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ABSTRACT

Received:28/11/2025 [This study examines the transformative role of Artificial Intelligence (Al) in enhancing audii
Revised: 05/12/2025 |quality within the financial services sector. Grounded in the Technology Acceptance Mode
Accepted: 19/12/2025 TAM), the research investigates five key AI components Al-powered fraud detection, Al-
Published:26/12/2025 based data analytics, real-time monitoring, Al-assisted risk assessment, and human—Al

collaboration. A quantitative research design was adopted, and data were collected from auditors
using a structured questionnaire. Hierarchical multiple regression analysis revealed that Al-
based data analytics and human—AlI collaboration are the most influential predictors of audi
quality, while the remaining Al dimensions also contribute significantly. The model explains
71% of the variance in audit quality, demonstrating the substantial impact of Al-enabled tools
on assurance effectiveness, anomaly detection, and decision accuracy. Findings highlight the
need for updated audit standards, enhanced Al training, and ethical governance frameworks tc
upport responsible adoption. The study contributes empirical evidence to Al-driven auditing

nd offers practical insights for audit firms and regulators.
eywords: Al Technology, Audit assurance, Audit quality, Fraud Detection, Human-Al

ollaboration.

1. INTRODUCTION:

The ongoing wave of digital transformation has
profoundly altered the landscape of financial services,
reshaping how organizations collect, process, and
validates financial information. Among the most
transformative technologies driving this change is
Artificial Intelligence (AI), which is redefining the
traditional boundaries of auditing and assurance (Issa et
al., 2016). The audit profession—long dependent on
human judgment, sampling techniques, and manual
verification—is now increasingly influenced by
intelligent systems capable of processing vast volumes of
structured and unstructured data in real time (Vasarhelyi
etal., 2021).

This research thus seeks to empirically analyze the
relationship between Al adoption and audit quality across
five core domains of application:

Al-powered fraud detection software,

Al-based data analytics and pattern recognition,
Al-enabled monitoring and real-time analysis,
Al-assisted risk assessment and prioritization, and Human—
Al collaboration and oversight.

Through quantitative analysis using survey data and
multiple regression techniques, the study tests the
statistical significance of AI components and their
collective impact on audit quality. The findings are
expected to provide actionable insights for regulators,
audit practitioners, and academic institutions, highlighting
the importance of responsible AI governance, skill
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development, and ethical frameworks to ensure
trustworthy and transparent audit automation.

Statement of the problem:

Al adoption is transforming auditing, yet uncertainty
persists regarding its real impact on audit quality,
especially in developing economies with uneven
technological readiness and limited regulatory guidance.
Challenges around algorithmic bias, auditor acceptance,
ethical safeguards, and inconsistent Al implementation
highlight the need for empirical evidence on how Al tools
collectively influence audit assurance.

2. LITERATURE REVIEW:

Artificial Intelligence (Al) is increasingly regarded as a
transformative force in auditing, capable of automating
complex, repetitive tasks and improving both efficiency
and assurance quality. According to Vasarhelyi et al.
(2021), AT has shifted auditing from sample-based testing
toward continuous, data-driven auditing that offers real-
time insights. Al techniques such as machine learning
(ML), natural language processing (NLP), and computer
vision allow auditors to analyze large datasets, identify
anomalies, and interpret unstructured data sources,
thereby enhancing audit precision and timeliness (Sun &
Liu, 2022).

Al-enabled fraud detection systems use algorithms to
identify deviations in financial patterns that may indicate
fraudulent behavior. Issa et al. (2016) emphasize that
machine learning algorithms trained on historical fraud
data can flag unusual transactions in real time, reducing
detection lag. Similarly, Brown-Liburd and Vasarhelyi
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(2015) argue that AI supports predictive analytics,
allowing auditors to proactively identify high-risk areas
and focus resources where misstatements are most likely
to occur.

Advanced data analytics tools powered by Al enable
auditors to process entire datasets instead of using sample-
based techniques. Yoon et al. (2015) found that Al-based
analytics significantly improve audit evidence sufficiency
and help identify subtle relationships among variables that
manual audits might overlook. Kokina and Davenport
(2017) noted that Al-driven analytics enhance auditors’
ability to extract meaningful insights from complex
financial data and strengthen decision-making credibility.

Al does not replace auditor judgment but rather augments
it. Kokina and Davenport (2017) proposed that human—AlT
collaboration enables auditors to combine computational
precision with professional skepticism. Sutton et al.
(2016) found that auditors’ trust in Al depends on system
transparency, organizational culture, and prior experience
with analytics.

The Technology Acceptance Model (TAM) provides a
strong behavioral foundation for understanding how
auditors adopt Al. According to Davis (1989), perceived
usefulness (PU) and perceived ease of use (PEOU)
determine technology adoption. Studies by Sulaiman et al.
(2020) and Sutton et al. (2016) applied TAM in auditing
contexts, confirming that auditors’ beliefs about the
usefulness and usability of Al tools strongly influence
their adoption intentions.

In this study, TAM is extended to include AI adoption
dimensions—fraud detection, data analytics, monitoring,
risk assessment, and collaboration—as determinants of
audit assurance and quality outcomes.

Research Gap:

Although AI’s audit applications are widely discussed,
empirical evidence remains limited. Research rarely
integrates multiple Al tools, human—Al collaboration,
TAM factors, and regulatory influences, especially in
developing economies. A comprehensive quantitative
model is needed to evaluate how diverse Al dimensions
collectively shape audit quality in digitally transforming
financial services.

Research Questions:
The present study answers the following questions:

What is the overall impact of Artificial Intelligence (AI)
adoption on audit quality in the financial services sector?

How does the use of Al-powered fraud detection software
influence audit quality outcomes?

To what extent do Al-based data analytics and pattern
recognition enhance audit assurance and reduce human
error in auditing?

How does Al-enabled monitoring and real-time analysis
affect the timeliness, accuracy, and reliability of audit
findings?

What is the relationship between Al-assisted risk
assessment and prioritization and auditors’ ability to
identify material misstatements?

How does Human—AlI collaboration and oversight
moderate or strengthen the effect of Al systems on audit
assurance and judgment quality?

How do auditors’ perceived usefulness and perceived ease
of use of Al tools (as per the Technology Acceptance
Model) predict the extent of Al adoption in auditing
practices?

3. RESEARCH OBJECTIVES:

The general objective is to examine the overall impact of
Artificial Intelligence (AI) adoption on audit assurance
and audit quality within the financial services sector.
Other specific objectives are:

To analyze the influence of Al-powered fraud detection
software on the quality and reliability of audit outcomes.

To evaluate the effect of Al-based data analytics and
pattern recognition tools on auditors’ ability to identify
anomalies and enhance audit assurance.

To assess how Al-enabled monitoring and real-time
analysis improve the timeliness, efficiency, and accuracy
of the auditing process.

To determine the relationship between Al-assisted risk
assessment and prioritization and auditors’ capacity to
detect material misstatements and risk factors.

To investigate the role of human—Al collaboration and
oversight in ensuring ethical, transparent, and high-quality
audit judgments.

To examine how auditors’ perceived usefulness and
perceived ease of use of Al tools (as per the Technology
Acceptance Model) influence Al adoption in auditing.

To propose practical recommendations for regulators,
audit firms, and academic institutions to enhance ethical
and effective implementation of Al in auditing practices.

Hypothesis Statement:

The application of Artificial Intelligence (AI) in auditing
has been recognized as a catalyst for digital
transformation in financial services, improving accuracy,
timeliness, and efficiency of assurance processes.
Previous studies highlight that AI enhances anomaly
detection, strengthens fraud analytics, and supports data-
driven decision-making (Issa et al., 2016; Sun & Liu,
2022).

Drawing upon the Technology Acceptance Model (TAM)
(Davis, 1989), this study assumes that auditors’ perceived
usefulness (PU) and perceived ease of use (PEOU) of Al
systems influence their willingness to adopt Al-driven
tools, which in turn affects audit quality. Accordingly,
hypotheses are developed to capture both technological
and behavioral determinants of audit outcomes. The
following are the hypothesis stated for the study:

H1: Al-powered fraud detection systems have a
significant positive effect on audit quality.

H2: Al-based data analytics and pattern recognition have
a significant positive effect on audit quality.

H3: Al-enabled monitoring and real-time analysis have a
significant positive effect on audit quality.
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H4: Al-assisted risk assessment and prioritization have a
significant positive effect on audit quality.

HS: Human—AI collaboration and oversight have a
significant positive effect on audit quality.

H6: Perceived usefulness (PU) of Al tools positively
influences auditors’ intention to adopt Al in auditing.

H7: Perceived ease of use (PEOU) of Al tools positively
influences auditors’ intention to adopt Al in auditing.

Conceptual Model for Regression Testing:

The conceptual model depicts the relationships among the
variables to be tested empirically through multiple
regression analysis.

Audit Quality (AQ) = B0 + 1 (FD) + B2 (DA) + B3 (RT)
+ PB4 (RA) +B5 (HAC) +¢

Where:

FD = Al-powered Fraud Detection

DA = Al-based Data Analytics and Pattern Recognition
RT = Al-enabled Monitoring and Real-Time Analysis
RA = Al-assisted Risk Assessment and Prioritization
HAC = Human—AI Collaboration & Oversight

AQ = Audit Quality

PU = Perceived Usefulness

PEOU = Perceived Ease of Use

4. RESEARCH METHODOLOGY:

9.1 Theoretical Framework: Integration of TAM with
Al Dimensions in Auditing:

This study extends TAM by linking its constructs (PU and
PEOU) with five critical AI dimensions that characterize
digital transformation in auditing:

Al-powered Fraud Detection Software

Al-based Data Analytics and Pattern Recognition
Al-enabled Monitoring and Real-time Analysis
Al-assisted Risk Assessment and Prioritization
Human—AlI Collaboration and Oversight

These dimensions represent both technological
functionalities and human oversight mechanisms
influencing audit quality (Vasarhelyi et al., 2021; Raschke
& Krishen, 2022).

The integration of TAM and Al dimensions forms a
comprehensive model explaining not only the behavioral
intention to adopt Al but also its measurable impact on
audit assurance and quality outcomes.

9.2 Table Showing Summary of Theoretical Linkages:

Theory/Model | Key Application to
Constructs Study

Technology Perceived Explains

Acceptance Usefulness auditors’

Model (Davis, | (PU), Perceived | behavioral

1989) intention and

Ease of Use
(PEOU)

adoption of Al
tools

Audit  Quality
Theory

Detection  and
reporting of

Measures how
Al adoption

(DeAngelo, material impacts

1981) misstatements assurance
reliability  and
quality

Digital Automation, Provides

Transformation | Analytics, Real- | technological

Framework time foundation  for

(Vasarhelyi et | Monitoring Al dimensions

al., 2021)

Ethical and | Accountability, Ensures Al

Governance Transparency, implementation

Perspective Oversight aligns with

(OECD, 2021; professional and

IAASB, 2023) ethical standards

Source: From Study
9.3 Theoretical Propositions:

Based on this integrated framework, the study
theoretically proposes that:

The adoption of Al tools in auditing is positively
influenced by auditors’ perceptions of usefulness and ease
of use.

Each Al functional dimension (fraud detection, analytics,
monitoring, risk assessment, and collaboration)
significantly enhances audit quality =~ when properly
governed.

Human—AI collaboration serves as a critical moderating
factor that ensures ethical and reliable audit outcomes.

9.4 Research Design

This study adopts a quantitative, descriptive, and
explanatory research design to examine the impact of
Artificial Intelligence (AI) adoption on audit quality
within the financial services sector. The research is
explanatory because it seeks to test cause—effect
relationships among variables using statistical methods,
and descriptive because it profiles the usage of Al tools in
auditing contexts. A cross-sectional survey approach was
used to collect primary data from practicing auditors at a
single point in time, consistent with prior studies on
technology adoption (Sulaiman et al., 2020).

9.5 Population and Sampling:
Population

The population consists of:
External auditors,

Internal auditors, and

Audit managers/partners

working in financial services audit engagements (banks,
NBFCs, insurance companies, and financial technology
firms).

9.6 Sampling Technique:
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A purposive sampling method was adopted, as Al
adoption is more prevalent among technologically capable
audit practitioners. Respondents were selected based on
their:

Experience in auditing financial service organizations
Familiarity with Al-enabled audit tools

Involvement in risk assessment, fraud detection, or data
analytics tasks

9.7 Population Size:

The study’s population comprises approximately 2,500
auditors working in financial services, including external
and internal auditors, managers, and partners across
banks, NBFCs, insurance, and fintech firms. These
auditors, exposed to technology-driven audit processes,
form a relevant group for evaluating Al adoption and its
impact on audit quality.

9.8 Sampling Technique:

This study uses stratified sampling to represent diverse
auditor groups within financial services. By dividing
2,500 auditors into strata such as external, internal, and
audit managers, the method ensures proportional
selection, reduces bias, and captures varied experiences
with Al tools including fraud detection, data analytics,
monitoring, and risk assessment.

9.9 Sample Size: The sample size was determined by
using Yamane’s formula (1967) as given below:

= N
" 1+ Ne?

Where N=2500 (total population of auditors in the target
frame) and e=0.05 (margin of error, 95% confidence).
Substituting:

2500 2500 2500

~1+625 725

= — =~ 344.82
"= 11 2500(0.05)2 g

Rounding up, the required sample size is 345 respondents
(Yamane, 1967). To allow for non-response and
incomplete questionnaires, it is recommended to
oversample by 10-15% (target collection = 380400
responses) so the final usable sample remains >345
(Dillman et al., 2014).

9.10 Sources of Data: This study uses primary data from
auditors in financial services via an electronic
questionnaire assessing experiences with Al tools.
Secondary data from scholarly articles, industry reports,
and regulatory documents support theory and instrument
development. Together, these sources provide a
comprehensive foundation for examining Al adoption and
its impact on audit quality.

9.11 Method of Data Analysis:

The data collected through the structured questionnaire
will be analyzed using IBM SPSS Statistics. The analysis
will follow a systematic set of procedures to ensure
accuracy, reliability, and validity of results, and to test the
research hypotheses related to the impact of various Al
components on audit quality.

Data Presentation and Analysis:

Table 10.1: Descriptive Statistics for Study Variables
(N = 345):

Constructs M SD Skewness | Kurtosis

Al-Powered 346 | 0.72 | -0.12 -0.21
Fraud
Detection (FD)

Al-Based Data | 3.92 | 0.68 | —0.34 —-0.06
Analytics (DA)

Al Real-Time | 3.58 | 0.70 | —0.02 -0.31
Monitoring
(RT)

Al-Assisted 3.53 | 0.66 | 0.07 -0.28
Risk
Assessment
(RA)

Human-AI 371 | 0.63 | -0.10 —0.11
Collaboration
(HAC)

Audit  Quality | 3.88 | 0.61 | —0.19 —0.02
(AQ)

Source: From SPSS output

Note: All items measured on a five point likert scale

Interpretation: Table 10.1 presents the descriptive
statistics for all study variables. The means ranged from

3.46 to 3.92, indicating moderately high adoption of Al
tools among auditors. Skewness and kurtosis values fell
within acceptable limits (£1), suggesting approximate
normality suitable for parametric analysis.

Table 10.2: Correlation Matrix

Constructs| AQ | FD DA | RT RA | HAC
AQ 1 STHRE | TIRE | S5%F | S8F* | 63H*
FD ST 1 SO¥E 48K E | 46%F | 53**
DA L71EE159%E ] 62%% | 60**  |.68%*
RT L55FF | 48**F 1.62%* |1 S53%% | 50%*
RA L58¥* 146%* | 60F*F |.53%* ] STEE
HAC LO3HF | 53%% | 68** | 50%* |57 |1

Source: SPSS Output

Interpretation: As shown in Table 11.2, all Al
dimensions were positively and significantly correlated
with Audit Quality (p < .01). The strongest associations
were observed for Data Analytics (r =.71) and Human—
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Al Collaboration (r = .63), suggesting the potential
dominance of these variables in predicting audit quality.

Table 10.3: Reliability Coefficients (Cronbach’s
Alpha)

Al’s substantial contribution to strengthening audit
assurance.

XI Testing of Hypotheses:
Table 11.1: Overall Hypothesis Summary

Construct | Cronbach’s a Hypot | Statem Path B p- | Result
D 31 hesis ent Analysis | (g¢an value
dar
DA 88 dized
)
RT .80
Hi Al- FD 110 [<.001 [Supported
RA .83 Powere | —
d Fraud | AQ
HAC 86 Detecti
AQ 87 on -
signific
Source: SPSS Output antly
. affects
Interpretation: All constructs demonstrated strong Audit
internal consistency, with Cronbach’s alpha values Qualit
exceeding .80. Y
H: Al- DA 410  [<.001 [Supported
Based -
Table 10.4: Hierarchical Regression Model Summary Data AQ
Model R | R* | Adjusted SE Analyti
R cs
signific
Step 1: Controls | .29 | .085 | .074 .58 antly
only affects
Audit
Step 2: Full Model 84 | 710 | .705 35 Quality
Source: SPSS output Hs Al- RT — 092 [<.001 [Supported
Interpretation: The hierarchical regression results Enai)led AQ
indicate that the inclusion of Al variables significantly Tierfleg
improved the model fit. The full model accounted for 71% Monit
of the variance in Audit Quality (Adjusted R? = .705), inonl or
reflecting a very strong explanatory power for behavioral si gni fic
science standards. &
antly
affects
Table 10.5: Regression Coefficients Predicting Audit Audlj[
Quality Quality
Predictor | B SE B ¢ p H. AI-. RA 110 |<.001 |Supported
Assiste | —
Constant | 402 | .101 | — | 3.98 | .000 d Risk | AQ
Assess
FD .091 | .021 | .110 | 4.33 | .000 ment
onifi
DA 288 | .023 | .410 | 12.65 | .000 SIte
antly
RT 067 | 018 | 092 | 3.72 | .000 affects
Audit
RA 075 | .019 | .110 | 3.95 | .000 Quality
HAC 203 | .024 | 260 | 8.41 | .000 Hs Human | HAC 260 [<.001 [Supported
—Al —
Source: SPSS Output Collabo | AQ
Interpretation: Regression results show Al-Based Data rgtiqn
Analytics (B = .410) and Human—AlI Collaboration (p = signific
.260) as the strongest predictors of audit quality, with antly
other Al tools also significant. The model explained 71% affects
of variance. met all statistical assumptions. and confirmed
Advances in Consumer Research 2199
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Audit
Quality

Source: From Study

5. RESULTS AND DISCUSSION:

Descriptive statistics show moderately high Al adoption
among auditors, with means ranging from 3.46 to 3.92,
and strong reliability (o = .80—.88). Correlations indicate
significant positive relationships between all Al
components and Audit Quality, with Data Analytics (r =
.71) and Human—AI Collaboration (r = .63) strongest.
Regression analysis shows the control variables explain
8.5% of the variance, while adding Al variables increases
explanatory power to 71% (R? = .710). Al-Based Data
Analytics (B = .410) is the most influential predictor,
followed by Human—AI Collaboration (f = .260). Fraud
Detection, Real-Time Monitoring, and Risk Assessment
also significantly contribute. Model assumptions were
satisfied, and all five hypotheses were supported. Findings
highlight that Al significantly enhances audit quality by
improving anomaly detection, continuous monitoring, and
risk prioritization. The results validate TAM, showing
auditors adopt Al when perceived as useful and easy to
use. Overall, Al adoption represents a transformative shift
in audit methodology, necessitating updated standards and
ethical governance.

Implications & Future Scope

This study advances TAM in auditing, validates AI’s
impact on audit quality, and emphasizes human—Al
collaboration. Practically, it guides firms, regulators, and
educators in Al integration. Future research should
explore longitudinal and cross-country contexts, ethical
frameworks, mediating factors, and emerging
technologies like blockchain, RPA, and generative Al

6. LIMITATIONS OF THE STUDY:

Although the study provides strong empirical insights,
several limitations must be acknowledged:

Self-Reported Data

The study relies on auditors’ perceptions through survey
responses, which may be subject to response bias or social
desirability bias.

Cross-Sectional Design

Because data were collected at a single time point, causal
relationships cannot be firmly established; results show
associations, not causation.

Geographical and Sectoral Scope

The sample is limited to auditors in financial services;
results may not fully generalize to other industries such as
manufacturing or public sector auditing.

7. CONCLUSION:

This study examined AI’s role in transforming auditing
within financial services, revealing that Al-Based Data
Analytics and Human—AI Collaboration are the strongest
drivers of audit quality, supported by fraud detection, real-
time monitoring, and risk assessment. Explaining 71% of
audit quality variance, the findings show that Al enhances

anomaly detection, analytical accuracy, and continuous
auditing. AI’s value is maximized when complemented by
human judgment and ethical oversight, emphasizing the
importance of Al-enabled auditors. The study highlights
the need for updated audit standards, Al-focused training,
and governance frameworks. Despite limitations, it
provides a strong foundation for future longitudinal and
cross-industry research on Al-driven auditing.
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