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Abstract

Our study aimed to investigate the perspectives of external auditors on the advantages and ease of use of machine learning
in ARE auditing. Through analysis, the differences between local and international audit offices in the ARE regarding the
ease of handling machine learning are revealed. The study gathered information from one hundred external auditors who
work for both local and international audit offices in the ARE. The questionnaire was distributed using both an online survey
tool and through manual distribution during in-person interviews. The study's findings suggest that external auditors have
shown limited interest in and perception of the ease of use of machine learning, and they do not have differing opinions
regarding the ease of using machine learning in auditing. The main reason for the importance of the research's findings is the
absence of study evidence on machine learning's apparent advantages and simplicity of usage in external audits within the
ARE. Thus, this research provides new empirical information by evaluating the assessments of external auditors about the
handling of machine learning in the ARE. This paper fulfills an identified need to study whether the Arabic Republic of
Egypt's (ARE) external auditors confirm the benefits and usability of machine learning (ML).
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1. Introduction

Recognizing the many advantages offered by advanced technologyi, it is important to acknowledge its associated risks.
Advanced technology improves accounting performance, enhances communication, boosts employee retention, increases
revenue, and raises client satisfaction [1]. However, it also introduces risks such as fraud, data security issues, and potential
job loss.

As the business environment becomes more complex, leveraging technology-based decision aids is increasingly crucial.
Artificial intelligence (Al), as defined by the OECD [2], is transformative, capable of making predictions, suggestions, or
judgments to achieve human-specified objectives. For external auditors, Al, alongside data analytics, machine learning (ML),
and blockchain, significantly impacts their work [3]. These technologies drive innovation in auditing, necessitating auditors
to master these tools to maintain assurance standards [4]. stress the importance of using advanced technologies in audit tasks
to ensure effective assurance on complex systems. Al integration is vital for enhancing the accuracy and efficiency of
accounting processes [5].

Audit firms have heavily invested in new technologies to enhance audit quality and effectiveness, despite challenges
such as data security, implementation costs, skill shortages, and potential overreliance on technology [6]. ML, a subset of Al,
automates analytical model creation, increasing operational efficiency. ML techniques analyze data, detect patterns, and
predict outcomes, continuously improving through iterative processes [7]. ML includes supervised learning, which uses
labeled data; unsupervised learning, which identifies patterns without labels; and reinforcement learning, which maximizes
cumulative rewards by guiding agent actions [8]. ML's potential to enhance audits is recognized, though there is a
misconception that it will replace human auditors [9].

Technology allows auditors to analyze entire datasets, focus on anomalies, and have insightful discussions, improving
audit quality. This study explores external auditors' perceptions of ML's usability and utility, comparing local and
international auditors' views. Previous studies, including those by Ucoglu [10], Barrak [11], and Machine [12], reveal
auditors' readiness to adopt ML technologies. The Big Four firms have developed various ML tools to automate and manage
the audit process effectively.

ML enhances audit speed and quality, as demonstrated by Deloitte's Argus, which identifies patterns and outliers in
contracts [13]. However, emerging technologies pose risks such as data security, implementation costs, skill shortages, and
disruptions to traditional auditing [6].

In the context of Egypt, the country has made significant Al advancements. Egypt's Ministry of Communications and
Information Technology (MCIT) has partnered with international firms to implement Al projects and build capacity in Al
[14]. Egypt's national Al strategy focuses on education, practical data usage, and private sector data release (MCIT, 2021This
study's findings on external auditors' knowledge and perceptions of ML can provide valuable insights for regulatory
authorities and offer guidance for future research. Findings on external auditors’ knowledge and perceptions of ML can
provide valuable insights for regulatory authorities and offer guidance for future research.

We structure the paper as follows: Section 2 examines the pertinent literature and formulates research hypotheses,
Section 3 covers research design and sample selection, and Section 4 discusses the findings.

2. Review of the Literature and Formulation of Hypotheses
2.1. Conceptual Structure

The Technology Acceptance Model (TAM), introduced by Davis [15] in Figure 1, [9], is a well-established paradigm
that explains the elements that influence humans' acceptance and utilization of technology. It is highly helpful in
comprehending the adoption of technology by specifically examining two crucial variables: Perceived Ease of Use (PEOU)
and Perceived Usefulness (PU). In this study, we examine the acceptance of machine learning (ML) in auditing quality among
external auditors in the Arab Republic of Egypt (ARE). Specifically, PEOU and PU serve as independent variables affecting
the auditors' propensity to adopt ML technologies.
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Figure 1.

Technology Acceptance Model-Adapted Research Framework [9] with modifications.
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2.1.1. Technology for ML

Machine learning (ML) lies at the intersection of computer science and artificial intelligence (Al), leveraging data and
algorithms to enable computers to learn patterns and make decisions without explicit programming. Its applications are
extensive, spanning industries such as finance, healthcare, and education, driving innovation and efficiency [9].

Al has been utilized in the auditing profession to improve many parts of the auditing process, such as detecting errors,
identifying anomalies, preventing fraud, and creating prediction models. Al-powered systems can quickly and accurately
analyze vast amounts of data, improving audit efficiency and effectiveness [16]. The ability of Al to automate high-level
duties can also lead to increased productivity and the emergence of new roles within the auditing profession [17].

The evolving landscape of technology, particularly Al, is reshaping the roles and responsibilities of accountants. Al
allows accountants to transition from routine tasks such as bookkeeping to more strategic functions like advisory services
and growth planning, leveraging their expertise to provide valuable insights [18]. Supervised learning, a key technique in
ML, involves training on labeled datasets to make accurate predictions, aiding in tasks like auditing judgments [19, 20]. Al
in accounting software improves risk management, invoice processing, and customer service while reducing labor costs [21].

Despite its potential, there are common misconceptions about ML. For instance, reinforcement learning is distinct from
supervised and unsupervised learning, and biases such as selection, learning, and modeling bias can occur in any ML
algorithm [13, 22-24].

2.1.2. ML's Use in Audit

ML holds significant promises in improving data analysis for auditors and accountants, streamlining processes, reducing
errors, and enhancing overall efficiency [10]. ML algorithms can automate tasks like risk assessment, accounts payable and
receivable management, and cost reporting. Leading accounting firms, including the Big Four, have invested heavily in Al
and ML to develop platforms and solutions that integrate these technologies, highlighting their potential to revolutionize
auditing practices [25, 26].

ML methodologies also enhance the accuracy of going concern evaluations, reducing judgment errors, and addressing
limitations of traditional statistical models [3]. The transformative impact of ML and Al in auditing underscores the
importance of preparing future auditors to effectively utilize these technologies [27].

2.2. Development of Research Hypotheses
Based on the literature, we propose the following hypotheses:
Hi. The use of machine learning in auditing is accepted by both local and international audit offices in the ARE.

Deep reinforcement learning (DRL) algorithms have been effective in handling complex control tasks, but they face
challenges such as noisy exploration strategies and sensitivity to hyperparameter selection. Collaborative Evolutionary
Reinforcement Learning (CERL) is one approach to address these challenges, enhancing sample efficiency and policy
optimization [28]. ML techniques, including speech recognition and autoencoders, offer valuable capabilities for fraud
detection and anomaly identification, though interpretability remains a critical issue [29, 30].

H>. Both local and international audit offices in the ARE find machine learning remarkably helpful in auditing.

Digital transformation is increasing data volumes and challenging traditional sampling methods, necessitating advanced
ML techniques to mitigate sampling [31, 32]. Current sampling approaches in auditing are becoming obsolete due to the
growing volume of data, requiring more comprehensive audit techniques leveraging data analytics [33, 34].

Hs. International and local audit offices in the ARE experience different levels of ease when adopting machine learning.

Unsupervised learning techniques are essential for detecting anomalies and patterns in data, complementing supervised
learning in fraud detection and pattern recognition [35, 36]. These techniques allow auditors to detect fraud attempts,
accidental mistakes, and unexpected entries, enhancing the thoroughness of audits [37-42]. Implementing anomaly detection
techniques allows auditors to devote more time to investigating anomalies, reinforcing their importance in identifying risks
within financial processes [43].

H4: Both international and local audit offices in the ARE have significantly different opinions about the effectiveness of
machine learning.

3. Design of Research
3.1. Methodology of Research

A team of three auditors and five academics from the Accounting Department at Al-Azhar University's Faculty of
Commerce in Egypt assessed the poll to confirm its authenticity. In order to collect pertinent data, a total of 100 external
auditors in the ARE were selected as participants. The questionnaires underwent initial pilot testing by three external auditors
and were subsequently excluded from the data analysis. Minor phrasing changes were made based on their feedback.

The initial part of the questionnaire captures the respondents' level of expertise, years of experience, and other qualitative
characteristics. All respondents held positions such as audit managers, audit partners, and senior auditors. Six elements were
used to gauge the perceived ease of use of machine learning, and six more elements were designed to measure its perceived
usefulness. The primary methodology employed in this study is quantitative, utilizing a Likert scale questionnaire (5 =
Strongly Agree to 1 = Strongly Disagree). The questionnaire was distributed manually during in-person interviews and via
Microsoft Forms. Initially, demographic characteristics were examined, and the second section assessed the opinions of
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domestic and international audit offices regarding the usability of machine learning. Simple questions were used to avoid
confusion, and this approach was selected for its ease of use.

3.2. Study Specimen

The study population consisted of 120 external auditors from both types of audit offices in the ARE. The questionnaire
addressed the following demographics of external auditors:
Gender
Qualification categories
Experience
Position
Classification of audit offices
Professional certifications

The questionnaire was distributed manually during in-person interviews and via an online survey platform. As a result,
100 complete questionnaires were received and utilized for the study. Of these, 40% of the participants were affiliated with
global audit companies, while 60% were from local audit offices. The first question revealed that 30% of the respondents
were female, whereas 70% were male. The majority of respondents (50%) possessed a bachelor's degree, while 35% held a
master's degree and 5% earned a Ph.D. In addition, 10% of participants possessed supplementary qualifications. In terms of
years of experience, most respondents (70%) had over 15 years of auditing experience. A small percentage (8%) had between
zero and five years of experience, while 13% had between six and ten years of experience. Another 9% had between eleven
and fifteen years of experience.

Regarding the fourth question, 41% of the respondents held managerial positions, 27% were senior auditors, 11% were
audit partners, 3% were accountants, and 18% had different roles in their professional careers. In addition, 1% of the
participants possessed CIA certifications, 2% possessed ACCA certificates, and 2% had CPA credentials. The survey states
that 38% of external auditors have local qualifications, while 57% of participants hold other professional certificates.

3.3. Data Gathering Technique

An online survey was created and participants were provided with access to it through a link and also through manual
distribution during face-to-face interviews. The participants consisted of audit partners, managers, seniors, or staff members
who were authorized in this field from both types of offices functioning in the ARE. Participants were requested to express
their level of agreement with statements by selecting from alternatives such as agree, strongly agree, disagree, strongly
disagree, or no opinion. The variables listed in Table 1 were employed to assess the perceived utility and simplicity of
employing machine learning. The survey's inquiries were adapted from Noordin and Albawwat and Frijat [44].

A study was undertaken to analyze the perception of external auditors towards machine learning, using the technology
acceptance model. The focus of the study was on ARE external auditors.

Table 1.
Elements for expected benefit and Ease of use of ML.

PEOU of Machine Learning (EBEU/QQOIS/TSSQ Tables 1,2,3)

Code Elements for EBEU of (ML).

EBEU 1 The use of ML increases auditing process performance.

EBEU 2 The use of ML increases auditing process efficiency.

EBEU 3 I find ML service useful during my examination and auditing.

EBEU 4 I notice an increase in the collection of evidence when using ML.

EBEU 5 I notice a decrease in time spent when using ML.

EBEU 6 I would have no trouble picking up the ML systems and tools needed for audits.

EBEU 7 I find it easy to be skilled in the use of ML.

EBEU 8 Training had a positive impact on ML.

EBEU 9 | find pleasure in dealing with ML.

EBEU 10 I can control all the elements in an easy and clear way.

EBEU 11 Getting ML systems and tools to accomplish what | want in auditing is something | find easy.
EBEU 12 | find pleasure in dealing with ML.

EBEU 13 I can control all the elements in an easy and clear way.

EBEU 14 I will communicate in a clear and understandable manner when using ML systems and tools for audits.
EBEU 15 I find it flexible to work with ML systems and tools in auditing.
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Elements for the Quality of information and service of ML.

Code Elements for QOIS of (ML)
QOIS 1 ML provides information relevant to my job.
QOIS 2 ML system gives easy-to-understand information.
QOIS 3 The information output from ML is straightforward.
QOIS 4 ML system enables me to provide information in an appropriate format, especially when writing a report.
QOIS 5 The information content that can be provided in ML is very good.
QOIS6 The information provided through ML system can be updated to keep pace with the times, achieving the
objectives of auditing process.
QOIS7 I consider the integration of the information that can be provided through ML system sufficient for the
purposes of auditing and examination.
QOISs8 The reliability of the information via ML system is considered high.
QOISs9 I can get the information from ML system at the time | want.
QOIS10 ML system has a modern interactive interface.
QOIs11 ML system has an attractive user interface.
QOISs12 ML system provides the perfect solution for what | ask.
QOIS13 ML system provides fast service for what | ask for.
QOIS14 ML gives me individual attention and takes into account my specific needs.
Table 3.
Elements for Technical support & System quality of ML.
Code Elements for TSSQ of (ML)
TSSQ 1 ML program provides a clear explanation of the tasks and the elements in it.
TSSQ 2 I do not find clear solutions to all the problems that I encounter in the explanation integrated with the
program.
TSSQ 3 I can easily explain ML.
TSSQ 4 I can solve the problems that | face through the explanation provided by ML integrated with the
program.
TSSQ5 The number of steps required to complete one task in ML system is small.
TSSQ 6 The steps involved in completing a specific task in ML system follow a logical sequence.
TSSQ 7 Executing a process in ML system always leads to an expected result.
TSSQ 8 Organizing information on the screens of ML system is easy and clear.
TSSQ 9 ML system has easy, natural and predictable screen changes.
TSSQ 10 ML system responds quickly during the stressful hours of daily work.
Table 4.

Elements for Trust & Benefits of use of ML.

Elements for PU of Machine Learning (TBOU/SU Tables 4,5)

Code Elements for TBOU of (ML).
TBOU 1 My experience with ML system is better than | expected.
TBOU 2 | feel that the use of ML system is important to increase the effectiveness of auditing process.
TBOU 3 The day will come when ML will replace traditional learning.
TBOU 4 The ML system is offering a higher quality of service than | had anticipated.
TBOU 5 I made sure that most of my expectations were met using ML system.
TBOU 6 I'll be able to do work faster in my future auditing career because to the use of ML systems and tools.
TBOU 7 ML technologies and systems will help me perform better as an auditor going forward.
TBOU 8 My productivity will enhance in my future auditing work when | employ ML systems and tools.
TBOU 9 My efficacy in audit job would increase with the usage of ML systems and tools.
TBOU 10 It will be simpler for me to perform my future auditing work if 1 use ML systems and tools.
TBOU 11 I think ML tools and systems will be helpful for my future auditing work.

Table 5.

Elements for Satisfaction and Usability of ML.

Code Elements for SU of (ML)

SU1l Satisfied with the performance of ML system service.
SU?2 I am pleased with my experience using ML system.
SU3 My decision to use ML system was wise.

sU4 | use ML system often.

SU5 I will use ML system on a regular basis in the future.
SU6 | would highly recommend ML system to others.
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4. Data Interpretation and Conclusions
4.1. The Instrument's Validity and Reliability Tests

Using the unidimensional reliability test, we look at the Cronbach's Alpha value to confirm the validity of the survey
elements. There were forty-five (54) survey elements that were tested: 17 elements for PU of machine learning (11 from
TBOU and 6 from SU) and 39 elements for PEOU of machine learning (15 from EBEU/14 from QOIS/10 from TSSQ).
Given that Cronbach's Alpha is at the proficient level, the reliability test result for the survey elements was 0.972, as shown
in Table 6.

Table 6.

Validity and reliability test.
Cronbach’s Alpha Number of Elements
0.972 54

4.2. Evaluation 1: A Detailed Examination of PEOU

Descriptive statistics provide percentages and frequencies for two different types of data: ordinal and nominal.
Furthermore, when it comes to continuous data, descriptive statistics encompass various measures such as averages (mean,
median), ranges, and standard deviations. Frequency refers to the number of participants who can be classified as belonging
to the same group or category. Understanding the distribution of the sample across different groups and categories can be
quite beneficial. The percentage has been computed to determine the portion of the sample that matches the specified
frequency. The mean is typically the calculated average. The mean represents the average unit for an element. The spread of
those units in relation to the mean is described by the standard deviation.

Table 7.
Perceived utility and simplicity of use Characteristic Statistics.
PEOU PU
(1) Local Audit offices (2) Int. Audit offices | (1) Local Audit offices | (2) Int. Audit offices
Valid 60 40 60 40
Mean 3.998 3.827 3.966 3.783
Std. Deviation 0.285 0.227 0.316 0.430

The respondents from whom the data were collected were two groups of audit offices in the ARE: Local Audit Offices
(n =60) and International Audit Offices (n = 40). Additionally, Table 7's descriptive statistics, which address Hypotheses H1
and H2, demonstrate how local audit offices rate the overall usability of machine learning, with a mean score of 3.998
(SD=0.285). The score received by International Audit Offices was 3.827 with a standard deviation of 0.227. It appears that
local audit organizations tend to have a higher average perception of applying machine learning in terms of perceived ease
of use compared to overseas audit offices.

On the other hand, Table 7 reveals that the opinions on Perceived Usefulness for Local Audit Offices in Machine
Learning have a total mean of 3.966 (SD=0.316). The overall mean score for international audit offices was 3.783, with a
standard deviation of 0.430. The survey results show that the Local Audit Offices rated the International Audit Offices as
more useful in the context of machine learning.

The descriptive analysis for each survey item can be found in Table 8. It compares the average of the PU and PEOU
survey questions for domestic and foreign audit companies.

The item in PEOU(EBEU) had the highest mean value, with a score of 4.086 (SD = 0.366). The elements in PEOU(QOIS)
and PEOU(TSSQ) also had high mean values, scoring 3.977 (SD = 0.292) and 3.930 (SD = 0.354) respectively, for Local
Audit Offices. These results suggest that the respondents in this category felt it was simple to use ML systems and tools to
accomplish their auditing goals.

In addition, the element in PEOU(EBEU) had the highest mean value for International Audit Offices, followed by
PEOU(QOQIS) with the highest mean value of 3.802 (SD = 0.360) and PEOU(TSSQ) with the highest mean value of 3.770
(SD = 0.421). This suggests that respondents in this category thought they would have no trouble picking up the use of ML
systems and auditing tools, and they discovered that these resources are user-friendly.

Among the Local Audit Offices, the item in PU(TBOU) had the highest mean value of 3.961 (SD = 0.331), while the
item in PU(SU) had the highest mean value of 3.972 (SD = 0.312). It appears that individuals in this group were confident
that incorporating ML systems and tools would enhance their productivity in upcoming auditing tasks. Furthermore, there is
an item in PU(SV) for International Audit Offices that has the highest mean value of 3.783 (SD = 0.431), along with another
item in PU(SU) that has the highest mean value of 3.782 (SD = 0.429). It appears that individuals in this group believed that
ML technologies and tools would be beneficial for their future auditing roles. Therefore, H1 and H2 indicate a strong belief
in the user-friendliness and practicality of ML in auditing.
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Table 8.
Descriptive statistics for each survey item for PEOU and PU.
PEOU PU
EBEU QOIS TSSQ TBOU SU
Lglgal 2 Lglgal @ nt. | (1) Local | () Int. | (1) Local | (2)Int. | (1) Local | (2) Int.
Audit Aud.it Audit Audit Audit Audit Audit Audit Audit Audit
. . . Offices Offices Offices | Offices | Offices | Offices | Offices
offices | offices | offices
Valid 60 40 60 40 60 40 60 40 60 40
Mean 4,086 | 3.908 | 3.977 3.802 3.93 3.77 3.961 3.782 3.972 3.783
Std'. . 0.366 0.27 0.292 0.36 0.354 0.421 0.331 0.429 0.312 0.431
Deviation

4.3. Analysis 2: Separate Specimens Perceived Ease of Use (T-Test)

The Independent Samples T-Test was conducted in accordance with Table 9 to address H3. An independent sample T-
test was used to compare the significant difference in PEOU between local and international audit offices. The results
displayed in Table 9 suggest that there were no significant differences in the scores for International Audit Offices and Local
Audit Offices. The scores for both groups were similar, with an average of 3.827 and a standard deviation of 0.227. The
magnitude of the mean differences (mean difference = 0.171, 95% confidence interval: -0.064 to 0.277) was insignificant
and not significant. The results challenge the idea that local and foreign audit offices have different views on the perceived
simplicity of incorporating machine learning in auditing. The alternative hypothesis cannot be accepted because there is not
enough evidence. H3 is often overlooked.

Table 9.
Independent samples T-Test of PEOU.

Independent Samples T-Test

95% CI for Mean Difference
Lower Upper
0.06464 0.27788

t df p
PEOU 3.187 | 98 | 0.002

Note: at p < 0.05, the t-test's p-value is significant.

SE Difference
0.05373

Mean Difference
0.17126

4.4. Analysis 3: Separate Specimens Perceived Usefulness (T-test)
An independent sample T-test was used to compare the PU between local and international audit offices in order to
evaluate the hypothesis, as Table 10 illustrates.

Table 10.
Independent samples T-Test of PU.

Independent Samples T-Test

95% CI for Mean Difference
Lower Upper
0.02560 0.34205

t df p
PU 5319 [ 66514 | 0.023

Note: at p < 0.05, the t-test's p-value is significant.

SE Difference
0.07926

Mean Difference
0.18383

The results in Table 10 show that there were no significant differences in the scores for International Audit Offices (n =
40) (M = 3.783, SD = 0.430) and Local Audit Offices (n = 60) (t (df) = 66, p = 0.023). The observed mean differences (mean
difference =.183, 95% CI: -.256 to .342) did not reach statistical significance. The results challenge the idea that local and
foreign audit offices have different views on the effectiveness of machine learning in auditing. The alternative hypothesis
cannot be supported based on the available evidence. The rejection of H4 is evident.

4.5. Type | and Type Il Errors: Reporting on Non-Significant Results

Results that are statistically significant due to chance or other causes are summarized as Type | errors. A Type | error
occurs when the null hypothesis is true, but it is incorrectly rejected. This type of error is also known as a false positive. On
the other hand, a Type Il error occurs when there is an effect present, but the null hypothesis is not rejected, leading to an
incorrect negative conclusion. The probability of a Type Il error is equal to the complement of the test's power. Increasing
the significance threshold can lower the chances of making a Type Il error. The study's findings suggest the occurrence of
Type 1l errors, where the null hypothesis was accepted while the alternative hypotheses were rejected. Given the limited
sample size and other constraints, there is not enough data to support the alternative hypotheses.

5. Contribution

This research makes a significant contribution by offering concrete evidence on how external auditors in the ARE
perceive the use of machine learning. We conducted a survey to gather insights from external auditors in both local and
international audit offices in the ARE. We collected data from respondents in these two types of audit offices to understand
their perceptions. Analytical methods included tabulating the data, computing percentages, averages, and standard deviations,
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and creating graphical presentations. We also used independent sample T-tests and descriptive data analysis to assess the
hypotheses.

In the future, legislators, educators, consultants, and other stakeholders will have a vital role in spearheading the
transition in auditing techniques. They have the ability to create strategies, tools, and activities that improve how external
auditors view the usability and simplicity of machine learning. With the expertise of a certified management accountant
(CMA), the adoption of new technologies in audits can be facilitated, leading to an ultimate improvement in audit quality.
This research holds great importance as previous studies did not consider the viewpoints of both domestic and international
auditors in the ARE. In previous studies, there is a lack of questionnaire-based research, which could have provided a more
diverse range of viewpoints. Therefore, it is crucial to address this knowledge gap by considering the viewpoints of both local
and foreign external auditors in the ARE.

6. Conclusion

This study aimed to address the lack of information regarding the perceived effectiveness and ease of use of machine
learning in external auditing for ARE. Based on our research, it seems that external auditors may not fully appreciate the
value and simplicity of machine learning. Local audit companies view machine learning as more user-friendly. Local audit
office respondents rated ML's usefulness higher than respondents from international audit offices. The findings challenge the
notion that there is a disagreement between local and foreign audit offices regarding the ease of use of ML.

There are certain constraints to this research. The small sample size of 100 participants was a result of our contact
methods. Less than anticipated office workers from the two groups responded. Very few staff members bothered to respond
to our calls, emails, or surveys. We sometimes conducted personal interviews since machine learning in auditing is not widely
recognized or commonly utilized. Given the limited sample size, it is not feasible to generalize the findings to the entire
population. Additionally, the engagement rate of local audit offices was 60%, whereas overseas offices had a lower rate of
40%, which may have influenced the results in their favor. Thirdly, the study specifically examined external auditors who
specialize in ARE.

Future research can explore a wide range of topics. First, researchers can collect data through in-person interviews, which
offer comprehensive reports, accurate screening, and spoken data for analysis. Additionally, in order to thoroughly investigate
the topics covered in this study, it would be beneficial for future research to include a wider range of research locations and
data. Furthermore, future studies could explore the involvement of audit committees and internal auditors. Ultimately,
conducting data collection over a longer period can lead to an increase in responses and more precise outcomes.

References

[1] K. Dempsey and V. van Dyk, "The role of data analytics in enhancing external audit quality,” in ICABR Conference, 2023:
Springer, pp. 399-423.

[2] OECD, Artificial intelligence in society. OECD Publishing. https://doi.org/10.1787/eedfee77-en, 2021.

[3] N. A. Noordin, K. Hussainey, and A. F. Hayek, "The use of artificial intelligence and audit quality: An analysis from the

perspectives of external auditors in the UAE,"” Journal of Risk and Financial Management, vol. 15, no. 8, p. 339, 2022.
https://doi.org/10.3390/jrfm15080339

[4] J. Kokina and T. H. Davenport, "The emergence of artificial intelligence: How automation is changing auditing," Journal of
Emerging Technologies in Accounting, vol. 14, no. 1, pp. 115-122, 2017. https://doi.org/10.2308/jeta-10425
[5] A. Kaplan and M. Haenlein, "Siri, Siri, in my hand: Who’s the fairest in the land? On the interpretations, illustrations, and

implications  of artificial  intelligence,”  Business  Horizons, wvol. 62, no. 1, pp. 15-25, 2019.
https://doi.org/10.1016/j.bushor.2018.08.004

[6] D. McGregor and R. Carpenter, "Potential threats for the auditing profession, audit firms and audit processes inherent in using
emerging technology,"” The Business and Management Review, vol. 11, no. 2, pp. 45-54, 2020.

[7] Y. Jacky and N. A. Sulaiman, "The use of data analytics in external auditing: a content analysis approach,” Asian Review of
Accounting, vol. 30, no. 1, pp. 31-58, 2022. https://doi.org/10.1108/ARA-12-2020-0205

[8] D. Balios, P. Kotsilaras, N. Eriotis, and D. Vasiliou, "Big data, data analytics and external auditing,” Journal of Modern
Accounting and Auditing, vol. 16, no. 5, pp. 211-219, 2020. https://doi.org/10.17265/1548-6583/2020.05.002

[9] A. Dogan and D. Birant, "Machine learning and data mining in manufacturing,” Expert Systems with Applications, vol. 166, p.
114060, 2021. https://doi.org/10.1016/j.eswa.2020.114060

[10] D. Ucoglu, "Current machine learning applications in accounting and auditing," PressAcademia Procedia, vol. 12, no. 1, pp. 1-
7, 2020. https://doi.org/10.17261/Pressacademia.2020.1249

[11] J. I. Barrak, "Role of machine learning and big data mining in financial decisions,” The American Journal of Management and
Economics Innovations, vol. 6, no. 07, pp. 20-38, 2024. https://doi.org/10.37547/tajmei/\VVolume061ssue07-03

[12] C. Machine, "How audit firm size moderate effect of toe context toward auditor adoption of machine learning," Journal of

Theoretical and Applied Information Technology, vol. 99, no. 24, pp. 5972-5980, 2021.

[13] G. Dickey, S. Blanke, and L. Seaton, "Machine learning in auditing," The CPA Journal, vol. 89, no. 6, pp. 16-21, 2019.

[14] E. Pashentsev, V. Chebykina, and J. Shemetova, The malicious use of Al: Challenges to psychological security in the Arab
Republic of Egypt. Moscow: International Center for Social and Political Studies and Consulting, 2024.

[15] F. D. Davis, "Perceived usefulness, perceived ease of use, and user acceptance of information technology,” MIS Quarterly, vol.
13, no. 3, pp. 319-340, 1989. https://doi.org/10.2307/249008
[16] M. Chassignol, A. Khoroshavin, A. Klimova, and A. Bilyatdinova, "Atrtificial Intelligence trends in education: a narrative

overview," Procedia computer science, vol. 136, pp. 16-24, 2018. https://doi.org/10.1016/j.procs.2018.08.233

[17] M. A. Nickerson, "Al: New risks and rewards," Strategic Finance, vol. 100, no. 10, pp. 26-31, 2019.

[18] C. Greenman, "Exploring the impact of artificial intelligence on the accounting profession," Journal of Research in Business,
Economics and Management, vol. 8, no. 3, pp. 1451-1454, 2017.

1100


https://doi.org/10.1787/eedfee77-en
https://doi.org/10.3390/jrfm15080339
https://doi.org/10.2308/jeta-10425
https://doi.org/10.1016/j.bushor.2018.08.004
https://doi.org/10.1108/ARA-12-2020-0205
https://doi.org/10.17265/1548-6583/2020.05.002
https://doi.org/10.1016/j.eswa.2020.114060
https://doi.org/10.17261/Pressacademia.2020.1249
https://doi.org/10.37547/tajmei/Volume06Issue07-03
https://doi.org/10.2307/249008
https://doi.org/10.1016/j.procs.2018.08.233

[19]

[20]

[21]
[22]
[23]
[24]
[25]
[26]
[27]
[28]

[29]

[30]
(31]
(32]

[33]

[34]

[35]
(36]

[37]
[38]
[39]
[40]

[41]

[42]

[43]

[44]

International Journal of Innovative Research and Scientific Studies, 8(3) 2025, pages: 1093-1101

N. Burkart and M. F. Huber, "A survey on the explainability of supervised machine learning," Journal of Artificial Intelligence
Research, vol. 70, pp. 245-317, 2021. https://doi.org/10.1613/jair.1.12228

S. Uddin, A. Khan, M. E. Hossain, and M. A. Moni, "Comparing different supervised machine learning algorithms for disease
prediction,” BMC Medical Informatics and Decision Making, vol. 19, no. 1, pp. 1-16, 2019. https://doi.org/10.1186/s12911-019-
1004-8

C.S.LeeandF. P. Tajudeen, "Usage and impact of artificial intelligence on accounting: Evidence from Malaysian organisations,"
Asian Journal of Business and Accounting, vol. 13, no. 1, pp. 213-240, 2020. https://doi.org/10.22452/ajba.vol13n01.8

F. Provost and T. Fawcett, "Data science and its relationship to big data and data-driven decision making," Big Data, vol. 1, no.
1, pp. 51-59, 2013. https://doi.org/10.1089/big.2013.1508

M. Khanum, T. Mahboob, W. Imtiaz, H. A. Ghafoor, and R. Sehar, "A survey on unsupervised machine learning algorithms for
automation, classification and maintenance," International Journal of Computer Applications, vol. 119, no. 13, pp. 34-39, 2015.
https://doi.org/10.5120/21131-4058

J. D. Kelleher and B. Tierney, Data science The MIT Press. https://doi.org/10.7551/mitpress/11140.001.0001, 2018.

D.-J. Chi and Z.-D. Shen, "Using hybrid artificial intelligence and machine learning technologies for sustainability in going-
concern prediction,” Sustainability, vol. 14, no. 3, p. 1810, 2022. https://doi.org/10.3390/su14031810

K. M. Giles, How artificial intelligence and machine learning will change the future of financial auditing: an analysis of the
University of Tennessee's accounting graduate curriculum. Knoxville: University of Tennessee, 2019.

L. Gordon, "The role of data analytics and machine learning in resurrecting inductive-based accounting research," Transactions
on Machine Learning and Artificial Intelligence, vol. 9, no. 2, pp. 1-19, 2021. https://doi.org/10.14738/tmlai.92.9823

S. Khadka et al., "Collaborative evolutionary reinforcement learning," in International Conference on Machine Learning, 2019:
PMLR, pp. 3341-3350.

K. Ding, B. Lev, X. Peng, T. Sun, and M. A. Vasarhelyi, "Machine learning improves accounting estimates: Evidence from
insurance payments,” Review of Accounting Studies, vol. 25, no. 3, pp. 1098-1134, 2020. https://doi.org/10.1007/s11142-020-
09546-9

N. Gnoss, M. Schultz, and M. Tropmann-Frick, "XAIl in the audit domain-explaining an autoencoder model for anomaly
detection," in Proceedings of Wirtschaftsinformatik 2022. AlS eLibrary, 2022.

D. Appelbaum, A. Kogan, and M. A. Vasarhelyi, "Big data and analytics in the modern audit engagement: Research needs,"
Auditing: A Journal of Practice & Theory, vol. 36, no. 4, pp. 1-27, 2017. https://doi.org/10.2308/ajpt-51684

D. R.-J. G.-J. Rydning, J. Reinsel, and J. Gantz, "The digitization of the world from edge to core,” Framingham: International
Data Corporation, vol. 16, pp. 1-28, 2018.

P. E. Byrnes et al., Evolution of auditing: From the traditional approach to the future audit. In D. Y. Chan, V. Chiu, & M. A.
Vasarhelyi (Eds.), Continuous Auditing: Theory and Application. Emerald Publishing Limited. https://doi.org/10.1108/978-1-
78743-413-420181014, 2018.

V. Chiu, Q. Liu, and M. A. Vasarhelyi, "The development and intellectual structure of continuous auditing researchs¥," Journal
of Accounting Literature, vol. 33, no. 1-2, pp. 37-57, 2014. https://doi.org/10.1016/j.acclit.2014.08.001

C. C. Aggarwal and C. C. Aggarwal, An introduction to outlier analysis. New York, USA: Springer, 2017.

M. Jans, N. Lybaert, and K. Vanhoof, "Data mining for fraud detection: Toward an improvement on internal control systems,"
in European Accounting Association-Annual Congress, 2007, vol. 30.

S. Bay, K. Kumaraswamy, M. G. Anderle, R. Kumar, and D. M. Steier, "Large scale detection of irregularities in accounting
data,” in Sixth International Conference on Data Mining (ICDM'06), 2006: IEEE, pp. 75-86.

R. Hagstrom et al., "Brazilian republic presidency mobile telephony consumption cost reduction with outliers detection," in 2018
IEEE 3rd International Conference on Image, Vision and Computing (ICIVC), 2018: IEEE, pp. 760-766.

M. Jans, N. Lybaert, and K. Vanhoof, "Internal fraud risk reduction: Results of a data mining case study," International Journal
of Accounting Information Systems, vol. 11, no. 1, pp. 17-41, 2010. https://doi.org/10.1016/j.accinf.2009.12.004

H. D. Kuna, R. Garcia-Martinez, and F. R. Villatoro, "Outlier detection in audit logs for application systems," Information
Systems, vol. 44, pp. 22-33, 2014. https://doi.org/10.1016/j.i5.2014.03.001

F. Lu, "Uncovering fraud in direct marketing data with a fraud auditing case builder,” in Knowledge Discovery in Databases:
PKDD 2007: 11th European Conference on Principles and Practice of Knowledge Discovery in Databases, Warsaw, Poland,
September 17-21, 2007. Proceedings 11, 2007: Springer, pp. 540-547.

F. Lu, J. E. Boritz, and D. Covvey, "Adaptive fraud detection using Benford’s law," in Advances in Artificial Intelligence: 19th
Conference of the Canadian Society for Computational Studies of Intelligence, Canadian Al 2006, Québec City, Québec, Canada,
June 7-9, 2006. Proceedings 19, 2006: Springer, pp. 347-358.

S. Thiprungsri and M. A. Vasarhelyi, "Cluster analysis for anomaly detection in accounting data: An audit approach,”
International Journal of Digital Accounting Research, vol. 11, pp. 69-84, 2011. https://doi.org/10.4192/1577-8517-v11_4

I. Albawwat and Y. Frijat, "An analysis of auditors’ perceptions towards artificial intelligence and its contribution to audit
quality,” Accounting, vol. 7, no. 4, pp. 755-762, 2021. https://doi.org/10.5267/j.ac.2021.2.009

1101


https://doi.org/10.1613/jair.1.12228
https://doi.org/10.1186/s12911-019-1004-8
https://doi.org/10.1186/s12911-019-1004-8
https://doi.org/10.22452/ajba.vol13no1.8
https://doi.org/10.1089/big.2013.1508
https://doi.org/10.5120/21131-4058
https://doi.org/10.7551/mitpress/11140.001.0001
https://doi.org/10.3390/su14031810
https://doi.org/10.14738/tmlai.92.9823
https://doi.org/10.1007/s11142-020-09546-9
https://doi.org/10.1007/s11142-020-09546-9
https://doi.org/10.2308/ajpt-51684
https://doi.org/10.1108/978-1-78743-413-420181014
https://doi.org/10.1108/978-1-78743-413-420181014
https://doi.org/10.1016/j.acclit.2014.08.001
https://doi.org/10.1016/j.accinf.2009.12.004
https://doi.org/10.1016/j.is.2014.03.001
https://doi.org/10.4192/1577-8517-v11_4
https://doi.org/10.5267/j.ac.2021.2.009

