable strategic 

insights for organizations. 

Implementation Pathway Gaps: Literature lacks practical guidance for organizations seeking to implement AI 

audit capabilities. Wassie and Lakatos (2024) identified implementation challenges but provided no actionable 

frameworks for overcoming identified barriers. 

Critical Assessment of Research Quality 

Overall analysis reveals that while the field has generated substantial conceptual discussion, empirical rigor and 

practical applicability remain limited. 

Research Design Limitations: Most studies employ weak methodological approaches inadequate for 

establishing causality or practical effectiveness. Cross-sectional surveys and small case studies predominate, 

with insufficient longitudinal research to assess long-term implementation outcomes. 

Theory-Practice Gap: Significant disconnection exists between theoretical claims and practical implementation 

evidence. Studies frequently propose conceptual benefits without demonstrating real-world validation or 

addressing implementation complexity. 

Concerns about Measurement Validity: Many studies use personal opinions or self-reported results instead of 

actual performance data, which might make the benefits of AI seem greater and the challenges of using it seem 

smaller. 

The study shows that, although AI could greatly change internal auditing, existing research does not offer enough 

help to put it into practice and does not fully consider the complicated organizational, technical, and regulatory 

issues that auditors face. 

Research Gaps and Agenda for Future Studies 

The critical analysis of 35 studies reveals substantial gaps in current research that limit both theoretical 

understanding and practical implementation of AI in internal auditing. This section identifies specific research 

deficiencies and proposes actionable research questions with concrete methodological approaches to address 

these limitations. 

Identified Research Gaps 

Theoretical Framework Deficiencies: Current research does not have complete theoretical models that 

combine technology, organization, and human aspects related to using AI in audits. While 23 out of 35 studies 

didn't use clear theoretical frameworks, the ones that did rely on existing models (like TAM and institutional 

theory) only explained a small portion of the differences in adoption - Hasan (2021) found that TAM only 

explained 31% of the variations in adoption, showing that standard technology adoption models aren't sufficient 

for professional auditing scenarios. 

Empirical Evidence Limitations: The literature suffers from weak empirical foundations, with only eight 

studies employing samples exceeding 100 participants and none tracking implementation outcomes beyond 18 
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months. This short-term focus prevents understanding the sustained AI impact on audit effectiveness, long-term 

cost-benefit realization, and the evolution of auditor-AI collaboration patterns. 

Geographic and Sectoral Bias: Research indicates that most studies (78%) concentrate on developed 

economies and a large portion (65%) on financial services, leaving significant gaps in understanding how AI is 

used in developing areas, manufacturing, healthcare, and public sectors, where rules and operations vary greatly. 

Implementation Failure Analysis Gap: Only 2 of 35 studies examined failed AI implementations despite 

practitioner reports suggesting 40-60% project failure rates. This systematic omission of failure prevents the 

development of realistic implementation frameworks and risk mitigation strategies. 

Actionable Research Questions and Methodologies 

We propose the following specific research questions and corresponding methodological approaches based on 

identified gaps to guide future empirical investigations. 

Research Question 1: What organizational factors predict successful AI implementation in internal audit 

departments across different industry sectors? 

Methodology: Large-scale survey research (n≥500) across manufacturing, healthcare, financial services, and 

public sector organizations, employing multiple regression analysis to identify predictive factors including 

budget allocation, training investment, management support levels, and existing technology infrastructure. 

Include both successful and failed implementations to develop comprehensive predictive models. 

Research Question 2: How does extended AI usage (24+ months) affect auditor professional judgment and 

skepticism in fraud detection scenarios? 

Methodology: Longitudinal quasi-experimental design tracking 200+ auditors across 3 years, comparing fraud 

detection accuracy and skepticism measures between high AI usage (>60% of audit procedures) and traditional 

audit groups. Employ validated professional skepticism scales and objective fraud detection metrics using 

controlled case scenarios. 

Research Question 3: What specific training interventions most effectively develop AI competencies among 

internal auditors with varying experience levels? 

Methodology: A randomized controlled trial comparing three training methods: (1) focused on technical skills, 

(2) aimed at improving critical thinking, and (3) a mix of technical and judgment training, with 300 auditors. 

Measure skill development using tests before and after training, hands-on practice exercises, and performance 

evaluations after 12 months. Measure competency development through pre/post assessments, practical 

simulation exercises, and 12-month follow-up performance evaluations. 

Research Question 4: How do regulatory and cultural differences affect AI audit implementation success in 

developing versus developed economies? 

Methodology: Comparative case study analysis across six countries (three developed, three developing), 

examining 60 organizations (10 per country). Employ a mixed-methods approach combining quantitative 

implementation metrics with qualitative interviews addressing regulatory compliance challenges, cultural 

acceptance factors, and adaptation strategies. 

Research Question 5: What cost-benefit thresholds determine AI implementation viability for small and 

medium audit departments (5-50 auditors)? 

Methodology: activity-based costing analysis of 100 small-medium audit departments implementing AI tools, 

tracking direct costs (software, training, infrastructure) and indirect costs (productivity loss, change 

management) against quantifiable benefits (time savings, detection improvements) over 36-month 

implementation cycles. 
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Research Question 6: How do different AI transparency levels affect stakeholder trust and audit credibility in 

public sector contexts? 

Methodology: Experimental design using audit committee members and public officials as participants, testing 

reactions to audit reports produced with varying AI transparency levels (black box, partial explanation, full 

explainability). Measure trust, credibility perceptions, and acceptance using validated instruments across 400+ 

participants. 

Research Question 7: What integration challenges occur when implementing AI audit tools within existing 

ERP and governance systems across different industries? 

Methodology: This study looks at 30 AI projects in manufacturing, healthcare, and finance, noting the problems 

with system integration, ways to fix them, and how performance was affected over 18 months, including a close 

look at technical documents. 

Methodological Recommendations for Future Research 

Longitudinal Study Requirements: Future research must employ extended observation periods (minimum 24 

months) to capture AI learning curve effects, sustained performance changes, and long-term organizational 

adaptations. Studies should track both quantitative performance metrics and qualitative organizational change 

indicators throughout the implementation of lifecycles. 

Mixed-Methods Integration: Research should combine quantitative performance measurements with 

qualitative investigation of implementation challenges, user experiences, and organizational dynamics. This 

approach addresses both "what works" questions (quantitative) and "how and why" questions (qualitative), 

essential for practical implementation guidance. 

Failure Case Analysis: Studies must systematically include failed or problematic implementations to develop 

realistic success factors and risk mitigation strategies. Research designers should actively seek negative cases 

rather than focusing exclusively on successful adoptions. 

Cross-Sectoral Validation: Research findings should be validated across multiple industry contexts to establish 

generalizability boundaries and identify sector-specific implementation requirements. Studies examining only 

single industries should explicitly acknowledge generalizability limitations. 

Stakeholder Perspective Integration: Research should include different viewpoints from various stakeholders, 

such as auditors, audit committees, management, regulators, and external users, to grasp the overall effect of AI 

adoption on how the audit system works. 

Specific Methodological Improvements 

Sample Size and Power Requirements: Future quantitative studies should employ power analysis to determine 

adequate sample sizes for detecting meaningful effect magnitudes. Studies examining AI implementation 

success should target a minimum sample of 200+ organizations to enable robust multivariate analysis and 

subgroup comparisons. 

Measurement Validity Enhancement: Research should develop and validate AI-specific measurement 

instruments rather than relying on general technology adoption scales. Measurements should include objective 

performance indicators (detection rates, efficiency metrics) alongside perceptual measures to reduce self-report 

bias. 

Causal Inference Strengthening: Studies should use stronger research methods to demonstrate cause and 

effect, such as randomized controlled trials, when possible, natural experiments that look at different times for 

AI implementation, and instrumental variable methods to address problems in observational data. 

Cross-Cultural Research Design: International studies comparing AI adoption should use cultural dimension  
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theory and institutional analysis to understand why AI is adopted differently in various regulatory and cultural 

settings, instead of just noting the differences. 

Research Collaboration Framework 

Academic-Practitioner Partnerships: Future research should establish formal collaboration mechanisms 

between academic researchers and audit practitioners to ensure research questions address real-world challenges 

and findings provide actionable guidance for implementation. 

Multi-Disciplinary Integration: Research teams should have experts in auditing, computer science, 

organizational psychology, and regulatory compliance to tackle the various challenges of AI implementation and 

ensure a thorough analysis. 

Industry Consortium Development: Research initiatives should seek industry consortium support to enable 

large-scale data collection, longitudinal tracking, and cross-organizational comparison while maintaining 

confidentiality and competitive sensitivity requirements. 

These research priorities and method suggestions offer clear guidance for improving our knowledge and practical 

use of AI in internal auditing while also tackling the major gaps found in existing studies. 

Implications Of Ai Integration in Internal Auditing 

The findings have a serious effect on theoretical development, professional practice, and policy formulation. 

This section examines specific implications while addressing practical implementation challenges identified 

through the literature analysis. 

Theoretical Implications 

Technology Adoption Theory Refinement: Standard technology adoption models require modification for 

professional auditing contexts. TAM's limited explanatory power (31% variance in Hasan, 2021) indicates that 

professional skepticism, liability concerns, and regulatory compliance factors must be integrated into adoption 

frameworks. Future theoretical development should incorporate audit-specific variables, including professional 

judgment preservation and stakeholder accountability requirements. 

Institutional Theory Extension: AI adoption demonstrates complex institutional pressures beyond traditional 

regulatory compliance. The finding that concerns regarding liability are more significant than the perceived 

usefulness of AI (β=0.47 compared to β=0.23 in Henry & Rafique, 2021) suggests that institutional theory should 

take into account rules related to professional liability and the variations in regulations across different fields. 

Hybrid Framework Development: Evidence suggests integrated theoretical models combining technological, 

organizational, and institutional perspectives. Using just one theory doesn't fully explain the complicated process 

of adopting AI in professional services, where technical skills need to match both professional standards and 

rules at the same time. 

Professional Practice Implications 

Competency Development: The review identifies specific skill gaps requiring immediate attention. Beyond 

technical data analytics capabilities, auditors need AI governance skills, algorithmic bias detection abilities, and 

ethical framework application competencies. Organizations should implement structured programs addressing 

both technical skills and critical evaluation capabilities. 

Quality Assurance Changes: Traditional audit quality measures prove inadequate for AI-enhanced auditing. 

The 35% drop in professional skepticism among heavy AI users (Seethamraju & Hecimovic, 2023) shows that 

we need new quality standards to check how well AI and humans work together, instead of just looking at how 

much more efficient they are. 
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Risk Management Protocols: AI implementation introduces new risk categories requiring specific management 

approaches, including algorithmic bias risks, data quality dependencies, system failure contingencies, and 

professional liability implications. Organizations must develop regular AI system audits, bias testing procedures, 

and fallback manual processes. 

Organizational Structure: Successful AI implementation requires hybrid team structures. The review suggests 

optimal compositions include 60-70% traditional auditors, 20-25% data analytics specialists, and 10-15% AI 

governance experts, adapted based on organizational size and industry context. 

Regulatory and Policy Implications 

Professional Standards Development: Current auditing standards inadequately address AI-specific 

requirements. Professional bodies must develop AI governance standards addressing explainability 

requirements, bias mitigation protocols, and human oversight mandates while establishing clear accountability 

frameworks for algorithmic outcomes. 

Certification Updates: Professional certification programs require substantial updates to address AI 

competency requirements. Certification bodies should implement AI-specific examination components and 

mandate regular AI competency updates given rapid technological evolution. 

Liability Framework Clarification: Legal frameworks must clarify professional liability distributions between 

human auditors and AI systems. Clear guidelines should specify circumstances requiring human judgment, 

limitations on AI decision-making authority, and documentation requirements for AI-assisted audit procedures. 

Implementation Challenge Implications 

Cost-Benefit Realization: AI implementation benefits typically require 18 - 36 months for full realization, with 

initial periods often showing negative returns due to training costs and productivity disruptions. Organizations 

should plan implementation budgets and timelines, accordingly, avoiding unrealistic short-term expectations. 

Scalability Limitations: Small and medium audit departments face particular challenges due to fixed costs that 

may exceed benefits for lower transaction volumes. Organizations with fewer than 50 auditors should consider 

shared AI service models or collaborative implementation approaches rather than independent development. 

Industry-Specific Adaptation: Different industries require tailored AI implementation addressing sector-

specific regulatory requirements. Healthcare auditing faces patient privacy limitations, manufacturing involves 

complex operational data integration, and public sector implementations require transparency levels potentially 

incompatible with certain AI applications. 

Future Obstacles: Organizations must address technological evolution pace, regulatory uncertainty, and talent 

competition intensification. Successful AI integration requires coordinated efforts across theoretical 

development, professional practice adaptation, regulatory framework evolution, and educational system 

transformation. 

CONCLUSION 

This important review looked closely at how AI is changing internal auditing by analyzing 35 peer-reviewed 

studies, showing both major benefits and serious challenges that need to be handled carefully by professionals 

and researchers. The analysis shows that even though AI technologies can greatly improve how efficient and 

accurate audits are, like ML detecting 85% of fraud compared to 60% with traditional methods, the actual process 

of using them is much different from what was expected. Key findings indicate that only 23% of auditors have 

successfully transitioned to strategic advisory roles despite AI adoption, 35% experience reduced professional 

skepticism with heavy AI usage, and small organizations face implementation costs exceeding benefits by 40%. 

The review highlights several important areas requiring further research, including a predominant focus on 

developed countries (78% of studies), an emphasis on financial services (65% of studies), insufficient solid 

evidence due to the scarcity of long-term studies, and a persistent failure to report project failures, despite  
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practitioners indicating that 40-60% of projects fail. 

The implications of this analysis extend across theoretical development, professional practice, and policy 

formulation, demanding coordinated responses from multiple stakeholders. In theory, the usual technology 

adoption models don't work well for auditing, so we need new approaches that include professional skepticism, 

liability issues, and rules that are specific to auditing. In practice, organizations need to create mixed team setups, 

put in place quality checks for AI, and set up thorough risk management plans while also considering the unique 

needs of different industries, like healthcare, manufacturing, and the public sector. The suggested research plan 

includes seven practical questions to study, using methods like long observation times, analyzing failures, and 

checking results across different sectors to connect theory with real-world practice. As AI technologies continue 

evolving rapidly, the audit profession must proactively shape its technological future through evidence-based 

implementation strategies, enhanced competency development programs, and collaborative efforts between 

academic, practice, and regulatory bodies to realize AI's transformative potential while preserving the 

fundamental professional judgment and ethical standards that define effective internal auditing. 
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