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ABSTRACT 

The rapid integration of machine learning (ML) and artificial intelligence (AI) into audit practice has generated 

growing scholarly interest in their implications for audit quality. This narrative review synthesizes 49 peer-

reviewed articles sourced from the Web of Science (WoS) database, spanning 2010 to 2026, to critically examine 

how ML adoption shapes audit quality across diverse institutional and organizational contexts. Drawing on 

institutional theory and the socio-technical systems framework, this study proposes an integrative conceptual 

framework that positions five independent variables: institutional pressures, technological capabilities, strategic 

orientation, ethical frameworks, and AI autonomy level, as antecedents of audit quality, mediated by trust, 

legitimacy, and decision rights, and moderated by governance mechanisms, organizational culture, and 

institutional environment. The review reveals that whilst ML meaningfully enhances misstatement detection, 

risk stratification, and processing efficiency, persistent concerns remain regarding auditor over-reliance, 

algorithmic opacity, accountability displacement, and professional de-skilling. These findings carry significant 

implications for standard-setters, audit practitioners, and researchers seeking to govern AI responsibly within 

the auditing profession. 

Keywords: Machine learning, audit quality, artificial intelligence, digital auditing, professional skepticism 

INTRODUCTION 

The auditing profession is undergoing a profound structural transformation driven by the adoption of ML and 

AI technologies. What was once a labor-intensive, judgment-dependent process is increasingly supported, and 

in some instances partially supplanted by algorithms capable of processing vast transactional datasets, 

identifying anomalous patterns, and generating risk assessments with a speed and scale unattainable by human 

auditors alone (Jones & Free, 2026; Fedyk et al., 2022). Landmark empirical studies have demonstrated the 

capacity of ML models to predict material misstatements (Parker et al., 2025), classify financial restatements 

(Hayes & Boritz, 2021), and assess going concern risk (Gu et al., 2026) with accuracy that rivals or exceeds 

traditional audit approaches. The proliferation of generative AI tools, including large language models (LLMs), 

further extends these capabilities into unstructured data analysis and client inquiry responses (Tapis et al., 2026; 

Lu et al., 2025), portending a fundamental redefinition of what audit quality means in a digitally mediated 

environment. 

Yet the growing body of literature on ML and audit quality remains theoretically fragmented, geographically 

concentrated, and insufficiently critical. Many extant studies privilege technical performance metrics: detection 

accuracy, precision-recall rates, over the organizational, institutional, and ethical conditions that determine 

whether algorithmic capabilities genuinely translate into improved audit outcomes (Alkhatib et al., 2026; Dos 

Santos & Dos Santos, 2025). Critical questions regarding auditor over-reliance on AI recommendations 

(Commerford et al., 2022), the erosion of professional skepticism, and the opacity of black-box models have 

received comparatively scant theoretical attention. Furthermore, the bulk of empirical evidence is concentrated 

in large, technologically advanced audit markets, notably the United States and China, leaving significant gaps 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/
https://doi.org/10.51244/IJRSI.2026.1306000006


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VI June 2026 

Page 66 
www.rsisinternational.org 

 
 

    

 

in understanding how ML adoption unfolds in emerging economies and specialized audit contexts such as 

Islamic finance (Raza et al., 2026; Benhayoun et al., 2025). Against this backdrop, the present narrative review 

pursues four objectives: (1) to critically synthesize the mechanisms through which ML influences audit quality; 

(2) to theorize the mediating and moderating conditions that shape this relationship; (3) to identify 

methodological and thematic gaps in the extant literature; and (4) to propose a conceptual framework that can 

guide future empirical inquiry. By situating ML adoption within broader institutional and organizational 

frameworks, this review seeks to move beyond techno-optimistic accounts and offer a more nuanced appraisal 

of AI's transformative potential in auditing. 

LITERATURE REVIEW 

Theoretical Foundations 

Two theoretical traditions provide the scaffolding for this review. Institutional Theory, particularly its neo-

institutional variant (DiMaggio & Powell, 1983), explains why audit firms adopt ML technologies not merely 

for efficiency gains but in response to coercive, normative, and mimetic isomorphic pressures emanating from 

regulators, professional bodies, and industry peers. Regulatory mandates from bodies such as the Public 

Company Accounting Oversight Board (PCAOB) and international standard-setters create coercive pressures to 

demonstrate technological competence, whilst the actions of Big Four firms generate mimetic pressures that 

propagate ML adoption across the profession (Law & Shen, 2024; Hope et al., 2025). Complementing this, the 

Socio-Technical Systems (STS) framework (Trist & Bamforth, 1951) foregrounds the interdependence of 

technological and human elements in organizational systems. Applied to auditing, STS theory cautions against 

privileging algorithmic capability over the social and professional dimensions of audit practice: auditor 

judgment, relational trust with clients, and ethical responsibility, suggesting that audit quality is a jointly 

produced outcome of human-machine collaboration rather than a purely technical achievement (Alkhatib et al., 

2026; MacTavish et al., 2026). 

Collectively, these frameworks reorient the research question away from “does ML improve audit quality?” 

towards the more nuanced inquiry: “under what institutional, organizational, and relational conditions does ML 

adoption lead to enhanced audit quality?” This reorientation motivates the conceptual framework developed in 

a subsequent section. 

ML Applications in Auditing 

The literature documents a diverse and rapidly expanding range of ML applications across the audit lifecycle. In 

the risk assessment phase, supervised learning algorithms, including logistic regression, random forests, gradient 

boosting, and support vector machines, have demonstrated strong predictive validity in identifying misstatement-

prone accounts and client-specific fraud indicators. Parker et al. (2025) reported that gradient-boosting models 

trained on financial statement data significantly outperform traditional risk models in predicting material 

misstatements, whilst Hunt et al. (2021) showed that ML-generated misstatement probability scores 

systematically influence auditor effort allocation, suggesting that algorithmic risk signals are increasingly 

embedded in audit planning workflows. Similarly, Jiang and Jones (2018) demonstrated the superior predictive 

accuracy of ML models for corporate distress prediction compared with conventional discriminant analysis. 

In the area of fraud and creative accounting detection, ML approaches have proven particularly valuable for 

processing complex, high-dimensional datasets that exceed the cognitive capacity of human reviewers. Tieu and 

Tran (2026) integrated the fraud triangle framework with ML classifiers to detect financial misstatements in an 

emerging-market context, achieving high classification accuracy whilst noting that model performance varied 

significantly across industry sectors. Blue et al. (2025) likewise developed an ML-based model for predicting 

creative accounting in emerging economies, concluding that ensemble methods outperform traditional heuristic 

approaches. Sanchez-Medina et al. (2019) applied AI to assess whether auditors faithfully reflect organizational 

reality, rather than client interests, revealing systematic patterns of reporting bias amenable to algorithmic 

detection. 
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At the level of audit opinion and going concern assessment, recent studies highlight both the promise and the 

complexity of human-AI collaboration. Gu et al. (2026) demonstrated that the synergistic integration of ML 

predictions with auditor judgment yields superior going concern assessments compared to either source alone, a 

finding that underscores the complementarity, rather than substitutability, of human and algorithmic inputs. Lu 

et al. (2025) advanced this theme by proposing a dual-model LLM agent framework for audit opinion prediction, 

leveraging the conversational and reasoning capabilities of large language models to navigate unstructured audit 

evidence. These developments signal a nascent yet consequential shift from ML as a back-office efficiency tool 

to ML as a front-end decision-support system, with direct implications for audit quality. 

ML Adoption and Audit Quality: Direct Effects 

Empirical evidence on the direct relationship between ML adoption and audit quality is substantial but mixed. 

On the positive side, Fedyk et al. (2022) documented that audit firms deploying AI tools exhibit lower 

restatement rates and smaller absolute discretionary accruals, which they interpret as evidence of quality 

enhancement driven by improved risk coverage and analytical precision. Rahman et al. (2024) corroborated these 

findings in a Chinese context, demonstrating that both audit firm-level and client-level AI adoption are associated 

with reduced audit fees and shorter audit lag, consistent with efficiency gains that do not compromise detection 

capability. Tan et al. (2025) extended this analysis to examine client-side AI applications, finding that clients 

with advanced AI infrastructure receive higher-quality audits due to improved data environments and reduced 

information asymmetry. 

Conversely, a strand of the literature raises serious reservations about whether technological capability 

automatically translates into improvements in audit quality. Commerford et al. (2022), in a seminal experimental 

study, demonstrated that auditors exhibit a troubling propensity to defer to AI-generated complex estimates, 

particularly when those estimates are presented with high confidence, undermining the professional skepticism 

that is foundational to audit quality. This finding is consistent with broader concerns about automation bias, the 

tendency to uncritically accept algorithmically generated outputs, which has been documented across numerous 

professional domains. Fotoh and Lorentzon (2023) adopted an explicitly critical perspective, arguing that audit 

digitalization may widen rather than narrow the audit expectation gap by creating an impression of infallibility 

that clients and investors attribute to AI-enhanced audits, thereby escalating expectations beyond what any audit 

process can reliably deliver. 

Contextual and Institutional Influences 

The relationship between ML adoption and audit quality is demonstrably conditioned by contextual factors. 

Organizational readiness, encompassing technological infrastructure, human capital capabilities, and leadership 

commitment, emerges as a critical enabler of effective ML deployment. Hu et al. (2020) identified organizational 

readiness and top management support as the most significant facilitators of the adoption of AI-enabled auditing 

techniques, using a fuzzy-rough set methodology to capture the inherent imprecision in organizational capability 

assessments. Benhayoun et al. (2025) reported that auditors in emerging economies face acute readiness 

constraints, with deficits in data infrastructure, digital literacy, and regulatory clarity collectively impeding the 

quality-enhancing potential of AI adoption. These findings echo Abu Huson et al. (2024), whose bibliometric 

analysis identified institutional environment as a key boundary condition moderating the IT-audit quality 

relationship across jurisdictions. 

Regulatory and governance frameworks constitute another critical moderating layer. Khan et al. (2025) 

examined AI adoption, audit quality, and integrated financial reporting in Gulf Cooperation Council (GCC) 

markets, finding that the quality-enhancing effects of AI adoption are stronger in contexts with robust regulatory 

oversight and mandatory integrated reporting requirements. This finding aligns with institutional theory's 

predictions that coercive pressures amplify the quality signals associated with technological adoption. 

Conversely, in environments characterized by regulatory ambiguity, as documented by Sawaya et al. (2026) in 

emerging economy audit markets, the adoption of AI for consolidated financial statement audits may generate 

surface-level efficiency gains without commensurately improving substantive audit quality. Cultural and 

organizational dimensions are equally salient: Seethamraju and Hecimovic (2023) found that audit firm culture, 
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specifically the degree to which senior partners champion experimentation and tolerate failure, substantially 

influences both the pace and depth of AI adoption. 

Specialized and Emerging Contexts 

A meaningful subset of the literature addresses ML and audit quality in specialized or underexplored contexts, 

complicating and enriching the dominant narrative. In Islamic finance, Raza et al. (2026) conducted a pioneering 

study examining how AI can reimagine the effectiveness of internal Shariah audits in the Malaysian context, 

arguing that ML tools capable of processing large volumes of Shariah-compliance transactions hold 

transformative potential for an audit function historically constrained by limited human expertise and manual 

documentation. However, the authors cautioned that the values-laden nature of Shariah compliance, which 

requires interpretive judgment grounded in fiqh al-muamalat rather than purely algorithmic pattern recognition, 

means that AI adoption must be carefully governed to preserve the integrity and legitimacy of the Shariah audit 

function. This argument extends the STS framework to a culturally specific domain, highlighting the inadequacy 

of technologically deterministic accounts that overlook the normative and relational dimensions of professional 

audit contexts. 

The COVID-19 pandemic provided a natural experiment that accelerated AI adoption and exposed its 

implications for quality amid institutional disruption. Albitar et al. (2020) documented significant declines in 

audit quality during the early pandemic period, attributing these declines in part to the abrupt shift to remote 

auditing, which constrained physical evidence-gathering procedures. Grassa et al. (2022) provided a practitioner 

perspective from the UAE, with auditors reporting that digital audit tools partially compensated for physical 

access limitations but that the quality of substantive testing deteriorated due to data reliability concerns and 

reduced client cooperation. The public sector context has received comparatively limited attention: Aslan (2021) 

argued that the evolving competency requirements of public auditors, increasingly encompassing data analytics 

and AI literacy, pose a structural challenge for audit institutions that have been slow to develop the human capital 

needed to leverage ML technologies effectively. 

Critical Perspectives and Research Gaps 

Notwithstanding the substantial body of evidence reviewed above, several critical gaps and conceptual tensions 

merit explicit recognition. First, the overwhelming concentration of empirical studies in the United States, China, 

and Western European markets creates a significant geographic bias in current knowledge. The institutional, 

cultural, and infrastructural conditions that characterize emerging and developing economies, where audit quality 

deficits may be most consequential for investor protection and economic development, remain insufficiently 

understood. Second, methodological homogeneity constrains theoretical advance: the majority of empirical 

studies rely on archival financial data and quantitative ML models, leaving qualitative dimensions of the human-

AI audit relationship, including auditors' phenomenological experience of working with AI, client perceptions 

of AI-enhanced audits, and the social construction of algorithmic authority, largely unexplored. Third, ethical 

dimensions of ML in auditing remain underdeveloped. Questions of algorithmic fairness, model explainability, 

data governance, and the professional responsibility of auditors for ML-generated outputs have received growing 

attention in adjacent disciplines but have only recently begun to penetrate the auditing literature (MacTavish et 

al., 2026; Fotoh & Lorentzon, 2023). Fourth, longitudinal studies tracking how the quality implications of ML 

adoption evolve over time, as models are retrained, regulatory requirements mature, and auditor competencies 

develop, are virtually absent from the literature. 

Proposed Conceptual Framework 

Drawing on the theoretical and empirical review above, this study proposes an integrative conceptual framework 

that positions ML adoption as a multidimensional organizational phenomenon whose effects on audit quality are 

neither direct nor uniform but are mediated by relational and institutional mechanisms and moderated by 

contextual boundary conditions. Table 1 summarises the framework variables, and Figure 1 presents the 

proposed model. 
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Table 1: Summary of Conceptual Framework Variables 

Role Variable Description / Theoretical Basis Key Sources 

Dependent 

Variable 

Audit Quality The degree to which the audit process 

conforms to professional standards and 

detects material misstatements: 

encompassing accuracy, independence, 

skepticism, and reliability of audit 

opinion. 

Rahman et al. (2024); Fedyk et al. 

(2022); Commerford et al. (2022)  

Independent 

Variable 1 

Institutional 

Pressures 

Coercive, normative, and mimetic 

pressures from regulators, professional 

bodies, and industry peers that drive 

ML adoption in audit firms. 

Law & Shen (2025); Hope et al. 

(2025); Benhayoun et al. (2025) 

Independent 

Variable 2 

Technological 

Capabilities 

The firm's capacity to deploy, maintain, 

and leverage ML tools encompasses 

data infrastructure, algorithmic 

sophistication, and IT investment. 

Rahman et al. (2024); Lugli & 

Bertacchini (2023); Hu et al. 

(2020)  

Independent 

Variable 3 

Strategic 

Orientation 

The degree to which a firm's leadership 

embraces digital transformation as a 

strategic priority shapes the depth and 

quality of AI integration. 

MacTavish et al. (2026); 

Seethamraju & Hecimovic 

(2023); Manita et al. (2020) 

Independent 

Variable 4 

Ethical 

Framework 

The presence of formal governance 

structures and professional norms that 

guide the responsible and transparent 

use of AI in audit engagements. 

Jones & Free (2026); Fotoh & 

Lorentzon (2023); Sanchez-

Medina et al. (2019) 

Independent 

Variable 5 

AI Autonomy 

Level 

The extent to which ML systems 

exercise independent analytical 

judgment in audit tasks, ranging from 

decision support to near-autonomous 

processing. 

Gu et al. (2026); Tapis et al. 

(2026); Commerford et al. (2022) 

Mediator 1 Trust The confidence that auditors, clients, 

and regulators place in AI-generated 

outputs conditions the degree to which 

ML recommendations are acted upon. 

Chen & Yang (2025); 

Seethamraju & Hecimovic 

(2023); Commerford et al. (2022);  

Noordin et al. (2022)  

Mediator 2 Legitimacy The perceived appropriateness and 

acceptance of ML use in auditing 

within professional, regulatory, and 

societal norms. 

Alkhatib et al. (2026); Khan et al. 

(2025); Fotoh & Lorentzon (2023) 

Mediator 3 Decision Rights The allocation of analytical authority 

between human auditors and ML 

systems determines who (or what) 

holds final accountability for audit 

judgments. 

Gu et al. (2026); MacTavish et al. 

(2026); Lu et al. (2025) 

Moderator 1 Governance 

Mechanisms 

Regulatory frameworks, audit 

committee oversight, and internal 

quality control processes that shape the 

deployment and impact of AI in audit 

engagements. 

Khan et al. (2025); Hope et al. 

(2025); Hallman et al. (2022) 

Moderator 2 Organisational 

Culture 

Shared values, norms, and leadership 

attitudes within audit firms that 

determine the receptivity to AI adoption 

and the cultural governance of its use. 

Seethamraju & Hecimovic 

(2023); Aslan (2021); Manita et 

al. (2020) 

Moderator 3 Institutional 

Environment 

The broader legal, economic, and 

market conditions. including audit 

Sawaya et al. (2026); Raza et al. 

(2026); Benhayoun et al. (2025) 
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market concentration, regulatory 

maturity, and economic development 

level, that boundary-condition the ML–

quality relationship. 

Control 

Variable 1 

Firm Size Big N vs. non-Big N firm classification, 

which affects resource availability for 

AI investment and the complexity of 

clients. 

Tan et al. (2025); Yang et al. 

(2020)  

Control 

Variable 2 

Firm Age Years of audit firm operation, proxying 

institutional inertia, and accumulated 

professional capital. 

Law & Shen (2024) 

Control 

Variable 3 

Industry The client's industry sector, controlling 

for sector-specific complexity, data 

availability, and regulatory 

requirements. 

Hunt et al. (2021); Jiang & Jones 

(2018)  

Control 

Variable 4 

Country National jurisdiction controlling for 

institutional quality, legal tradition, and 

technology infrastructure. 

Sawaya et al. (2026); Abu Huson 

et al. (2024)  

 

Figure 1: Proposed Conceptual Framework 

 

Note. The framework integrates institutional theory and socio-technical systems (STS) perspectives. Dashed 

arrows from moderators indicate boundary-condition effects on the IV→Mediator and Mediator→DV pathways. 

To facilitate future empirical testing, indicative operational proxies for each construct are proposed. Audit quality 

may be operationalized via absolute discretionary accruals, restatement frequency, audit report lag, or going 

concern accuracy rates. Institutional pressures can be proxied by the number of regulatory enforcement actions, 
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professional body guidance issuances, or Big Four peer adoption rates in the relevant market. Technological 

capabilities may be measured through firm-level IT capital expenditure, AI-related patent filings, or technology 

adoption survey indices. Strategic orientation can be captured via the proportion of digital transformation 

initiatives in firm strategy disclosures or executive survey instruments. Ethical framework strength may be 

assessed by the presence of formal AI governance policies, code-of-conduct revisions that reference AI, or audit 

committee mandates for AI oversight. AI autonomy level may be operationalized on a five-point scale ranging 

from decision-support-only to near-full automation, self-reported by engagement teams or inferred from audit 

process documentation. These proxies are indicative rather than exhaustive, and researchers are encouraged to 

adapt them to the methodological demands and data availability of their specific institutional contexts. 

METHODOLOGY 

Research Design 

This study employs a narrative review methodology, a well-established approach in accounting and management 

scholarship that allows for systematic yet interpretively flexible synthesis of heterogeneous literature (Knopf, 

2006). The narrative review approach was selected in preference to systematic or scoping review designs in 

recognition of the subject matter's inherent conceptual breadth: the relationship between ML and audit quality 

spans technical, organizational, institutional, and ethical dimensions that resist reduction to a single meta-

analytic outcome. Consistent with narrative review standards, the synthesis is guided by explicit inclusion 

criteria, transparent search documentation, and a commitment to theoretical integration rather than mere 

descriptive cataloging. The review protocol is reported in alignment with the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) framework (Moher et al., 2009) to ensure methodological 

transparency. 

Search Strategy and Source Selection 

A systematic search of the WoS Core Collection was conducted on 21 May 2026 using the following Boolean 

search string applied to the Topic field: ("auditing quality" OR "audit quality") AND ("artificial intelligence" 

OR "machine learning"). The initial search yielded 66 records. Sequential filtering was then applied as follows: 

(i) year filter (2010–2026) retained 66 records; (ii) document type filter (article and review) reduced the corpus 

to 62 records; (iii) subject area filter (Business Finance, Management, Business, Economics) yielded 50 records; 

and (iv) language filter (English) produced a final corpus of 49 articles. The year 2010 was chosen as the 

threshold to capture the period when ML methodologies became computationally tractable for large-scale 

financial data analysis, following the emergence of scalable ensemble methods and deep learning architectures. 

Inclusion and Exclusion Criteria 

Articles were included if they: (i) addressed the application of ML or AI to audit processes or audit quality 

outcomes; (ii) were published in peer-reviewed journals indexed in WoS; (iii) were written in English; and (iv) 

fell within the defined subject areas and publication window. Articles were excluded if they: (i) addressed AI or 

ML in non-audit financial contexts without explicit relevance to audit quality; (ii) were conference papers, book 

chapters, or dissertations; or (iii) lacked sufficient methodological transparency to support critical evaluation. 

Bibliometric studies that tangentially addressed audit quality were included when they provided substantive 

theoretical or empirical insights relevant to the review objectives. The final corpus of 49 articles includes studies 

employing diverse methodologies: archival quantitative analysis, experimental designs, qualitative case studies, 

bibliometric analyses, and systematic literature reviews, reflecting the field's pluralistic epistemological 

landscape. 

Analytical Approach 

Articles were analyzed through a theoretically informed thematic synthesis approach (Thomas & Harden, 2008). 

Each article was reviewed for: (i) the ML or AI technologies examined; (ii) the audit quality dimensions 

addressed; (iii) theoretical frameworks invoked; (iv) methodological design; (v) key empirical findings; and (vi) 

acknowledged limitations. Thematic categories were developed iteratively through constant comparison, with 
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initial categories grounded in prior literature and subsequently refined to accommodate emergent themes from 

the corpus. The conceptual framework presented in the Literature Review section was derived through iterative 

synthesis, integrating both the dominant findings and the critical challenges identified throughout the corpus. 

FINDINGS 

Theme 1: ML as a Quality-Enhancing Technology — Evidence and Limits 

The strongest and most consistent finding across the corpus is that ML adoption is positively associated with 

improvements in technically measurable proxies of audit quality. Studies employing archival financial data 

consistently document reductions in absolute discretionary accruals, restatement rates, and audit fees, the latter 

interpreted as a quality-consistent efficiency signal, among clients of AI-adopting audit firms (Tan et al., 2025; 

Rahman et al., 2024; Fedyk et al., 2022). The superiority of ML classifiers over conventional statistical models 

in predicting material misstatements and financial distress is well established across multiple algorithms and 

datasets (Parker et al., 2025; Abdi et al., 2025; Jiang & Jones, 2018), with ensemble methods, particularly 

gradient boosting and random forests, consistently outperforming single-algorithm approaches. 

These academic findings are corroborated by practitioner-level deployments. EY’s Helix platform, KPMG’s 

Clara, and Deloitte’s Omnia AI suite represent flagship examples of ML integration into audit workflows at 

scale, enabling near-complete population testing of journal entries, automated anomaly flagging, and real-time 

risk scoring across large client datasets. Notably, the KPMG Clara Contracts tool has been deployed to analyze 

lease contracts for IFRS 16 compliance, whilst EY’s Canvas platform applies natural language processing to 

extract structured data from unstructured client documents, including board minutes and legal agreements. These 

implementations illustrate that ML in practice operates not as a wholesale replacement for auditor judgment but 

as a targeted enhancement of evidence-gathering efficiency in well-defined procedural domains, consistent with 

the STS framework’s emphasis on structured human-machine complementarity. 

However, these performance findings require contextualization. The majority of high-performing models are 

trained and tested on data from well-developed capital markets characterized by robust disclosure environments, 

standardized financial reporting, and large historical training datasets. As Sawaya et al. (2026) and Benhayoun 

et al. (2025) document, model performance degrades significantly in emerging-market contexts where data 

quality is lower, accounting standards are applied less consistently, and audit-trail documentation is incomplete. 

Furthermore, the construct validity of archival audit quality proxies is itself contested: discretionary accruals, 

whilst widely used, capture only a narrow slice of audit quality and are subject to well-known measurement error 

problems. The reliance on these proxies may systematically overstate the quality-enhancing effects of ML 

adoption whilst obscuring quality dimensions, such as the rigor of substantive testing, the depth of professional 

skepticism exercised, or the adequacy of client communication, that resist quantification. 

Theme 2: Human-AI Collaboration and the Problem of Over-Reliance 

One of the most consequential and theoretically rich findings in the corpus concerns the relationship between 

auditor judgment and AI-generated recommendations. The experimental evidence is unambiguous: auditors 

exhibit systematic tendencies to anchor on AI outputs, defer to algorithmic estimates, and reduce their 

independent scrutiny when ML systems signal confidence (Commerford et al., 2022; Hunt et al., 2022). This 

automation bias, a well-documented cognitive phenomenon in human-computer interaction research, is 

particularly pronounced when AI recommendations align with auditors' initial assessments, reinforcing rather 

than challenging professional pre-judgments. Gu et al. (2026) demonstrate that optimal audit outcomes are 

achievable when human judgment and ML predictions are systematically integrated in a structured collaborative 

framework, but that this synergy requires deliberate design and does not emerge spontaneously from AI 

deployment. 

The implications for professional skepticism, the cornerstone of audit quality under ISA 200, are profound. If 

auditors systematically reduce their critical scrutiny in the presence of AI-generated assurances, the quality-

enhancing potential of ML technology may be partially or wholly offset by the degradation of the human 

judgment capacity that underpins independent audit opinion formation. MacTavish et al. (2026) extend this 
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concern to staff-level auditors, demonstrating that junior auditors face acute professional development risks 

when AI automates the routine analytical tasks that have historically served as the primary vehicle for developing 

professional judgment. This finding resonates with broader de-skilling concerns in the sociology of work 

literature and suggests that the long-term workforce implications of ML adoption in auditing may be more 

problematic than short-term quality metrics indicate. 

Theme 3: Institutional and Governance Conditions as Quality Moderators 

A robust finding across the corpus is that the quality-enhancing effects of ML adoption are neither universal nor 

unconditional but are substantially moderated by institutional and governance contexts. Regulatory quality 

emerges as a particularly potent moderator: in jurisdictions with strong enforcement, mandatory disclosure 

requirements, and active oversight bodies, ML adoption is associated with more pronounced audit quality 

improvements, consistent with the institutional theory proposition that coercive pressures amplify quality signals 

(Khan et al., 2025; Hope et al., 2025). In contrast, in regulatory environments characterized by inconsistent 

enforcement or weak investor protection, ML adoption may generate performative quality improvements, visible 

in output metrics, without substantive changes to audit rigor. 

Audit market structure constitutes a related moderating force. Yang et al. (2020), using a double machine-

learning approach with gradient boosting, provided refined causal evidence for the Big N audit quality premium, 

demonstrating that the quality gap between Big Four and non-Big Four firms is partially mediated by differential 

access to AI capabilities. Law and Shen (2024) examined how AI reshapes audit firm structures, finding that AI 

adoption exacerbates rather than ameliorates quality stratification within the profession, as large firms with 

greater capacity for AI investment widen their quality advantage over smaller competitors. This finding 

challenges optimistic narratives that portray AI as a democratising technology capable of elevating quality 

standards across the profession irrespective of firm size. 

Theme 4: Emerging and Specialized Contexts — Divergence from Mainstream Findings 

Studies conducted in emerging economies and specialized audit contexts provide important correctives to the 

mainstream literature's predominantly optimistic assessment. Raza et al. (2026) demonstrate that applying AI to 

Islamic financial institution auditing presents distinctive challenges rooted in the normative and interpretive 

demands of Shariah compliance assessment, in which algorithmic classification of complex jurisprudential 

questions may yield technically accurate yet substantively inadequate audit conclusions. This finding challenges 

the implicit assumption in much of the ML-audit literature that audit quality is a culturally neutral and universally 

quantifiable construct, pointing instead to the need for context-sensitive quality frameworks that acknowledge 

the institutional and normative embeddedness of audit practice. 

In COVID-19-affected contexts, Albitar et al. (2020) and Grassa et al. (2022) documented that audit quality 

deteriorated even when digital tools were available, suggesting that the availability of technology is a necessary 

but not sufficient condition for maintaining quality amid institutional disruption. The pandemic experience thus 

provides a natural experiment that reveals the limits of technological substitutes for in-person evidence gathering 

and the irreplaceable role of auditors’ physical access in certain quality-critical procedures. Mugwira (2022) and 

Abu Huson et al. (2024), in their bibliometric analyses, identify the systematic underrepresentation of African 

and Middle Eastern research contexts in the AI-audit quality literature and call for deliberate efforts to diversify 

the geographic base of future research. A parallel blind spot concerns small and mid-tier audit firms, whose 

resource constraints, limited IT infrastructure, and narrower client bases create a qualitatively different adoption 

context that the existing literature, dominated by Big Four and large-firm samples, fails to adequately capture. 

The quality implications of ML adoption for non-Big N firms operating in resource-scarce environments remain 

an important, largely unexplored frontier. 

Theme 5: Ethical, Accountability, and Expectation Gap Dimensions 

A growing but still nascent strand of the literature addresses the ethical and accountability dimensions of ML in 

auditing. Fotoh and Lorentzon (2023) advanced a critical argument that audit digitalization creates a new 

dimension of the audit expectation gap: users of financial statements may attribute an unjustified level of 
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infallibility to AI-enhanced audits, generating expectations that exceed the inherent limitations of any 

probabilistic system. This 'algorithmic expectation gap', distinct from the traditional performance expectation 

gap, represents a novel quality risk that standard-setters and audit firms have yet to adequately address. Sanchez-

Medina et al. (2019) raised related concerns about the potential for AI systems to embed or amplify existing 

biases in audit judgments, particularly where training data reflects historically biased reporting patterns. 

The question of accountability for ML-generated audit errors, who bears professional and legal responsibility 

when an algorithm-assisted audit fails to detect a material misstatement, remains largely unresolved in both the 

legal and professional standards literature. Jones and Free (2026) argue that accounting practitioners are 

insufficiently prepared to navigate these accountability questions, calling for substantial reforms to professional 

education and continuing development programs. Alkhatib et al. (2026), drawing on STS theory, emphasize that 

the key accountability risk is the displacement of human responsibility onto algorithmic systems, a displacement 

that may be actively cultivated by audit firms seeking to insulate themselves from liability whilst simultaneously 

exploiting the marketing value of AI-enhanced audit claims. 

DISCUSSION 

Theoretical Implications 

The findings of this review carry significant implications for the theoretical understanding of AI in professional 

service organizations. From an institutional theory perspective, the evidence confirms that ML adoption in 

auditing is driven primarily by isomorphic pressures rather than purely rational efficiency calculations, with 

regulatory mandates, professional body guidance, and peer-firm behavior exerting considerable influence on 

adoption trajectories. This insight has important consequences for predictions about the quality effects of 

adoption: firms that adopt ML primarily to signal legitimacy rather than to genuinely enhance analytical 

capability may exhibit performance improvements on observable quality metrics whilst failing to internalize the 

deeper organisational changes, in workforce capability, quality culture, and decision-making architecture, 

necessary for substantive quality improvement. The proposed framework's incorporation of legitimacy as a 

mediating variable is designed to capture precisely this distinction. 

The STS framework's emphasis on the co-constitution of human and technical agency provides equally valuable 

theoretical traction. The consistent finding that optimal audit quality emerges from structured human-AI 

collaboration, rather than from algorithmic autonomy, is fully consonant with the STS proposition that 

technological capability is most effectively realized when it is embedded in appropriately configured social 

systems. Audit firms that deploy ML tools without investing in the human capital, governance structures, and 

professional culture necessary to manage human-AI interaction constructively are likely to realize sub-optimal 

quality returns. This theoretical insight also suggests that research designs that treat ML adoption as a binary 

variable, adopted versus non-adopted, are likely to underestimate the variance in quality outcomes attributable 

to differences in adoption quality and organizational embeddedness. 

Practical Implications 

For audit practitioners and firm leadership, the findings underscore the imperative to invest in auditor education 

and professional development that specifically address the cognitive and ethical challenges of working with AI 

systems. Training programs that cultivate critical evaluation of algorithmic outputs, rather than deferential 

acceptance, are essential to preserve the professional skepticism that remains the bedrock of audit quality. The 

evidence on automation bias (Commerford et al., 2022) suggests that this training must be active and 

experiential, exposing auditors to scenarios in which AI recommendations are misleading, rather than relying on 

declarative instruction about the limits of algorithmic systems. 

For standard-setters and regulators, the findings call for urgent attention to several governance lacunae. The 

absence of explicit regulatory guidance on auditor responsibility for ML-generated outputs creates an 

accountability vacuum that neither serves investor protection nor provides practitioners with clear professional 

guidance. The PCAOB, IAASB, and national audit oversight bodies should consider developing technology-

specific quality standards that address model validation requirements, documentation obligations for algorithmic 
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audit decisions, and auditor responsibility for AI-assisted judgments. Regulators in emerging economies face the 

additional challenge of establishing enabling infrastructure, data quality standards, digital audit trail 

requirements, and AI literacy benchmarks for audit professionals before quality-enhancing ML adoption can be 

meaningfully pursued. 

Particular attention should be directed to the governance of explainability. The opacity of many high-performing 

ML models, particularly deep learning architectures and ensemble methods, creates a fundamental tension with 

the audit profession’s obligation to document and justify the basis for audit conclusions. Regulators and standard-

setters should consider mandating the use of eXplainable AI (XAI) techniques, such as SHAP (SHapley Additive 

exPlanations) value analysis or LIME (Local Interpretable Model-agnostic Explanations), in audit contexts 

where ML outputs influence material audit judgments, so that algorithmic reasoning can be inspected, 

challenged, and documented in audit working papers. More broadly, an ethical audit governance framework, 

encompassing principles of algorithmic transparency, human oversight thresholds, bias monitoring, and 

stakeholder accountability, is urgently needed to provide professional and regulatory coherence to a landscape 

currently characterized by ad hoc firm-level policies and the absence of enforceable standards. 

Limitations 

This review is subject to several limitations that qualify the generalisability of its conclusions. As a narrative 

review, it is inherently susceptible to selection and interpretation bias, despite the structured search protocol and 

thematic synthesis approach employed. The restriction to English-language WoS-indexed articles may have 

excluded relevant contributions published in other languages or databases, particularly from non-English-

speaking emerging markets. The rapidly evolving nature of ML technology means that some findings, 

particularly those related to specific algorithms or tool capabilities, may have limited shelf life as the 

technological frontier advances. Finally, the proposed conceptual framework, whilst grounded in the reviewed 

literature, remains empirically untested; its predictive validity is contingent on future quantitative and qualitative 

research explicitly designed to examine the mediated moderation pathways it theorizes. 

CONCLUSION 

Summary of Contributions 

This narrative review has synthesized 49 peer-reviewed studies to develop a critical, theoretically grounded 

understanding of the relationship between machine learning adoption and audit quality. The review's central 

contribution is the demonstration that this relationship is neither straightforward nor universally positive, but is 

contingent on mediating mechanisms, trust, legitimacy, and the allocation of decision rights between human 

auditors and AI systems, and is bounded by moderating conditions, including governance quality, organizational 

culture, and the institutional environment. By integrating institutional theory and the socio-technical systems 

framework, this review provides a theoretically coherent account of why ML adoption produces divergent 

quality outcomes across different firms, jurisdictions, and audit contexts. 

Future Research Directions 

The review identifies several high-priority directions for future research. First, longitudinal studies tracking the 

quality implications of ML adoption over extended time horizons are urgently needed to assess whether initial 

quality improvements are sustained as models age, regulatory environments mature, and auditor competencies 

evolve. Second, qualitative and mixed-methods research designs are required to illuminate the 

phenomenological and social dimensions of human-AI interaction in audit practice, including auditors' lived 

experiences, professional identity responses to AI adoption, and client perceptions of algorithmic audit quality. 

Third, comparative cross-national studies that explicitly theorize institutional environment as a moderating 

variable, rather than treating it as background noise, would substantially advance understanding of how 

contextual factors shape the ML-quality relationship. Fourth, research on Islamic finance, public sector, and 

SME audit contexts is warranted to extend the geographic and institutional scope of current knowledge beyond 

the predominantly large-firm, advanced-economy focus of the existing literature. Fifth, ethical and governance-

focused research is needed to develop frameworks for auditor accountability in AI-assisted audit environments, 
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addressing the algorithmic expectation gap and the de-skilling risks documented in this review. Collectively, 

these research directions chart a path towards a more comprehensive, critical, and practically relevant 

understanding of artificial intelligence as a transformative, but not unconditionally beneficial, force in the 

auditing profession. 
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