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Abstract
Audit evidence is being reshaped by artificial intelligence, both in what it consists of and in how it is produced, from full population testing that replaces sampling with algorithmic coverage to generative systems that draft workpaper narratives and evaluate estimates. This review determines if the existing audit evidence and assurance standards of the United States are prepared to govern this transition. Using a critical integrative design, the review synthesizes Public Company Accounting Oversight Board (PCAOB) and American Institute of Certified Public Accountants (AICPA) standards, the 2024 rulemaking record on technology-assisted analysis, and academic literature published between 2019 and 2025. Readiness is evaluated across four dimensions drawn from the standards themselves: evidence quality, explainability and documentation, auditor judgment and accountability, and generative AI. None of the four dimensions is fully accommodated. Two strain under interpretive pressure and two are effectively silent, particularly regarding model validation and generative AI, where no standard yet offers specific guidance. These gaps trace to a single underlying condition: technology-neutral standards built for durability that have not been elaborated into guidance specific enough to resolve the judgment calls AI-enabled evidence now presents. The review closes with recommendations addressed to standard setters, including authoritative AI-specific guidance, defined model validation requirements, explainability floors, calibrated accountability standards, and stronger coordination between the PCAOB and the AICPA. The findings speak directly to auditors, regulators, investors, and technology providers navigating a period in which practice has outpaced regulation.
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1. Introduction
Audit evidence has historically been produced through direct procedures, including confirmation of balances with third parties, physical observation of inventory, and manual sampling from populations too large to examine in full. This repertoire of procedures shaped the profession’s evidentiary architecture, including its criteria for sufficiency, appropriateness, documentation, and supervision. Artificial intelligence (AI) is altering this foundation in ways that extend beyond efficiency gains in existing procedures. Machine learning models now score entire populations of transactions for misstatement risk rather than sampling from them, generative systems draft workpaper narratives and summarize contracts, and firms report measurable changes in audit outcomes and staffing tied to AI investment (Fedyk et al., 2022; Kokina et al., 2025). These are not incremental improvements to established procedures. They are new categories of evidence, produced by processes the profession’s evidentiary vocabulary was not written to describe.
Regulators have not been passive observers of this shift. The American Institute of Certified Public Accountants (AICPA) rebuilt its evidence standard in 2020 around the attributes of information rather than the procedures used to obtain it, explicitly naming automated tools and analytics as legitimate sources of evidence. The Public Company Accounting Oversight Board (PCAOB) followed more slowly, amending its evidence and risk response standards in 2024 to address technology-assisted analysis of electronic information, with those amendments taking effect for audits of fiscal years beginning on or after December 15, 2025. Both actions confirm that standard setters recognize something has changed. Neither action, on its own, settles whether what has changed is something the existing framework can absorb.
The problem this review addresses is a mismatch in pace. Audit practice has moved toward AI-enabled methods faster than the standards governing audit evidence have been elaborated to address them specifically. This mismatch has not gone unnoticed. Field research has documented that auditors, managers, and regulators alike report confusion arising from the absence of guidance specific to data analytics, even years after such analytics became routine in practice (Austin et al., 2021). The academic auditing community filed formal comments during the PCAOB’s 2024 rulemaking, pressing for language that would meet current practice more directly (Boland et al., 2024). These contributions establish that a gap exists and that practitioners feel it. Neither delivers a comprehensive assessment of whether the full architecture of U.S. evidence and assurance standards, taken together, is actually ready for AI-enabled audit evidence, evaluated dimension by dimension against the standards’ own criteria for evidence quality, documentation, and accountability. That comprehensive assessment is the gap this review fills. The existing literature is heavy on documenting adoption, measuring performance, and studying auditor behavior around AI tools. It is comparatively thin on the specific question of regulatory adequacy, asked directly and answered systematically against the standards as they currently stand.
This review assesses the readiness of U.S. audit evidence and assurance standards for AI-enabled auditing through a critical integrative synthesis of the authoritative standards themselves, the regulatory record surrounding their recent amendment, and the academic literature examining AI’s use in audit practice. The review is organized around one central question and three supporting questions that follow from it. The central question asks how ready the current framework is to govern AI-enabled audit evidence, evaluated against the standards’ own criteria for sufficiency, appropriateness, reliability, and documentation. The first supporting question asks where the framework’s technology-neutral language accommodates AI-enabled practice without strain, and where it does not. The second asks what specific gaps in guidance, validation, explainability, and accountability follow from any strain or silence identified. The third asks what standard setters, practitioners, and researchers should do in response, given the gaps the assessment identifies.
The scope of this review is deliberately bounded. It examines U.S. audit evidence and assurance standards, principally those issued by the PCAOB and the AICPA, and it draws on academic literature published between 2019 and 2025, with a small number of foundational earlier works retained where they shaped the field’s conceptual vocabulary. International standards enter the discussion only as a comparative reference point, not as an object of assessment in their own right. The review does not evaluate specific AI products or vendors, and it does not attempt to model the financial cost of regulatory change. Its significance lies in the space between two things the profession already knows. It knows AI is transforming audit evidence, and it knows the standards are technology-neutral by design. What has not been established is whether that neutrality is sufficient, examined systematically rather than asserted. Given the central role audits play in protecting investors and maintaining confidence in financial markets, a rigorous answer to this question carries consequences well beyond the accounting profession itself. The review proceeds by first establishing the benchmark set by current U.S. standards, then by tracing how AI-enabled methods transform audit evidence, before assessing readiness against that benchmark, diagnosing the resulting gaps, and closing with research directions, practical implications, and recommendations addressed to the standard setters positioned to close the gaps this review identifies.
2. Review Methodology
This review adopts a critical integrative design. The corpus consists of a blend of authoritative texts, regulations, and research, and no single method handles that combination well. The integrative approach enables synthesis across these source types towards a new product: a readiness assessment based on dimensions extracted from the standards themselves. The critical component includes evaluation. Accommodates, strains, or silent are judged for each dimension, and the reasoning is provided for each. Standards and regulatory documents, such as those from the Public Company Accounting Oversight Board (PCAOB), American Institute of Certified Public Accountants (AICPA), U.S. Securities and Exchange Commission (SEC), Committee of Sponsoring Organizations of the Treadway Commission (COSO), National Institute of Standards and Technology (NIST), and U.S. Government Accountability Office (GAO), were obtained directly from the issuing bodies and included based on their current status in effect, not on their initial issuance. The academic literature was queried across four databases, including Scopus, Web of Science, ABI/INFORM, and the American Accounting Association’s journal platform. The search included publications from January 2019 to December 2025. Search terms were applied in combination and included artificial intelligence, machine learning, generative AI, large language models, audit evidence, audit quality, audit data analytics, technology-assisted analysis, explainability, professional skepticism, and auditor judgment, each paired with auditing or assurance to keep results relevant to the profession rather than to AI broadly.
The search returned several hundred results across the four databases. Titles and abstracts were screened first to remove clearly unrelated results, such as AI applications in tax or non-audit assurance work outside this review’s scope. The other articles were read in full and retained if the material related to AI or analytics in the context of audit evidence, audit quality, auditor judgment, or regulatory treatment of these tools, and if the articles were published in a peer-reviewed accounting, auditing, or closely related business journal. A few earlier foundational works outside the date range were kept where later scholarship still builds on them directly. A small number of 2026 items appear later, in the research gaps discussion, as evidence of continued interest rather than core evidence, since they fall outside the search period. Typically, working papers were not included. Where the volume of results within a theme remained large after full-text screening, sources were prioritized by relevance to the review’s specific dimensions and by outlet quality. Sources were organized by dimension, evidence quality, explainability, auditor judgment, and generative AI, rather than by author or method. Standards were extracted for their specific requirements, which became the benchmark. The academic and behavioral literature was then read against that benchmark, and gaps were identified wherever practice and requirements diverged.
3. AI-Enabled Auditing and the Transformation of Audit Evidence
 3.1 Evolution and Applications of AI Across the Audit Process
Artificial Intelligence has slowly and sporadically infiltrated the auditing profession. Early scholarship predicted a shift from rule-based automation to machine learning systems capable of performing tasks adjacent to judgment and called for research attention to keep pace with the growing role of data analytics in the audit engagement (Appelbaum et al., 2017; Issa et al., 2016; Kokina & Davenport, 2017). Practice followed a more modest path. Because audits have a lot of work that’s structured, repetitive, and can be done in bulk, that’s where robotic process automation first gained traction, and early 2020 surveys revealed that while firms were investing in large amounts of technology, very little of it was actually machine learning (Huang & Vasarhelyi, 2019; Bakarich & O’Brien, 2021). This has since changed. Recent field evidence shows simpler applications in widespread use, while more complex machine learning moves from pilots to production (Kokina et al., 2025), and firm-level analysis links AI investment to measurable changes in audit outcomes and staffing (Fedyk et al., 2022; Law & Shen, 2025). With the advent of generative AI, this timeline has been shortened even more. In external and internal audit environments, large language models are now being used to perform text-heavy audit tasks that were previously infeasible, such as summarizing contracts and drafting workpaper narratives(Eulerich et al., 2024; Fotoh & Mugwira, 2025; Vasarhelyi et al., 2023). Applications are now extended throughout the engagement, including risk assessment, journal entry testing, estimate evaluation, and even physical observation via drone-enabled procedures (Christ et al., 2021; Gu et al., 2024). 
3.2 Transformation of Audit Evidence and Large-Scale Audit Analytics
Machine learning and generative AI change more than efficiency when applied to audit work. They change what audit evidence is and how it comes into existence. Traditional procedures result in evidence that is perceived directly by a person. Analytics-driven processes create evidence in the form of model output, which is created by algorithms applied to populations of data, rather than samples drawn from them. The most obvious one is full population testing. Machine learning models can score every transaction in a ledger for misstatement risk, replacing the inferential leap of sampling with exhaustive coverage (Huang et al., 2022). Research shows that such models are accurate and more precise than traditional benchmarks in detecting fraud and misstatement (Bao et al., 2020; Bertomeu et al., 2021). The evidence the auditor evaluates in these settings is layered. It contains the data that was used by the underlying client, the model that is used to process the data, and the exceptions or risk scores that the model returned. Field studies show this layering is already reshaping engagements, as data acquisition, cleaning, and tool configuration become evidential activities in their own right, a shift anticipated in early calls for research attention to changing audit technology and later confirmed through direct observation of firms in practice (Austin et al., 2021; Eilifsen et al., 2020; Salijeni et al., 2019, 2021). Generative systems take the transformation one step further, as the output they generate is created by models that do not necessarily have discernible rules and can change from run to run (Dong et al., 2024; Gu et al., 2024).
3.3 Benefits and Evidentiary Risks of AI-Enabled Auditing 
The benefits are real and documented. Investing in AI is correlated with reduced restatements and lower fees, indicating some improvements in quality that benefit the clients (Fedyk et al., 2022). An assertion tested with full population coverage carries no sampling risk (Huang et al., 2022). Large efficiency gains are reported on internal audit tasks with documented deployments of generative AI (Emett et al., 2025), and competent performance is demonstrated in structured deployments throughout the audit lifecycle (Eulerich & Wood, 2025). The same properties that produce these benefits create evidentiary risks. Model output may be incorrect for a variety of reasons, including biased training data, drift between the data the model has been trained on and the data it is currently processing, or the fabrication tendencies that have been documented in large language models (Fotoh & Mugwira, 2025; Munoko et al., 2020). Opacity compounds the problem. If the internal logic of a model can’t be explained, the auditor’s conclusion is not based on a visible reason, and there is still ongoing research on solutions to explain AI models (Zhang et al., 2022; Zhong & Goel, 2024). Experimental work adds that evaluators struggle to calibrate trust in analytics they did not build (Commerford et al., 2024), and cognitive comparisons find that model reasoning diverges from auditor reasoning in ways practitioners do not anticipate (Wei et al., 2023).
3.4 Implications for Auditor Judgment and Professional Skepticism 
The behavioral evidence complicates any assumption that human oversight straightforwardly disciplines these tools. When contradictory evidence is presented by an AI system, it is more likely to be discounted by the auditor than when the same evidence is provided by a human specialist (Commerford et al., 2022). Reliance is affected by involvement in configuring the tool, but not necessarily accuracy (Commerford et al., 2024). Institutional pressure is also an important factor for the sensitivity of reliance, as the likelihood of institutional inspection influences willingness to rely on analytics at all (Austin et al., 2021; Cao et al., 2022). Pressures on skepticism can go either way: towards the automation bias when output appears authoritative, and towards the algorithm aversion when it goes against expectations (Li, 2022; Lombardi et al., 2023). Qualitative work raises a longer-horizon concern. If automation absorbs the routine tasks through which junior auditors historically developed judgment, the profession may be thinning the very capability its standards assume (Samiolo et al., 2024). The same dynamics are observed by executives on the other side of the audit, and their reactions to the findings influence how findings from AI are received (Estep et al., 2024). What auditing gains in analytical power it must therefore repay in new forms of vigilance, and whether the regulatory framework compels that vigilance is the question this review now turns to.
4. Audit Evidence and Assurance Requirements in the United States
4.1 Conceptual Foundations of Audit Evidence
Audit evidence is the information the auditor uses to reach the conclusions on which the audit opinion rests. PCAOB standards define it as all the information, whether obtained from audit procedures or other sources, that supports the auditor’s findings about whether the financial statements are fairly presented (PCAOB, 2024; AS 1105). The AICPA framework follows a very similar approach (AICPA, 2020). Evidence therefore carries the full epistemic weight of the audit. The opinion offers reasonable assurance rather than certainty, and the distance between the two is governed entirely by what the auditor gathers, how good it is, and how it is evaluated (PCAOB, 2024; AS 1000). For most of the profession’s history, evidence flowed from a familiar repertoire of inspection, confirmation, observation, inquiry, and recalculation, applied to samples drawn from populations too large to examine in full. This repertoire and the sampling logic under it influenced how the definition of quality of evidence came to be.
4.2 Evidence Quality Criteria: Sufficiency, Appropriateness, Reliability, and Relevance
Two criteria anchor the framework. Sufficiency is a measure of quantity, and it is responsive to assessed risk. The higher the risk of material misstatement, the more evidence is required; the lower the quality of evidence, the more evidence is required. Appropriateness is the measure of quality and decomposes into relevance and reliability. Relevance is whether the evidence is related to the assertion being tested. Reliability is dependent on known conditions. AS 1105 considers evidence generally more reliable when provided by sources independent of the entity, the internal controls are effective, the evidence is obtained directly by the auditor, and the evidence is documentary. SAS No. 142 has the same characteristics, but it also explicitly acknowledges that evidence can be gathered using automated tools and techniques and that evidence can come from external information sources. Both frameworks tie evidence decisions to risk assessment, which governs the nature, timing, and extent of procedures the auditor designs in response under AS 2110 and AS 2301 (PCAOB, 2024) and their AICPA counterpart, SAS No. 145 (AICPA, 2021).
4.3 Professional Judgment, Skepticism, and Documentation Requirements 
The evidence criteria do not apply themselves. Determinations of sufficiency and appropriateness are matters of professional judgment, and standards circumscribe the duties of conduct associated with that judgment. Due professional care and professional skepticism, which is a questioning mind and a critical evaluation of the audit evidence, are required by AS 1000, and the auditor should neither presume management dishonesty nor assume unquestioned honesty, and should not be satisfied with less than persuasive evidence. Judgment is also embedded in structure. AS 1201 requires that the work of engagement team members be directed and reviewed (PCAOB, n.d.). Documentation requirements then make the entire evidential trail inspectable. Under AS 1215, workpapers must permit an experienced auditor with no previous connection to the engagement to understand the procedures performed, the evidence obtained, and the conclusions reached (PCAOB, n.d.). The benchmark requires more than just good evidence. The basis for conclusions should be reviewable, reconstructable, and articulable by another person.
4.4 PCAOB and AICPA Auditing Standards on Audit Evidence 
There are two tracks to U.S. assurance regulation. The Sarbanes-Oxley Act of 2002 created the PCAOB to set and enforce standards for audits of public companies, while the AICPA’s Auditing Standards Board continues to govern audits of private entities (Sarbanes-Oxley Act, 2002). The tracks have become modernized in varying degrees. The AICPA took the lead. SAS No. 142, issued in 2020, rebuilt the evidence standard around attributes of information rather than procedures, and it names automated tools, techniques, and audit data analytics as legitimate means of obtaining evidence. SAS No. 145 was the next, a risk assessment standard that addresses complex information technology environments. The PCAOB was more conservative. Its 2024 amendments to AS 1105 and AS 2301 address audit procedures that involve technology-assisted analysis of information in electronic form, including the use of a single procedure for multiple purposes and the auditor’s responsibilities when analysis identifies items meeting defined criteria (PCAOB, 2024, Release No. 2024-007). The amendments will apply to audits of fiscal years that begin on or after December 15, 2025. The proposal drew formal comment from the academic auditing community during rulemaking (Boland et al., 2024), and the adopted text confines itself to technology-assisted analysis rather than addressing artificial intelligence by name.
4.5 SEC Oversight and Complementary U.S. Assurance and AI Governance Frameworks 
This is overlaid by the Securities and Exchange Commission. The Commission is responsible for the oversight of the PCAOB, and rules of the PCAOB are effective only after the SEC approves them, as was the case with the amendments to the rules for technology-assisted analysis in August 2024 (U.S. Securities and Exchange Commission, 2024). Sarbanes-Oxley also connects auditing to internal control. Management reports on internal control over financial reporting under Section 404, and the COSO integrated framework serves as the dominant criteria against which control effectiveness is evaluated (COSO, 2013). A second layer of frameworks addresses AI governance without governing audits. COSO has extended its control principles to the deployment of organizational AI (COSO, 2021). NIST has published a voluntary framework for trustworthy AI and a profile for generative AI (NIST, 2023, 2024). The GAO has published an accountability framework for AI in federal programs (U.S. Government Accountability Office, 2021). None of these instruments has any authority in a financial statement audit. Their relevance here comes from their being the most developed American thinking around reliability, transparency, and oversight of AI, and from providing reference points not currently included in the assurance standards.
4.6 Synthesis of the U.S. Assurance Benchmark
 Assembled, the benchmark has four load-bearing elements. Evidence should be adequate and relevant. Reliability should be based on the source, controls, and directness of the evidence. Judgement and skepticism should be actively involved in the evaluation of evidence. The evidential basis is to be documented, and an independent expert can recreate it, with review under supervision. And the whole structure operates under layered oversight running from firm to PCAOB inspection to SEC approval. The framework is deliberately technology neutral. Its requirements attach to the qualities of evidence and the conduct of auditors, not to any instrument used to obtain it, and the 2024 amendments extend that strategy by adapting existing principles to technology-assisted analysis rather than creating technology-specific obligations. Whether neutrality of this type can incorporate evidence generated by artificial intelligence is what the next section will address. The five elements identified here are evidence quality, reliability, explainable documentation, supervised judgment, and enforceable oversight, which supply the dimensions against which readiness is assessed.
5. Regulatory Readiness for AI-Enabled Audit Evidence 
5.1 Defining Regulatory Readiness and the Assessment Framework 
Regulatory readiness, as defined here, means the ability of current evidence and assurance standards to incorporate AI-based approaches without the auditor having to go beyond what the standards actually permit and limit. Readiness is not a binary property. A framework may be prepared for one requirement that AI might impose and unprepared for another, so the evaluation is made dimension by dimension instead of a final verdict on the entire framework. Four dimensions follow directly from the benchmark set out earlier. The first is evidence quality, meaning sufficiency and appropriateness for AI-generated output. The second is explainability, documentation, and reproducibility. The third is auditor judgment, human oversight, and accountability. The fourth is generative AI, an emerging demand that combines the three above. A standard accommodates AI-enabled practice when its existing language, applied in good faith, produces workable guidance. A standard is not really a standard if it is applied in a way that allows for too much interpretation so that different firms would draw materially different conclusions in similar situations. A standard is silent when it neither contemplates the practice nor offers language that can be stretched to reach it. This trichotomy, not a numerical score, is the analytical instrument the remainder of this section applies.
5.2 Evidence Quality: Reliability, Sufficiency, and Appropriateness of AI-Generated Evidence 
The reliability hierarchy of AS 1105 is designed to apply to evidence of a known origin. It reasons in terms of source independence, control effectiveness, and directness of obtention, which are categories that presuppose that there is a human or a defined process behind the evidence, and that can be questioned (PCAOB, 2024). Machine learning output complicates every leg of that hierarchy. A risk score generated by a model trained on the client’s own historical data is neither cleanly external nor cleanly internal, and its reliability depends on training data quality and model performance in ways the standard's language does not anticipate. SAS No. 142 goes further than AS 1105 by naming automated tools and external information sources explicitly (AICPA, 2020), which gives the AICPA track a stronger textual claim to accommodation on this dimension than the PCAOB track possesses. Sufficiency raises a separate problem. Full population testing does not simply produce more evidence within the existing sampling logic. It replaces the logic itself, since a model that scores every transaction has not sampled at all, and the standards offer no criteria for how much confidence a full population procedure should be assumed to deliver relative to a well-designed sample (Huang et al., 2022). The 2024 amendments to AS 1105 and AS 2301 are the PCAOB's first direct engagement with technology-assisted analysis of electronic information, and the most explicit statements to date (PCAOB, 2024, Release No. 2024-007). The amendments, however, do not address the sufficiency and appropriateness concepts in a new context, but simply take the concepts to a new context of analysis, that is, one in which a model and not a person determines which items should be followed up. This is not a theoretical issue, as empirical studies on the ground have shown. Practitioners surveyed several years after audit data analytics had become part of practice continued to report significant uncertainty about how their practice would be assessed on audit inspection (Eilifsen et al., 2020), and interviews with auditors, managers and regulators revealed that the lack of guidance specific to audit data analytics was also a source of confusion when deciding on engagements (Austin et al., 2021). On this one, the verdict strains. The reliability and sufficiency concepts are technology-neutral by design and therefore technically applicable, but their application to AI-generated evidence requires interpretive judgment the standards do not structure, and firms are supplying that structure inconsistently in its absence.
5.3 Explainability, Documentation, and Reproducibility of AI-Assisted Procedures
AS 1215 asks whether an experienced auditor with no prior relationship to the engagement could, from the workpapers alone, determine what was accomplished and why (PCAOB, n.d.). That standard presumes the underlying procedure is describable in the first place. This presumption is met by rule based and many machine learning procedures, as the logic can be expressed in a statement, although it may be technical. It is resisted by complex models, particularly by the large language models that are now being used in practice. If a system’s reasoning cannot be broken down into an inspectable chain of steps, the auditor cannot document the reasoning as AS 1215 contemplates; they can only document the output and possibly the parameters used to generate it. Explainable AI research is a reality because this gap is acknowledged in computer science, and its approaches are starting to be transferred into auditing scholarship, with a clear mapping to documentation and evidence demands (Zhang et al., 2022). The auditability of AI systems themselves, and whether auditors are prepared to evaluate them, is an emerging companion question to the explainability of AI used within the audit (Li & Goel, 2025). Applied work builds on this, demonstrating how explainability techniques may be used to aid the specific objective of regulator validation, and not just for technical transparency (Zhong & Goel, 2024). There is, however, no authoritative standard that defines what a sufficient explanation looks like, how much of the behaviour of a model must be documented, or whether a documented explanation must be reproducible when needed. Generative AI exacerbates the issue because the same prompts can produce varying results in different runs, making it more difficult to achieve reproducibility, a key part of the inspection and peer review process. This dimension is silent. The standards’ objective of documentation presupposes procedures that can be described and doesn't have a provision to deal with what happens when the procedure itself cannot be described.
5.4 Auditor Judgment, Human Oversight, and Accountability
AS 1000 places professional skepticism and due care on the auditor as an individual, and AS 1201 places supervisory responsibility on those who direct and review the work of others (PCAOB, 2024; PCAOB, n.d.). Both provisions assume that the work being supervised was done by a person whose reasoning a supervisor can question and correct. The assumption doesn’t apply to AI-assisted work. Supervision of a model’s output is not the same as supervision of a colleague’s judgment, and the standards do not differentiate between them. Behavioral research shows the stakes of this gap concretely. Auditors respond asymmetrically to disconfirming evidence depending on whether it comes from a human specialist or an AI system, discounting the latter more heavily even when the substance is identical (Commerford et al., 2022), and involvement in configuring an AI tool changes reliance without reliably improving the accuracy of that reliance (Commerford et al., 2024). Neither AS 1000 nor AS 1201 guides how supervisory review should adjust for these documented biases, nor how adequate supervisory review of an automated procedure is different from adequate review of a human procedure. Liability research adds a further complication rather than resolving it. Experimental evidence suggests that AI involvement can itself shift how third parties assess an audit firm’s exposure when independence is in question (Libby & Witz, 2024), meaning accountability outcomes may already be shifting in practice ahead of any standard that says they should. This dimension strains rather than falls silent, because AS 1000 and AS 1201 do impose real duties that extend in principle to AI-assisted work. What is lacking is guidance that is tailored to the way those duties are to be performed when the object being supervised is not a person but a model.
5.5 Generative AI and Emerging Assurance Challenges
Generative AI is handled separately since it exacerbates each of the above dimensions instead of creating a new one. Unlike previous machine learning tools, its output is probabilistic between runs, putting a strain on reproducibility. It is also often difficult to explain because of its opaque reasoning, even by the standards of complex models, further widening the explainability gap. It is known to make confident fabrications, which poses a reliability issue that the standards have never needed to deal with in this manner (Munoko et al., 2020). Demonstrated deployments already exist. Internal audit functions have used generative tools for workpaper drafting and process documentation with reported efficiency gains (Emett et al., 2025), and structured evaluations show these systems performing competently across a range of audit tasks under controlled conditions (Eulerich & Wood, 2025). The PCAOB has acknowledged the technology directly, issuing a staff spotlight on outreach activities concerning Generative AI’s integration into audits and financial reporting (PCAOB, 2024). That spotlight is informational rather than authoritative. It indicates awareness at the regulator but does not interpret or modify any standard, meaning firms using generative AI today are doing so with the same general evidence and documentation requirements as all other audit procedures and without any guidance to adjust their judgment based on Generative AI. This dimension is silent and the one in which the gap between practice and regulation is now the widest.
5.6 Overall Assessment of U.S. Regulatory Readiness 
Table 1 summarizes the four verdicts. No dimension fully accommodates AI-enabled practice. Two strain, where technology-neutral language technically applies but leaves interpretive work that the standards do not structure. Two are silent, where the standards do not contemplate the practice at all. The pattern across dimensions is not random. The framework accommodates AI most where AI performs functions the standards already imagined in general terms, such as processing information to generate risk indicators, and struggles most where AI performs functions the standards did not imagine at all, such as producing unreproducible, unexplainable output at scale. On this evidence, readiness is partial and uneven rather than lacking. The standards have not been found lacking in predicting technology. AS 1105’s technology-neutral design and the 2024 amendments both show a framework attempting to stay abstract enough to cover future tools without naming them. What the standards have not yet done is translate that abstraction into guidance specific enough to resolve the judgment calls AI-enabled evidence actually presents, and that gap, more than any outright prohibition or silence, is the central finding this review carries into the next section.
Table 1
Readiness Verdicts by Dimension
	Dimension
	Governing Standards
	Verdict

	Evidence reliability and sufficiency
	AS 1105, AS 2301, SAS No. 142
	Strains

	Explainability, documentation, reproducibility
	AS 1215
	Silent

	Auditor judgment, oversight, accountability
	AS 1000, AS 1201
	Strains

	Generative AI and emerging challenges
	No dedicated standard
	Silent



6. Critical Assessment of Regulatory and Standards Gaps
6.1 Absence of AI-Specific Standards and Authoritative Guidance 
The assessment above established where the framework strains and where it falls silent. This part asks why those outcomes persist and what they cost in practice. The most basic gap sits above the four dimensions rather than within any one of them. There is no definition of what constitutes artificial intelligence in either PCAOB or AICPA standards, nor is there a threshold for when its use in an audit becomes material to the disclosure of audit methodology, nor is there a baseline expectation for what a competent audit practice looks like in the context of using AI. The 2024 amendments to AS 1105 and AS 2301 confirm rather than close this gap. They were drafted to address technology-assisted analysis of electronic information, a category broad enough to include AI but not written with AI specifically in view. The rulemaking record shows the academic community pressing for language that would meet current practice more directly (Boland et al., 2024). The result is that companies implementing AI today are doing so by analogy, applying general provisions to a technology that the drafters of the provisions didn’t have in mind when they drafted them. Analogy is a defensible interpretive practice, but it produces divergence, and divergence in how firms interpret the same general standard is itself an audit quality risk the standards exist to prevent.
6.2 Evidence Reliability and Model Validation Gap 
The strain found in evidence reliability stems from a specific absence. AS 1105’s reliability hierarchy asks about source, control, and directness, and none of these categories map cleanly onto a trained model. What the standards lack is any analog to model validation, a practice that is well established in other regulated fields, whereby a model is tested before it is used to generate predictions and then monitored over time as conditions in the data change. The consequence is heightened when the entire population is tested. The model that scores each transaction has substituted sampling risk for model risk, and there is no treatment for model risk in AS 1105 or AS 2301 (Huang et al., 2022). There is no standard at this time for an auditor to use to determine the amount of validation that is needed for a model to be considered adequate, appropriate evidence. There is no content specific to the validation of evidence, only the general expectation that evidence will be reliable. Firms are left to construct their own validation practices from first principles, and the empirical record suggests they know this. Practitioners surveyed after years of audit data analytics use continued to report real uncertainty about how their methods would be judged on inspection (Eilifsen et al., 2020), which indicates the gap is not merely theoretical but is shaping behavior on live engagements.
6.3 Explainability and Documentation Gap
AS 1215 requires that workpapers let an independent, experienced auditor reconstruct what was done and why. That requirement presupposes a describable procedure, and the gap here is the absence of any provision addressing what happens when the procedure is not fully describable in the terms the standard assumes. Explainable AI research offers technical methods that could fill this space, and scholarship has begun mapping those methods onto documentation and evidence concepts (Zhang et al., 2022; Zhong & Goel, 2024). No standard has adopted or required any such method. The result is a gap between what technology can supply and what regulation requires firms to supply. A firm could adopt rigorous explainability practices voluntarily, and some likely do, but no standard obligates this, and no standard specifies a floor below which documentation of an AI-assisted procedure becomes inadequate. Generative AI turns this gap into an active risk rather than a latent one, because output that varies across identical runs cannot be documented as a fixed, reproducible basis for a conclusion in the way AS 1215 was written to expect.
6.4 Auditor Accountability and Liability Gap
AS 1000 and AS 1201 assign skepticism and supervisory duties to individuals reviewing individuals. The gap is that neither standard specifies how those duties translate when the object of review is a model. What does adequate supervision of an AI-assisted procedure require, beyond the general duty to direct and review, and how should a reviewer weigh disconfirming evidence produced by a system rather than a colleague, given documented evidence that auditors already weigh the two differently (Commerford et al., 2022)? The standards do not say. This leaves accountability to be worked out after the fact, in inspection findings or litigation, rather than established in advance through guidance firms can follow. Experimental evidence that AI involvement can itself shift third-party judgments of a firm’s liability exposure (Libby & Witz, 2024) suggests the consequences of this gap are not confined to audit quality. They extend into how the profession’s exposure to legal and reputational risk is already changing, ahead of any standard that addresses the change directly.
6.5 AI Governance, Continuous Monitoring, and Generative AI Gap
The complementary frameworks discussed earlier exist for a reason. COSO has extended its principles to organizational AI deployment, and NIST has issued a voluntary risk management framework with a companion profile for generative AI specifically (COSO, 2021; NIST, 2023, 2024). Neither instrument carries authority within an audit, and the gap is precisely that distance. The most developed thinking on model governance, continuous monitoring, and generative AI risk in the United States sits outside the assurance standards that govern audits, available for firms to consult but not incorporated as a requirement. The PCAOB’s own engagement with generative AI to date is a staff spotlight describing outreach activity that is informational in character and carrying no interpretive or binding weight. Firms deploying generative AI for internal audit tasks, as documented deployments already show they are doing (Emett et al., 2025), currently answer to the same general evidence and documentation provisions that govern every other procedure, with no generative-AI-specific benchmark against which regulators or the firms themselves can measure adequacy.
6.6 Regulatory Coordination Gap and Synthesis of Identified Gaps
A final gap sits across the other five rather than within any of them. The PCAOB and AICPA tracks have moved at different speeds and along different paths. SAS No. 142 named automated tools and external information sources explicitly in 2020, while the PCAOB did not amend its evidence standards until 2024, and did so through language addressed to technology-assisted analysis rather than AI (AICPA, 2020; PCAOB, 2024, Release No. 2024-007). This asymmetry means a public company auditor and a private company auditor operate under textually different levels of explicit technology guidance for functionally similar work, a divergence the two standard-setting bodies have not coordinated to resolve. Taken together, the five substantive gaps identified above share a common shape. Each arises not because the standards prohibit AI-enabled practice, but because their technology-neutral language was never elaborated into guidance specific enough to govern the judgment calls that practice actually presents. The absence of AI-specific standards, model validation criteria, explainability requirements, calibrated accountability guidance, and governance provisions for generative AI are five expressions of one underlying condition. The framework was built to be durable across technological change in principle, and that same durability has become the reason it offers so little specific direction now that the change has arrived. What follows from this diagnosis, for research, for practice, and for standard-setters themselves, is the subject of the parts ahead.
7. Research Gaps and Future Directions
7.1 Empirical Gaps: AI-Generated Evidence, Reliability, and Validation
The gaps identified above are regulatory. A parallel set of gaps exists in the scholarship itself, and closing the regulatory gaps will be difficult without closing these first. Most empirical work on AI in auditing measures adoption, performance, or auditor reliance. Far less work tests the reliability of AI-generated evidence against a defined validation standard, largely because no such standard yet exists for researchers to test against. Studies confirm that full population testing changes what evidence looks like and how confidently it can be interpreted (Huang et al., 2022), but almost none measure how validation practices vary across firms or whether any current practice would satisfy a regulator asked to define adequacy. Model risk, well studied in banking and insurance, has barely been examined in the audit evidence context specifically. This is the empirical foundation a future standard would need, and it does not yet exist.
7.2 Emerging Areas: Generative AI, Human-AI Interaction, Liability, and Model Governance
Generative AI is moving faster than the literature that studies it. Scholarship has begun mapping research priorities for AI in accounting broadly (Stratopoulos & Wang, 2025), and continuous auditing frameworks for AI governance exist at a conceptual stage without empirical testing in actual audit engagements (Minkkinen et al., 2022). Liability research is similarly early, with the strongest evidence so far experimental rather than drawn from disciplinary or litigation outcomes (Libby & Witz, 2024). A cluster of recent, non-peer-reviewed contributions signals continued practitioner and early-career interest in these questions, addressing AI’s role in audit failures, financial transparency, fraud detection, and market risk monitoring (Amoakoh et al., 2026; Ampofo et al., 2026; Christian & Issabella, 2026; Kobla & Agyei, 2026; Nwinyi et al., 2026; Yeboah et al., 2026). These pieces sit outside the core review period and outside top accounting outlets, and they are noted here as evidence that the topic is attracting wider attention rather than as authoritative findings this review relies upon.
7.3 Cross-Jurisdictional Comparisons and Priority Research Agenda
The United States is not resolving this question alone. The IAASB’s revision of ISA 500 has prompted its own literature review of audit evidence, technology, and judgment, conducted in direct response to that standard-setting process (Barr-Pulliam et al., 2024), and researchers elsewhere have examined how firms in other jurisdictions are adapting to data analytics and AI ahead of formal guidance (Salijeni et al., 2021; Seethamraju & Hecimovic, 2023). No study yet compares the American and international approaches to determine which produces more consistent audit quality outcomes as AI adoption increases. Three priorities follow from the gaps identified here. Empirical research should test model validation practices against a defined standard rather than describe them. Longitudinal work should track how liability and accountability outcomes shift as generative AI use becomes routine rather than exceptional. And comparative work should evaluate whether the more explicit AICPA and IAASB approaches produce measurably different audit quality outcomes than the PCAOB’s more conservative path, evidence that would speak directly to the question of what regulatory readiness should look like once it is achieved.
8. Practical and Regulatory Implications
8.1 Implications for Auditors and Audit Firms
The gaps described above are not abstractions for firms already using AI in live engagements. Where the standards strain or fall silent, firms are the ones absorbing the interpretive burden, and they are doing so unevenly. A firm with strong internal methodology groups can build validation and documentation practices that anticipate what a future standard might require. A smaller firm without that capacity is left applying general provisions as best it can, with no assurance that its interpretation will match what an inspector expects. This unevenness has inspection consequences now, not only after any future rulemaking. Practitioners who have used audit data analytics for years still report meaningful uncertainty about how their methods will be judged on inspection (Eilifsen et al., 2020), and that uncertainty compounds for firms newly adopting generative AI without any comparable experience to draw on. Firms that treat documentation and human oversight as areas requiring their own internal standard, ahead of any external requirement, are better positioned than firms waiting for guidance that has not yet arrived.
8.2 Implications for Standard Setters and U.S. Regulators
The diagnosis carries a direct message for the PCAOB and the AICPA. Technology-neutral standards have proven durable, but durability without elaboration leaves exactly the interpretive gaps this review has traced through evidence reliability, explainability, accountability, and generative AI. The 2024 amendments show the PCAOB is willing to act, but the amendments also show the limits of acting through general language addressed to technology-assisted analysis rather than through provisions that name AI directly. The asymmetry between the AICPA’s more explicit 2020 standard and the PCAOB’s later, narrower amendment is itself a regulatory signal worth the PCAOB’s attention, since public and private company audits increasingly draw on the same underlying tools. Academic engagement with pending rulemaking, evident in the formal comment the auditing standards community filed on the 2024 proposal (Boland et al., 2024), suggests standard setters have a ready audience for more specific guidance if they choose to issue it.
8.3 Implications for Investors, Financial Statement Users, and AI Technology Providers
The gaps identified here eventually reach the people the audit is meant to protect. An investor relying on an audit opinion has no way to know whether the evidence behind that opinion was validated against any defined standard, because no defined standard yet exists to validate it against. This does not mean audit quality has declined. It means the basis for trusting that quality has become harder to verify from outside the firm performing the audit. Technology providers building AI tools for the audit market face a related problem from the supply side. Building a tool that produces defensible audit evidence requires knowing what defensible means in this context, and the standards do not yet say. Providers who design for explainability, reproducibility, and validation ahead of any requirement are building toward where regulation is likely headed, while providers optimizing only for performance may find their tools difficult for audit firms to adopt once more specific guidance does arrive.
9. Recommendations
9.1 Develop Authoritative Guidance for AI-Enabled Audit Evidence
The lack of any standard definition of what constitutes artificial intelligence and a clear floor standard for an AI-assisted practice are the most fundamental gaps identified above that require authoritative guidance and not more analogies. The PCAOB and the AICPA should each issue interpretive guidance that names AI directly, building on the technology-assisted analysis language already adopted rather than replacing it. Guidance of this kind does not need to prescribe specific tools or vendors. It should clearly define, in consistent terms that firms and inspectors could use, the thresholds for disclosing use of AI in the audit approach, as well as the documentation a firm should be keeping before relying on any AI output. The academic comment already filed on the 2024 amendments shows a ready audience for this guidance and a starting point for its content (Boland et al., 2024).
9.2 Establish AI Model Validation and Testing Requirements
The absence of any analog to model validation should be addressed directly rather than left to firms to construct independently. Before a model’s output can be seen as being sufficient and appropriate, standard setters must outline minimum validation expectations, like what has already been done in other more mature regulated areas like banking. This need not mean adopting banking’s exact methodology, since audit engagements differ in scale and purpose, but it does mean establishing that some defined validation process is required rather than leaving the question open. Full population testing makes this urgent, because a model scoring every transaction has replaced sampling risk with model risk, and model risk currently has no defined treatment at all (Huang et al., 2022). A validation requirement would give both firms and inspectors a shared reference point that does not exist today.
9.3 Strengthen Documentation and Explainability Requirements
Guidance should cover what to do when the procedure cannot be described by the current documentation standard. This doesn’t mean that a particular explainability technique needs to be required. It requires specifying a floor, a minimum level of explanation below which AI-assisted evidence cannot be treated as adequately documented, drawing on the explainability methods already being developed and mapped onto audit documentation concepts in the research literature (Zhang et al., 2022; Zhong & Goel, 2024). Regarding generative AI, guidance should include information on how firms should document the results where the output can change over repeated executions; the current level of documentation is based on the premise that there is a fixed basis for any conclusion that generative tools do not naturally provide.
9.4 Define Human Oversight, Accountability, and Auditor AI Competency Requirements
Supervisory standards should clearly distinguish between the review of a colleague’s judgment and the review of a model’s output, given that the standards treat these as the same type of review, but behavioral evidence suggests they are reviewed differently by the auditor (Commerford et al., 2022). Guidance should specify what adequate human oversight of an AI-assisted procedure requires, including how a reviewer should weigh disconfirming output from a system rather than a person. This guidance should apply to competency as well as to process. The use of AI should be integrated into the educator’s training, and a reviewer should not be able to supervise a tool they are not familiar with. Liability exposure is already shifting ahead of any formal guidance on this point (Libby & Witz, 2024), which makes the case for clarity more urgent rather than less.
9.5 Establish AI Governance, Continuous Monitoring, and Generative AI Guidance
The existing frameworks in place by COSO (2021) and NIST (2023, 2024) for AI governance should be formally referenced in the assurance frameworks, and not as external reference material that firms may choose to adhere to voluntarily. Incorporation could take the form of explicit cross-reference within a PCAOB or AICPA standard, giving firms a defined governance benchmark without requiring standard setters to build one from scratch. For generative AI specifically, the PCAOB’s current staff spotlight should be developed into interpretive guidance carrying actual authority, moving from informational outreach to a standard firms can be held to.
9.6 Improve Regulatory Coordination and Mechanisms for Continuous Standards Updating
The asymmetry between the AICPA’s earlier, more explicit standard and the PCAOB’s later, narrower amendment reflects a coordination gap between the two bodies rather than a disagreement over substance. A joint working arrangement between the AICPA and the PCAOB, tasked specifically with keeping evidence standards aligned as technology changes, would prevent public and private company audits from operating under meaningfully different guidance for functionally similar work. Beyond this particular gap, the standards would benefit from a defined review cycle, a mechanism that revisits evidence and assurance standards against emerging technology on a regular schedule rather than only in response to proposals that take years to move from comment to adoption, as the 2024 amendments did.
Table 2
Recommendations Mapped to Regulatory Gaps
	Recommendations 
	Corresponding Gap

	Develop authoritative guidance for AI-enabled audit evidence
	Absence of AI-specific standards and authoritative guidance

	Establish AI model validation and testing requirements
	Evidence reliability and model validation gap

	Strengthen documentation and explainability requirements.
	Explainability and documentation gap

	Define human oversight, accountability, and auditor AI competency requirements
	Auditor accountability and liability gap

	Establish AI governance, continuous monitoring, and generative AI guidance
	AI governance, continuous monitoring, and generative AI gap

	Improve regulatory coordination and mechanisms for continuous standards updating
	Regulatory coordination gap



10. Conclusion
This review aimed to assess the preparedness of audit evidence and assurance standards for AI-assisted auditing, and the results were not a complete success, nor a total failure. The framework allows for AI where AI performs functions that the standards already envision in general terms, and where AI performs functions that the standards never envisioned, such as in model validation, explainability, and generative AI. The 2024 amendments and the AICPA’s earlier standard confirm that regulators are engaged, but engagement through technology-neutral language has not yet produced guidance specific enough to resolve the judgment calls AI-enabled evidence actually presents. This gap carries consequences beyond compliance. Firms are absorbing interpretive burden unevenly, investors face a harder task verifying what stands behind an audit opinion, and the profession’s exposure to liability is shifting ahead of any standard that addresses the shift directly. The recommendations offered here, which include authoritative guidance, validation requirements, explainability floors, calibrated accountability, incorporated governance frameworks, and better coordination between standard setters, respond to gaps this review has traced with specificity rather than general concern. Closing them will not eliminate the judgment auditing has always required. It will give that judgment the structure it currently lacks.
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