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Abstract: Audit quality is a vital basis of transparency and investor trust within the U.S. capital markets, which are regulated by
the Public Company Accounting Oversight Board (PCAOB) and the Securities and Exchange Commission (SEC). The traditional
methods of auditing that were bound by manual sampling and human influence cannot safely cope with the up-to-date data-intensive
corporate setup. This review analyzes the application of machine learning (ML) devices, deep learning (DL), and natural language
processing (NLP) in improving audit supervision of publicly traded companies. The research aim is to determine the effectiveness of
Al in terms of compliance with regulatory requirements, enhanced fraud detection, and increased investor confidence. This
conceptual paper reviews recent literature and analyzes two case studies. The first case study examines the successful implementation
of PwC’s GL.ai, which has enabled real-time anomaly detection and enhanced compliance reporting. The second is the unsuccessful
early implementation of Clara Al at KPMG, which was marred by data bias and obscurity of the algorithm. Results indicate that Al
implementation improves the accuracy of audits, speeds up the process of compliance control, and makes risk assessment more
reliable, but there are still ethical and technical issues. The research concludes that successful Al implementation with the help of
explainable Al models, governance structures, and professional education can turn hurdle-retrospective verification of auditing into
predictive assurance. Finally, responsibly implementing Al technologies improves the quality of audit and builds trust in the integrity
and transparency of financial reporting through the U.S. capital markets.
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INTRODUCTION

Trust in capital markets in the U.S. is anchored by
the quality of audits, which are strictly overseen by
the supervision of the Public Company Accounting
Oversight Board (PCAOB) and the Securities and
Exchange Commission (SEC) (Wijaya et al.,
2025). Such regulators focus on transparency,
accountability, and reliability of financial reporting
(PCAOB, 2020). Nevertheless, the intensive
expansion of  data-intensive operations,
globalization, and  sophisticated  financial
instruments has challenged the viability of
conventional audit models (Sun and Vasarhelyi,
2018).

The development of artificial intelligence (Al) and,
more specifically, machine learning (ML), deep
learning (DL), and natural language processing
(NLP) has completely transformed auditing
through the ability of automated data analysis,
anomaly identification, and predictive risk
evaluation (McAfee and Brynjolfsson, 2017; Issa
et al., 2016). Financial anomalies and quality of
assurance can be revealed through Al-related tools
that can process large amounts of data with greater
speed and accuracy (Kokina and Davenport,
2017). Besides, the adoption of Al is congruent
with the PCAOB vision of continuous audit and
adaptive supervision, which promotes compliance

monitoring in real-time (Christensen et al., 2015;
Syam et al., 2025).

Recent studies state that the use of Al in auditing
not only enhances compliance with regulatory
standards but also increases transparency and
decreases the risk of financial restatements, which
in the end increases investor confidence (Wijaya et
al., 2025). The use of intelligent automation in the
audits will help the firms attain more compliance
with regulatory standards and bring new investor
confidence to financial reporting. This paper
reviews current qualitative evidence to assess the
extent to which Al innovations are transforming
audit quality in publicly traded companies.

METHODOLOGY

Theoretical Framework

This study is supported by the Agency Theory and
Technology-Organization-Environment (TOE)
Framework, which collectively regulates the use of
Al to improve the quality of audits in public
companies (Machine, 2021). The Agency Theory
assumes that the process of audit helps in reducing
the information asymmetry between the
management and the shareholders to promote trust
and accountability (Christensen et al., 2015; Al-
Faryan, 2024). Al reinforces this process by
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enhancing fraud detection, analytical accuracy, and
independence of the auditor (Issa et al., 2016).

The TOE Framework (Wael Al-khatib, 2023)
highlights the interplay of technological capability,
readiness in the organization, and the regulatory
environment in the adoption of Al The
organizational disposition to adopt Al-driven
auditing tools is determined by compliance with
PCAOB standards and SEC  standards
(Sewpersadh, 2025). Collectively,  these
frameworks explain why Al mediates the
relationship between technology adoption, audit
guality, and investor confidence, which increases
assurance reliability in the capital markets
(Celestin, 2020; Alhazmi et al., 2025).

Theoretical Background

Theoretical foundations of Al in auditing are based
on the development of computational intelligence
and audit analytics, which are in line with the
changing role of auditors in data-driven settings
(Sun et al., 2024). Machine learning (ML) and
natural language processing (NLP) are examples
of Al technologies that automate the collection of
evidence, detection of anomalies, and risk
evaluation (Kokina and Davenport, 2017; Ofori-
Boateng et al., 2024). These tools implement the
principles of continuous auditing
operationalization to ensure real-time assurance in
accordance with PCAOB standards (Sun &
Vasarhelyi, 2018).

Previous research indicates that Al helps improve
the quality of auditor judgments, minimize human
bias, and favor regulatory compliance (Fedyk et
al., 2022). The audit expectancy theory is also
further enhanced by the consideration of the
integration of Al, which has been able to fill the
gap between the expectations of the stakeholders
regarding transparency and the potential of the
auditors (Christensen et al., 2015). In this way, the
theoretical background determines how the
analytical and predictive potential of Al redefines
the epistemology of auditing into a more proactive
and data-based form of financial assurance.

Traditional Auditing Practices

The conventional approach to auditing has been
the foundation of financial oversight, which
focuses on manual verification of financial
documents, testing transactions, and compliance
with traditional auditing standards (Babalola et al.,
2022). Historically, audits relied on numerous
documentation reviews, reconciliations, and
sampling methods to ensure that financial

statements are accurate and compliant with
regulations (Babalola et al., 2022). The traditional
methods, however, are labor-intensive, time-
consuming, and prone to human error. With the
growth of business transactions and volumes of
data, auditors increasingly have a hard time
effectively detecting discrepancies using simple
statistical or manual tools (Wijaya et al., 2025).

The imperative weakness of conventional auditing
is that it relies on sampling, in which only a
portion of the transactions are analyzed. This
technique is readily susceptible to fraud or
misstatements concealed by untested data blocks
(Celestin et al., 2024). In addition, human auditors
fall prey to cognitive biases, including the
confirmation bias that could impair judgment and
selective attention (Camilli et al., 2024). The
traditional approaches are no longer adequate as
organizations are becoming complex and
increasingly data-focused (Celestin et al., 2024).

As a result, technological intervention, especially
in the form of artificial intelligence (Al) and
machine learning (ML), is now inevitable. These
technologies are used to automate data processing,
reduce human error, and deliver real-time auditing
continuously (Celestin et al., 2024). Manual-to-Al-
enhanced auditing shifts make audits more reliable
and efficient, and compliance with regulations in
the new financial audit.

Importance of Artificial Intelligence in U. S.
Public Companies’ Auditing

Auditing of U.S. public companies has been
largely transformed by artificial intelligence (Al)
as a critical innovation that has boosted audit
quality, accuracy, and regulatory compliance.
Recent research points to the capability of Al in
processing huge amounts of data, identifying
anomalies, and minimizing the human factor in its
judgment (Wijaya et al., 2025). Continued auditing
is facilitated by machine learning and natural
language processing tools in accordance with
PCAOB and SEC requirements (Celestin et al.,
2024). Analytics based on Al enhance the
detection of fraud and real-time risk assessment,
which increase investor confidence (Al-Omush et
al., 2025). Nevertheless, the issue of algorithmic
transparency and ethical governance remains, with
a focus on the responsible implementation of Al in
the field of audits (Obodai et al., 2025).

Al and Audit Quality Enhancement
The implementation of artificial intelligence (Al)
in auditing has revolutionized the process of
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analysis, assessment, and verification of financial
information by auditors, significantly increasing
the quality of audits. Al-based analytics have the
same benefit as computational efficiency and
predictive modeling: finding anomalies that human
auditors may not notice. As Bakumenko and
Elragal (2022) highlighted, machine learning (ML)
algorithms can further increase the capability of
auditors to detect financial anomalies promptly
and  accurately by  constructing  large,
multidimensional data sets that are beyond the
reach of manual sampling (Bakumenko & Elragal,
2022). Landers et al. (2023) also revealed that Al
tools enhance objectivity and consistency of audit
judgment by lessening the impact of human bias
and  harmonizing  the  evidence-gathering
procedures (Landers et al., 2023). The more
sophisticated Al systems combine pattern
recognition, clustering, and deep learning to detect
minor anomalies that signify fraud or ineffective
operations. As an example, natural language
processing (NLP) models allow auditors to
squeeze insights out of textual disclosures,
management commentary, and financial reports
and enhance narrative risk evaluation (Issa et al.,
2016). The use of Al to analyze real-time data has
also been identified as a means of improving
oversight and minimizing audit lag (Sun and
Vasarhelyi, 2018). A high degree of precision in
the analysis of Al enhances audit opinion
reliability, resulting in a higher degree of
confidence in financial reporting (Rajput and
Katamba, 2024). Nevertheless, there are still
concerns about the possibility of the algorithmic
lack of transparency and interpretability, which
may blur the audit evidence trails (Celestin et al.,
2024). However, most scholars agree that Al has
considerably increased the quality of audits by
facilitating the detection of anomalies, reducing
sampling risk, and delivering ongoing assurance,
which meets the quality control standards set forth
by PCAOB (Del Caprio, 2025).

Al in Regulatory Compliance

Al technologies are progressively incorporated in
the auditors' work to meet strict regulatory
requirements from the SEC and PCAOB (Celestin
et al., 2024). Del Caprio (2025) emphasized Al-
based audit systems supporting ongoing
compliance monitoring by automation of data
validation, review of documentation, and testing
controls (Del Caprio, 2025). The tools compare
transaction records to SEC and PCAOB
benchmarks, which help auditors pinpoint possible
breaches in compliance as they occur. Elumilade et

al. (2021) recognized the revolutionary impact of
Al on regulatory oversight, especially in terms of
early fraud detection and audit sufficiency to
certain standards of evidence (Elumilade et al.,
2021). The adoption of Al analytics and auditors’
ability to adjust quickly to continually changing
compliance needs was also observed by Ganapathy
(2023), which implies that the audit risk is reduced
while transparency is improved (Ganapathy,
2023). Al-powered compliance management
systems incorporate predictive analytics and ML
techniques to provide dynamic audit risk
assessment so auditors can focus on auditing high-
risk areas to optimize resource utilization (Kokina
& Davenport, 2017). Natural language models also
facilitate tracking changes in SEC regulations to
keep audit teams up to date with disclosure
requirements (Mokander et al., 2024). In addition,
Al improves audit documentation integrity with
blockchain-involved confirmation, which
guarantees the evidence trail and evidence exists
(Zhang et al., 2025). However, issues around
algorithmic accountability as well as data privacy
continue to trouble despite these advantages and
still underscore the importance of governance
frameworks for ethical Al use (Oladosu et al.,
2024). In conclusion, Al helps to create an audit
environment that is more responsive and data-
driven, leading to a more accurate and timelier
audit, whilst preserving the value of professional
judgment and compliance integrity (Celestin et al.,
2024).

Machine Learning for Fraud Detection and
Risk Assessment

Machine learning (ML) has played an increasingly
important role in today’s audit practices, especially
for identifying and preventing financial fraud and
evaluating audit risk. Large datasets of historical
transaction information and powerful ML
algorithms can be used to identify sophisticated
patterns of fraud that human auditors may have
missed (Elumilade et al., 2021). Rane et al. (2024)
indicated that deep learning and ensemble models
are superior to classical statistical methods in the
identification of non-linear relationships within
very large, unstructured datasets like journal
entries and expense claims (Rane et al., 2024). Al-
based applications with anomaly detection and
clustering algorithms may be used for the
identification of transactions that are not normal
financial behavior from the audit perspective,
which will lead to better identification of
fraudulent activities in time (Issa et al., 2016).
NLP systems also improve fraud detection through
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textual disclosures, audit notes, and linguistic cues
analysis, possibly accompanied by deception or
risk (Rozario & Vasarhelyi, 2018). The
incorporation of these tools in the audit process
enables ongoing risk assessment consistent with
the PCAOB's interest in dynamic audit planning
(Celestin et al., 2024).

George (2023) claims that Al-based fraud
detection improves the quality of auditors’
judgment by providing them with objective data
signals and not using intuition or expert opinion
(George, 2023). In addition, the integration of ML
with predictive analytics allows proactive risk
modeling, which can assist firms in prioritizing
resources for audit (llori et al, 2024).
Nevertheless, explainability remains an issue,
especially in black-box models where algorithmic
reasoning is not readily expressible (Hassija et al.,
2024). Despite these obstacles, ML changed the
expectations and definitions of fraud detection and
risk evaluation by drastically increasing the
accuracy of detection, reducing delays in auditing,
and strengthening market belief in more verifiable
assurance results (Del Caprio 2025).

Deep Learning and Neural Networks in
Modern Auditing

Deep learning (DL) and neural network (NN)
models have long been recognized as
transformative innovations in the auditing field
because they offer a higher level of analytical
precision, forecasting reliability, and operational
efficiency (Ghafar et al., 2024). These tools,
especially Convolutional Neural Networks (CNN)
and Recurrent Neural Networks (RNN), allow
auditors to examine large volumes of messy
financial data that would be impractical for
standard audit analytics to handle (Rajput &
Katamba, 2024). With a better understanding of
complex data patterns, DL models can be used to
identify ~ anomalies, automate transaction
classification, and allow for near real-time
monitoring following U.S. security Exchange
Commission (SEC) and Public Company
Accounting Oversight Board (PCAOB) standards
(Olawore et al., 2025).

Finally, DL and NN applications improve audit
quality, efficiency, and reliability of testing to
support PCAOB’s objectives for evidence of
sufficiency and for a risk-based audit (Celestin et
al., 2024). Nevertheless, scholars warn that
auditors need to deal with transparency and bias in
models for the sake of ethical and regulatory
conformity (Bahangulu & Owusu-Berko, 2025). In

a responsible configuration, DL and NN
revolutionize the traditional function of auditing
by proactively shaping audit from retrospective
review to forward-looking assurance to enhance
both audit quality and their reliability in public
capital markets (Al-Omush et al., 2025).

Investor Confidence and Transparency

Al is instrumental in boosting investor confidence
by strengthening transparency, trustworthiness,
and predictability of audit results. Del Caprio
(2025) noted that an Al-based auditor would
reduce the perceived financial reporting risks by
promoting consistent and unbiased analysis (Del
Caprio,2025). Al discovers risk patterns that are
indicative of future irregularities, which enables
auditors to offer more forward-looking assurance
(Ishrat et al., 2025). Al-based continuous auditing
systems allow stakeholders to monitor financial
data in real-time, corresponding with PCAOB’s
efforts of promoting enhanced disclosure
transparency (Friday et al. 2024). Through
providing nearly real-time assurance, Al reduces
the information asymmetry between firms and
investors, which increases confidence in financial
statements (Zhao, 2023). Sentiment analysis tools
in NLP are also used to analyze the tone as well as
credibility of management disclosures, allowing
investors to better judge their potential risks
(Ranjan et al., 2025). But using darker, more
inscrutable Al algorithms could potentially
obscure transparency if it is not well-governed.
Lee (2022) warned that opacity can lead to audit
black boxes, in which auditors and investors
cannot easily comprehend the decision logic (Lee,
2022). While the limitation in the first example
was price-related, this is limited from an even
higher-level perspective; to mitigate these potential
harms, researchers call for explainable Al
structures and regulatory processes that ensure
ethical application (Akhtar, 2024). Lastly, the
application of Al in auditing enhances trust among
investors as auditors can provide more accurate,
objective, and timely audits. When properly
regulated, AD’s ability in prediction and analysis
cannot only directly improve audit quality but also
can enhance the soundness and transparency of
U.S. capital markets, promoting lasting investor
confidence (Friday et al., 2024).

Impact on Audit Quality

With artificial intelligence (Al) in the auditing
industry, auditors have seen an improvement in
audit quality due to improved sufficiency of
evidence, analytical precision, and coverage
(Mpofu, 2023). Historical audit practices were
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sample based, which could result in the possibility
of material misstatements being covered up
(Babalola et al., 2022). However, Al-based
products analyze full populations of transactions
that is100% testing rather than transaction
sampling, hence cutting detection risk and raising
the audit assurance level (Al-Omush et al., 2025).
ML algorithms detect abnormal patterns and
relationships in financial data, such as fraud or
misrepresentation, whereas anomaly detection
methods help auditors concentrate their attention
on high-risk regions (Wijaya et al., 2025). Al
improves the timeliness and accuracy of auditing
based on empirical studies (Al-Omush et al.,
2025). Sun and Vasarhelyi (2018) proved that Al
enabled by continuous auditing can conduct real-
time transaction monitoring, which responds to the
PCAOB?’s advocacy for CA (Sun and Vasarhelyi,
2018). These systems automatically identify
strange occurrences not in the normative pattern of
financial activity, which auditors can look at
almost as soon as they happen. Kokina and
Davenport (2017) also demonstrated that Al
supplements human judgment through enhancing
consistency and mitigating cognitive bias in
analytical review) Kokina and Davenport, 2017).
Al adoption also improves professional skepticism
in conducting data triangulation across various
sources (Karim et al., 2025).

Indeed, from a market point of view, Christensen
et al. (2015) argue that greater reliability of audits
adds to market transparency and the confidence of
investors, since Al-aided auditing minimizes
biases and errors (Christensen et al., 2015). With
all these positive aspects, researchers, for instance
Rane et al. (2025) warn that the quality of Al
output depends significantly on its source, as well
as algorithm design (Rane et al., 2025). However,
the evidence overwhelmingly shows that Al
applications  through  automation, predictive
analytics, and anomaly detection dramatically
enhance audit quality, assure compliance with SEC
and PCAOB requirements, and enhance investor
trust in the dependability of financial reporting
(Al-Omush et al., 2025).

Ethical & Implementation Challenges

Although Al has significantly enhanced audit
productivity and fraud detection, the application of
these tools brings ethical, regulatory, and
methodological concerns. Foremost among these
are issues of data privacy, algorithmic
transparency, and model explainability (Elumilade
et al., 2021). Al models are usually trained on
confidential ~ financial data and customer

communication, which raises the worry of
unauthorized access or misuse of the data (Rane et
al., 2023). Auditors must balance the depth of their
analysis with the SEC and PCAOB levels of
confidentiality. In addition, many Al instruments
like deep learning algorithms function as black
boxes and provide little insight into how the
decisions are made (Hassija et al., 2024). This
opacity hampers auditors’ ability to support
conclusions and may not be consistent with
PCAOB documentation standards for the
sufficiency of audit evidence (Eulerich et al.,
2025). Another ethical concern is algorithmic bias.
Discriminatory training data can result in biased
risk evaluation, which can mistakenly identify
genuine service from fraudulent or vice versa
(Christensen et al., 2015). Researchers have
stressed the need for XAI frameworks where
auditors can track reasoning algorithms (Chamola,
2023). To address such risks, multinational
corporations like PwC have begun to create a
Responsible Al Toolkit that focuses on fairness,
responsibility, transparency, and human control of
Al use (Del Caprio 2025). Other implementation
challenges involve the integration costs, skill gaps,
and regulatory uncertainty. Many firms lack
technical infrastructure and trained personnel to
appropriately interpret Al outputs (Kokina &
Davenport, 2017). According to McGregor (2020),
auditors are often met with resistance from other
stakeholders for fear that automation will eliminate
professional  judgment  (McGregor, 2020).
Moreover, the differences between PCAOB
essential and flexible requirements and the rapid
development of Al audit methodologies leave
ambiguity about acceptable assurance standards
(Al-Omush et al., 2025).

Since Al technologies are not regulated, they may
be misused or hacked. Auditors should implement
governance protocols, such as Al model
validation. Peters (2023) suggests that ensuring
responsible Al implementation would be the
integration of automation with professional
skepticism (Peters, 2023). Ultimately, ethics and
operational risks should be addressed. The
regulation ensures the Al-based audit quality
complements, not destroys, the U.S. capital
markets’ integrity.

CASE STUDIES

Case Study 1: PricewaterhouseCoopers (PwC’s)
GL.ai

PwC’s GL.ai audit platform is one of the leading
Al applications in public company audits.
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Introduced globally in 2017, GL.ai built on
machine learning and natural language processing
to dissect whole populations of financial
transactions instead of conventional sampling
methods (Seethamraju & Hecimovic, 2023). The
system detects abnormal, rare inclusions and
possible fraud cases in real time, giving the
auditors valuable information for risk management
and confirmation of compliance risk. Sun and
Vasarhelyi (2018) point out that this system fits
the PCAOB’s intent for continuous auditing and
evidence of sufficiency (Sun and Vasarhelyi,
2018). Empirical evidence from internal reports of
PwC indicates a 30% increase in anomaly
detection effectiveness with a 40% minimal audit
lag by using automation (Dasinapa & Ermawati,
2024). Furthermore, GL.ai simply provides
traceable audit trails, in line with the SEC. The
transparency of the system can also help auditors
explain why Al-generated conclusions should be
trusted, increasing confidence in audit results. As a
result, GL.ai has enhanced the reliability of
auditing, investor confidence, and regulatory
compliance, as an example of 'how Al may
ethically augment professional judgment and
enhance audit quality in large-scale engagements'
(Tiron-Tudor & Deliu, 2022).

Case Study 2: KPMG’s Clara Al

By contrast, KPMG’s Clara Al platform serves as
a warning to the dangers of forcing Al too early
into audit. Clara Al was first released in 2019 as an
offer that would automate the audit risk assessment
and documentation process. However, its initial
application was met with operational and ethical
difficulties, such as algorithmic bias, erratic data
aggregation, and scarcity of visibility into model
decision-making. Clara was found to have many
false positives with fraud detection, which caused
auditors to lose trust and required more work
(Mitan, 2024). Poor staff training also contributed
to the misinterpretation of Al outputs, which
contradicted PCAOB documentation requirements
for the sufficiency of audit evidence. Later SEC
inspections found irregularities in audit reports,
causing KPMG to pause the temporary
deployment of the platform for recalibration.
Mitan (2024) stresses that the failure was not due
to AD’s potential but to the absence of appropriate
governance, model validation, and auditor
education (Mitan, 22024). The case of Clara points
to the need for clear algorithms as well as human
supervision and ethical compliance frameworks.
Absence of these controls, Al aids run the risk of
adversely affecting the audit quality that they are

supposed to supplement, and thus, it becomes
evident that technology is not a replacement for
professional responsibility or robust regulatory
congruency (Al-Omush et al., 2025).

Research Gap

Although an extensive body of academic literature
addresses the nature and implications of Al’s
influence on audit efficiency, fraud detection, and
regulatory compliance, very little is known about
how governance Al evolves within regulated
auditing contexts. While there are much content
discussing things like what Al can do, such as
anomaly detection or predictive modeling, few are
discussing how this new tooling fits within the
SEC and PCAOB compliance frameworks. In
addition, there is scarce empirical research on the
cooperation between auditors and Al in relation to
explainability and accountability of Al-augmented
decision-making. Research also lacks coverage on
ethical and legal issues of data privacy, algorithm
bias, and model transparency in auditing. In
addition, comparative kinds of investigations
between successful and failed Al implementations
remain rare, complicating the issue around exactly
which factors are so crucial to continuous Al
adoption.  This  disconnect  highlights the
importance of bringing together a broad range of
multi-stakeholder research looking at regulatory
approaches, firm-level responses, and empirical
evidence on audit outcomes. In the future, more
research is needed to establish its own standards
for governing Al audits so that innovation and
regulation are balanced in the chorus of
confidence.

DISCUSSION AND FINDINGS

The results of our study demonstrate that Al
technologies have a substantial positive impact on
audit quality, efficiency, and compliance in the
public sector. The successful ones, like PwC's
GL.ai, prove that ML and NLP are beneficial in
AF detection, decreasing audit lag time, and
increasing sufficiency of evidence (Seethamraju &
Hecimovic, 2023). These are compatible with the
PCAOB’s emphasis on continuous assurance,
enabling real-time monitoring and auditable trails
of audits. The results also provide evidence that
investor confidence is enhanced when the audits
are robot-assisted since robots eliminate human
subjectivity and, consequently, enhance the
reliability of financial information (Tiron-Tudor &
Deliu, 2022). However, the case for KPMG Clara
reflects ongoing difficulties with implementation
(Mitan  2024). Also, opaque algorithms,
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incomplete data integration, and a lack of training
will degrade audit quality and violate regulations.
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