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ABSTRACT

The many cases of fraud in Indonesia caused losses to the state. It has driven stakeholders, including the
Government, to determine effective and efficient methods to detect fraudulent issues. Therefore, this study
aimed to examine the influence of auditor experience, Big Data, and forensic auditing as mediating variables
on fraud detection. It used a quantitative approach with a survey method by distributing questionnaires
through a google form. Respondents comprised 128 internal, external, and government auditors.
Furthermore, the data were analyzed using structural equation modeling (SEM) with the help of SmartPLS
tools. The results showed that the auditor's experience, forensic audit, and Big Data positively and
significantly affect fraud detection. Auditor experience and Big Data variables positively and significantly
affect Forensic Audits. Additionally, a forensic audit mediates the auditor's experience with fraud detection
but does not mediate Big Data against fraud detection.
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1. INTRODUCTION

In the current industrial revolution 4.0 era,
digital developments increase the possibility of
economic fraud risk. It has driven many
stakeholders, including the Government, to seek
effective ways to detect fraud. The stakeholders aim
to minimize fraudulent acts due to their
extraordinary impact. Indonesia is one of the
countries with high corruption cases. According to
[1], the anti-corruption  non-governmental
organization Indonesia Corruption Watch (ICW)
predicted 209 corruption cases in 2021, with a total
state loss of 26.83 trillion. ICW reported that the
most corrupt perpetrators were civil servants (ASN),
the private sector, and village heads, with 124, 77,
and 44 suspects, respectively [2].

Fraud is a problem that still occurs today.
Various cases, such as corruption, robbery or
fraudulent financial statements, and asset thefts, are
complex or cannot be detected by conventional
financial inspection processes. It  requires
unconventional inspection techniques following
their authority, such as big data analysis, computer
forensics, and forensic intelligence. Based on
International Standards on Auditing (ISA) 240, fraud

is an act intentionally carried out by management in
a company, people involved in corporate
governance, third parties, or employees who commit
fraud to gain unlawful or unfair advantages.
Fraudulent acts are often caused by pressures that
affect individuals, rationalizations, or opportunities.

Moreover, frauds occur in companies or
organizations but are not reported for fear of
unfavorable consumer or stakeholder reactions, a
bad company image, insufficient evidence, or a
reluctance to waste time and energy investigating the
cases [3]. This fraud case is troubling to many
parties, especially the Government. One factor that
could detect fraud is the auditors’ experience.
Auditors could detect fraud because more
experience produces more knowledge [4]. They
must have sufficient expertise to find fraud in an
organization. More experience enables auditors to
deliver accusations in explaining audit findings to
improve their ability to detect fraud [5].

Fraud detection is influenced by the
auditors’ experience and other factors and could be
detected using many methods. However, the most
effective and efficient method helpful in detecting
fraud is still being searched [6]. Big Data is useful in
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detecting an organization's fraud [7]. It could be used
directly to detect fraud and increase the effectiveness
of fraud detection methods. It is because auditors
could maximize the benefits of comprehensive data
contained in Big Data using data analytics tools.
They could easily analyze fraud risks in an
organization and investigate the causes. Auditors
usually cannot detect fraud because they only
analyze unstructured and non-financial data, such as
contract details, meeting results, and management-
related communications. Therefore, Big Data could
solve this problem with the capabilities of data
analysis tools.

Big Data is an excellent opportunity for
auditors to facilitate their work in detecting fraud,
including forensic audits. According to [8], forensic
auditing is an effective and efficient tool for
detecting, preventing and reducing fraud. Therefore,
an organization should embrace the forensic audit
factor to quickly detect and adequately prevent fraud
cases. Several reasons make this audit an effective
method for detecting fraud. First, [9], [10] stated that
forensic audits are effective because it is devoted and
focused on investigating and detecting fraud.
Second, forensic auditors should be knowledgeable
in many scientific fields, such as information
technology, investigation skills, law, and finance.
There are high demands to become auditors because
the audit is evidence in the litigation process. Third,
forensic audits use a proactive approach to identify
the various potentials for the possibility of fraud.
They also use a reactive approach to determine
possible fraudulent acts that have already occurred.

Based on the background, this study aimed
to examine the effect of auditors' experience, Big
Data, and forensic audits on fraud detection. It also
intended to investigate the role of forensic audits in
mediating the impact of auditors’ experience and Big
Data on fraud detection. The respondents comprised
internal, external, and government auditors. Studies
in Indonesia rarely examine auditors’ experience
factors, Big Data, and forensic audits and their
influence on fraud detection. The studies also hardly
test these three factors simultaneously to detect
fraud. The following are several studies that analyze
fraud detection related to [6], [7], [8] and [10]

Furthermore, the effect of auditors’
experience and Big Data on forensic audits has not
been investigated. It is reasonable that these factors
are influential in enhancing the role of audits in
detecting fraud. Therefore, this study is expected to
develop effective methods and models to detect

fraud. Internal, external, and government auditors
could use the results to detect and disclose fraud.

2. LITERATURE REVIEW
2.1. Agency Theory

According to [11], agency theory combines
economic, decision, sociology, and organizational
theories and raises two problems. First, information
asymmetry occurs because management knows
more about the organization’s financial position and
operations. Second, conflicts of interest occur
because of differences in objectives. Disputes arise
when agents do not execute orders from the
principals on their behalf. Furthermore, agents with
power in an organization as decision-makers are
interested in maximizing the institution’s profits
with the policies issued. It shows that agency theory
is a condition that leads to fraud in an organization.
The agent has asymmetric information and takes
advantage of the existing fraud by manipulating the
organization’s financial statements. Therefore,
competent and skilled auditors are needed to detect
and prevent fraud.

2.2. Fraud Detection

According to [12], fraud is an unlawful act
requiring special skills to profit from the victim.
Someone commits fraud due to pressure,
opportunity, rationalization, competence, and
arrogance. These five factors are called the fraud
pentagon, a development of the fraud triangle, and
the previous theory of the causes of fraud [13].

2.3. Auditor Experience

Experience is essential in detecting fraud
because it takes an auditor's expertise and knowledge
to make an assumption. The auditor’s experience is
seen in the length of work and the number of
assignments and studies of the same problem [14].
Work experience shapes people to be better at work
and is calculated based on time or years of work. The
increasing experience makes the individual faster,
more proficient, and superior in completing each
task [15]. It benefits people carrying out their work,
including auditors.

2.4. Big Data

According to [16], Big Data is a large, more
varied, complex data set generated from information
collected in one integrated container from many
sources. These may include online and mobile
transactions, social media, videos, web, and
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applications. These data are stored in databases that
grow massively and become difficult to capture,
store, manage, share, analyze, and visualize through
the usual software tools [16]. Big Data is beneficial
in the disruption era because everything uses
information technology [17]. It helps auditors
improve the quality of audit evidence, detect fraud,
and contribute to auditing. Also, it provides
extensive data, where auditing is based on a sample
and a population basis.

2.5. Forensic Audit

The use of auditors to carry out forensic
audits has increased. Forensic audits include
collecting, verifying, processing, analyzing, and
reporting data to obtain facts and tangible evidence
in legal and financial disputes, irregularities, and
fraud prevention [18]. These activities focus on

detecting, analyzing, communicating, and reporting
the evidence on which a financial event is based [19].
Forensic auditing involves collecting and assessing
the suitability of the evidence during the trial
process. It is an extension of standard audit
procedures to collect evidence required in court
proceedings. The forensic examination includes
specific steps carried out to provide evidence. The
steps and methods aim to detect and investigate
fraud by uncovering its actions and identifying the
perpetrators [20].

2.6. Conceptual Framework

Figure 1 shows this study's conceptual
framework, describing auditor experience, Big Data,
and forensic audit as mediating variables in fraud

Hl

Auditor Experience H4

detection.

Forensic Audit

H3 Fraud Detection

Big Data

\
.

2 |

Figure 1: Conceptual Framework
Source: Processed by Researcher, 2022

2.7. Hypothesis

The auditor’s experience is seen in their
work tenure, assignments, and reviewing problems
[14]. More experience enables auditors to detect
fraud easily during the audit process. Auditor
experience measures the time and period of work
people have passed in understanding their job duties
correctly. According to [21], experience influences
the auditor's ability to detect fraud because it
deepens and broadens work skills. The more often
auditors perform the same task; the faster and more
skilled they are in carrying out their work.
Experienced auditors also better understand the
causes of human, tool, or intentional errors, implying
fraud [22]. According to [23] found that auditor
experience positively affected fraud detection. The
study contradicts [24], which showed that the
auditor's work  experience  positively  but
insignificantly  influenced  fraud  detection.
Therefore, the hypothesis was formulated as follows:
Hi:  Auditor experience positively and
significantly affects fraud detection.

According to [25], Big Data expands the
source and size of information auditors need to
detect fraud. It supports the analytical process and
improves the quality of fraud detection results. It is
in line with agency theory, where Big Data
overcomes agency problems or fraud in an
organization [25]. According to [7], Big Data speeds
up data creation and improves visualization results
and internal team communication in fraud detection.
It allows data integration into the system, and
Alibaba is an example of a large company proving
the benefits of the integration to detect and combat
fraud [26].

Moreover, [27] found that 72% of 466
companies stated that Big Data technology is crucial
in preventing and detecting fraud. It shows that it is
an efficient and effective tool for fraud detection.
[28] also found that Big Data effectively and
efficiently detected fraud. Therefore, the hypothesis
was formulated as follows:
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Hz: Big Daa positively and significantly affects
fraud detection

According to [18], a forensic audit entails
collecting, verifying, processing, analyzing, and
reporting data. The process aims to obtain legally
valid facts and evidence and advise on preventing an
illegal case or financial irregularity, including fraud.
Since the collected evidence must be legally valid,
the assigned auditor must have a mature strategy
supported by unquestionable knowledge, skills, and
experience. Forensic auditors must master various
branches of science, such as accounting, information
technology, and criminology [29]. It makes forensic
audits one of the best audits helpful in detecting and
revealing fraud. According to [6], [18], [30] also
proved the effectiveness of forensic audits in
detecting fraud. Therefore, the hypothesis was
formulated as follows:

Hs: Forensic audit positively and significantly
affects fraud detection

Experience is the expertise and knowledge
obtained through direct observation or participation
in various events [22]. The increasing experience
makes individuals faster, more proficient, and
superior in completing tasks [15]. It helps
individuals carry out their work, including the
auditors. Experienced auditors are critical to the
success or failure of special and risk-filled fraud
audits, such as forensic and investigative audits [31].
Therefore, the hypothesis was formulated as follows:
H4: The auditor experience positively and
significantly affects forensic audit

Big Data is a collection of large and
complex data that requires technology to analyze
[32]. It could maximize the forensic audit function to
detect fraud through its capabilities and be an answer
to overcome agency problems. In detecting fraud,
sometimes the auditor has limitations in analyzing
unstructured and non-financial data, such as meeting
results, news related to management, and contract
details. They could overcome these obstacles using
Big Data through data analysis tools [33]. Big Data
has a large volume and integrated information that
could speed up forensic auditors in performing
analytical procedures. It increases the auditors’
effectiveness and efficiency in detecting fraud.

Furthermore, Big Data could increase the
relevance of audit evidence and improve evaluation
and audit quality, including forensic audits. An
example is when auditors verify shipping
information. Forensic auditors could use and

maximize GPS data to get more valid information
about verifying shipments. Big Data is essential in
maximizing forensic audits [33]. According to [25]
also found that Big Data positively affects audits.
Therefore, the hypothesis was formulated as follows:
Hs: Big Data positively and significantly affects
forensic audit

Auditors must maintain their independence
and a professional attitude when conducting audits
to build trust in clients. They must continuously
follow developments in their business and
profession. More experience increases the auditors’
expertise and improves fraud risk assessment skills
[34]. Therefore, the hypothesis was formulated as
follows:

Hs: Forensic audit mediates the effect of auditor
experience on fraud detection

A forensic audit is used in fraud detection,
whose effectiveness could be increased by Big Data.
Combining Big Data and forensic auditing is an
effective solution to overcome agency problems
[25]. Forensic auditors utilize special investigative
skills to reveal various forms of fraud to be proven
in the litigation process [10]. Detecting fraud could
combine the forensic audit’s effectiveness with the
use of data [25]. Forensic auditors with proficient
expertise improve Big Data’s role in facilitating
faster, more detailed, and more comprehensive fraud
detection [28]. According to [33], fraud detection is
effective when combined with Big Data and forensic

audits. According to [29], forensic auditing
combines disciplines such as law, litigation,
criminology, investigation, public sector

administration, and information and communication
technology in fraud detection. Forensic auditors
collect audit and legal evidence with complex
criteria that require mastering many competence
areas. The assigned auditor must be experienced,
astute, and always use professional skepticism to
increase the audit's success. By applying skepticism,
the auditor pays attention to various nonverbal cues
that lead to the expected evidence. [8] and [6]
showed that forensic audits effectively detect fraud.
Therefore, the hypothesis was formulated as follows:
H7: Forensic audits mediate the effect of Big Data
on fraud detection

3. METHODS

This quantitative study used primary and
determined respondents using the snowball sampling
technique. Respondents  comprised internal,
external, and government auditors working in
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Indonesia. The data source used in this study is
primary data from questionnaires. There are 40
questions divided into four parts. The items were
adopted from well-established and published works
based on the models. Eight items were taken from
[18] and [25] to measure fraud detection. The auditor
experience construct was measured through 7 items
adopted from [35] and [36]. The eighteen big data
constructs were derived from [37]. And the forensic
audit construct was measured using seven items
adopted from [18]. All item indicators were scored
using a four-point, Likert scale, from "1 = strongly
disagree" to "4 = strongly agree. The questionnaire
was created via a Google form and then shared via
social media and group posts from July 8, 2022, to
August 12, 2022.

The population size is unknown because
there is no valid data regarding Indonesia's current
number of external auditors. The Lemeshow formula
was used to get the sample.

_ le—a/z X p(l - p)
n = 2

1962 x 0.5(1—0.5)

From the formula, we obtained a minimum
sample of 100 respondents. One hundred twenty-
eight respondents completed the questionnaires
collected. Testing the validity and dependability of
each indicator is the initial step in assessing the
model, followed by hypothesis testing. The validity
test uses convergent validity, average variance
extracted (AVE), and discriminant validity.
Reliability tests use composite reliability and
Cronbach's Alpha. After completing these stages, we
conduct structural model analysis (hypothesis
testing). Hypothesis testing observes the P-values
and t-tests to determine the relationship between the
independent and dependent variables. Data were
collected by distributing online questionnaires
measured using a Likert scale. The data were
analyzed using the structural equation modeling
(SEM) approach with SMART Partial Least Square
(PLS) software.

4. RESULT AND DISCUSSION
One hundred twenty-eight respondents

filled out the questionnaire. Table 2 shows the
respondents' demographic details regarding gender,

(0.1)7 age, domicile, position, education, auditor type,
company size, work, and auditor experience.
= 96.04
~ 100
Table 1: Demographic Factors
Description | N | (%) Description | N | (%)
Gender Education
Male 86 | 67.19 Diploma 3 2.34
Female 42 | 32.81 Bachelor degree 96 75.00
Age Postgraduate 29 22.66
21 - 30 years old 70 | 54.69 Others 0 0.00
31 - 40 years old 34 | 26.56 | Auditor Type
41 - 50 years old 12| 9.38 Government Auditor 5 3.91
> 50 years old 12| 9.38 Internal Auditor 81 63.28
Domicile External Auditor 42 32.81
Sumatra 2| 1.56 | Company Size Work
Java 121 | 94.53 Small Firm 1 0.78
Borneo 4| 3.13 Medium Firm 23 17.97
Sulawesi 1] 0.78 Large Firm 104 81.25
Papua 0| 0.00 | Auditor Experience
Position <1 year 17 13.28
Associate Auditor 16 | 12.50 2 - 5 years 72 56.25
Young Auditor 24 1 18.75 6 - 10 years 22 17.19
First Auditor 24 | 18.75 > 10 years 17 13.28
Provider Auditor 0| 0.00 | Does your company use Big Data and forensic
audits in fraud detection?
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Advanced Executing Auditor 6| 4.69 Yes 128 100.00

Implementing Auditor 18 | 14.06 No 0 0.00

Audit Manager 15 | 11.72 | Have you ever carried out fraud detection using Big
Data and forensic audits?

Partners 3| 2.34 Yes 128 100.00

Others 22 | 17.19 No 0 0.00
Source: Processed by Researcher, 2022

4.1. The Evaluation of the Measurement According to [38], the construct's variance versus the

Model or Outer Model

4.1.1. Convergent Validity

level due to measurement error of more than 0.7 is
considered very good. A level of 0.5 and above is
acceptable. Table 2 shows the validity test results:

Convergent validity is the loading factor
value on the latent variable with its indicators.

Table 2: Cross Loading

Auditor Experience | Big Data Forensic Audit Fraud Detection
Forensic Audit (AF)
AF1 0.727
AF2 0.807
AF3 0.823
AF4 0.720
AFS 0.762
AF6 0.732
Big Data (BD)
BD1 0.778
BD2 0.874
BD3 0.870
BD4 0.883
BDS5S 0.866
BD6 0.721
BD7 0.753
BDS8 0.731
BD9 0.717
BD10 0.855
Auditor Experience (PA)
PA1 0.745
PA2 0.824
PA3 0.881
PA4 0.827
Fraud Detection (PF)
PF1 0.829
PF2 0.896
PF3 0.818

Source: Processed Data
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4.1.2. Discriminant Validity

Discriminant validity is the magnitude of
the loading value between aspects or components
greater than the value of other aspects or components
[39]. It is measured by analyzing the cross-loading
between indicators and cross-loading Fornell-

Lacker. Table 3 shows that the loading value for the
intended construct exceeds the value for other
constructs. The Fornell-Lacker's cross-loading value
is checked by determining the AVE's root value,
which must exceed the correlation between
constructs. Table 3 shows the test results:

Table 3: Latent Correlation Variable

Auditor Experience Big Data i?;;f;tmic Fni::iion
Auditor Experience 0.821
Big Data 0.402 0.808
Forensic Audit 0.393 0.353 0.763
Fraud Detection 0.445 0.332 0.421 0.849

Source: Processed Data

The AVE root value in Table 3 exceeds the
correlation between constructs. The two-stage cross-
loading examination results show no problem in the
discriminant validity test.

4.1.3. Construct's Reliability

The reliability of the external construct
model measurement with reflective indicators was
measured by determining the composite reliability of

the indicator block. Table 4 shows the results:

Table 4: Reliability and Validity Constructs

, Composite Average Variance

(I LE] Reliability Extracted (AVE)
Auditor Experience 0.837 0.892 0.673
Big Data 0.941 0.949 0.652
Forensic Audit 0.859 0.893 0.582
Fraud Detection 0.806 0.885 0.720

Source: Processed Data

The results in Table 4 show that the overall
construct has a relatively high composite reliability
value > 0.7. The recommended Cronbach Alpha
value is more than 0.6. Therefore, all the variables
have a Cronbach Alpha value above 0.6.

4.2. The Evaluation of the Structural Model
or Inner Model

Test Coefficient of Determination (R-
square)

4.2.1.

The structural or inner model was tested to
determine the causality relationship between latent
variables, the significance, and the R-square values
of the study model. The R square value shows the
effect of the independent or exogenous variable on
the dependent or endogenous variable. Evaluation of

the structural model using PLS began with
examining the R-squared value of each latent
dependent variable. Table 5 shows the R-squared
values estimated using SmartPLS:

Table 5: R- Square

R Square
Forensic Audit 0.200
Fraud Detection 0.281

Source: Processed Data

The results in Table 5 show that the R-
square value of the forensic audit variable is 0.200
and the fraud detection variable is 0.281. Auditor
experience, Big Data, and forensic audits could
explain 20.0% and 28.1% of the forensic audit
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variability and fraud detection, respectively.
Variables outside this model explain the rest.
4.2.2. Hypothesis Testing

Direct hypothesis

A t-test was performed with a 95%
confidence level and a freedom value of 1.96.
Hypotheses were tested for each latent variable in

Table 6

Table 6: Bootsrapping Method

Original Sample | T Statistics
(0) (o/sTpEy)) | P Values
Auditor Experience -> Forensic Audit 0.300 3.207 0.001
Auditor Experience -> Fraud Detection 0.293 2.877 0.004
Big Data -> Forensic Audit 0.232 2.025 0.043
Big Data -> Fraud Detection 0.122 1.208 0.228
Forensic Audit -> Fraud Detection 0.263 2.759 0.006
Source: Processed Data
Indirect hypothesis
Table 7: Bootsrapping Method
g;llr% “ll: : T Statistics P Values
©) P (O/STDEV))
Big Data -> Forensic Audit -> Fraud Detection 0.061 1.385 0.167
Auditor Experience -> Forensic Audit -> Fraud Detection 0.079 2.012 0.045

Source: Processed Data

The results in Table 6 show that seven t-
statistic values are less than 1.96 and are
insignificant because they are more than 5%. Four t-
statistic values are significant or illuminated in
green. These results indicate that only four of the
seven hypotheses are accepted, and three are
rejected. Based on Tables 6 and 7, the first
hypothesis shows that the t-count value is 2.877 > t-
table of 1.96, and the significance is smaller than the
5% level of distrust, which is 0.004 <0.05.
Therefore, the first hypothesis that auditor
experience positively and significantly affects fraud
detection is accepted.

The second hypothesis shows that the t-
count value is 1.208 > t-table of 1.96, and the
significance exceeds the 5% level of distrust, which
is 0.228 > 0.05. The second hypothesis that Big Data
positively and significantly affect fraud detection is
rejected. The third hypothesis shows that the t-count
value is 2.759 > t-table of 1.96. The significance is
smaller than the 5% level of distrust, which is 0.006
<0.05. The results support the third hypothesis that
forensic audits positively and significantly affect
fraud detection. The fourth hypothesis shows that the
t-count value is 3.207 > t-table of 1.96, and the
significance is 0.001 <0.05, smaller than the 5%
level of distrust. These results support the fourth

hypothesis that the auditor's experience positively
and significantly affects forensic audits. For the fifth
hypothesis, the t-count value is 2.025 > t-table of
1.96, and the significance is 0.043 <0.05, smaller
than the 5% level of distrust.

The results support the fifth hypothesis that
Big Data positively and significantly affects forensic
audits. For the sixth hypothesis, the t-count value is
2.012 > t-table of 1.96. The significance is 0.045
<0.05, smaller than the 5% level of distrust. The
results support the sixth hypothesis that auditor
experience is more substantial when mediated by
forensic audit. For the seventh hypothesis, the t-
count value is 1.385 < t-table, which is 1.96. The
significance is 0.167> 0.05, more significant than the
5% level of distrust.

Therefore, the seventh hypothesis that
forensic audit mediates the effect of Big Data on
fraud detection is rejected. The internal or structural
model was tested to determine the relationship
between the model's construct, significance, and R-
square value. Structural models were evaluated
using R-square for the t-test dependent construct and
the significance of the structural path parameter
coefficient.
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4.2.3. Discussion

This study aimed to examine the effect of
auditor experience, Big Data, and forensic audit as
mediating variables on fraud detection. The results
supported the first hypothesis (H;) that auditor
experience positively and significantly affects fraud
detection, as shown in Table 8. Auditors' experience
may increase or decrease in detecting fraud
depending on the surrounding contextual factors.
Higher experience makes auditors more capable and
proficient in mastering themselves and the activities
being audited. Experience allows auditors to resolve
obstacles and control the emotions of those being
examined. It is essential to increase the auditor's
sense of responsibility to detect fraud. Highly
experienced auditors easily detect fraud because the
number and types of cases exceed those identified
by less experienced auditors. Based on the
respondents’ demography, most male respondents
vote strongly agree with the auditor's experience
detecting fraud.

Moreover, younger auditors are more
enthusiastic about seeking auditing experience,
increasing their proficiency in fraud detection. The
results support [40] that the auditors’ experience
significantly affects their sensitivity to detecting
fraud. Characteristics of experienced auditors
include skepticism, professional judgment, and
acquisition of knowledge about fraud risks in
conducting audits. Additionally, the findings
support [41], [42] that less experienced auditors
have difficulty detecting fraud. It implies that more
experienced auditors have a higher ability to take
responsibility for detecting fraud. According to [43],
experience positively affects the auditor's
responsibility in detecting fraud. However, this
study contradicts [24] that the auditor's work
experience positively but insignificantly influences
fraud detection.

The second hypothesis (H;) states Big Data
positively and insignificantly affects fraud
detection, was rejected, as shown in Table 6. Big
Data is challenging because it has extensive and
redundant information. Although tools could
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help auditors store this information, the data
volume increases yearly. Many organizations
find it challenging to collect data. Furthermore,
the data must be further processed to ensure it is
valid and meets clients' needs. The results
contradict [27], where 72% of 466 companies
participating in the survey stated that Big Data
technology is crucial in preventing and detecting
fraud.

Moreover, [28] found that Big Data
effectively and efficiently detect fraud.
Technology development is increasingly rapid,
providing many changes, such as the operational
activities of various companies today. Many
company activities rely heavily on the facilities
provided by computers and the internet. The
facilities could be speed in data transfer,
operation, deletion, or modification [44].

According to [44] explained that these
technological advances could also have negative
impacts. One such impact is the increasing and
complex fraud activity supported by technology.
It makes the fraud detection process even more
complicated. Therefore, this could be overcome
using the same technology. The third hypothesis
(Hs) that forensic audit positively and significantly
affects fraud detection was accepted, as shown in
Table 6. According to [10] explained that a forensic
audit comprises special activities to detect and
collect legal evidence and facts on fraud cases in the
litigation process. However, forensic audits are
believed to have two prominent roles. First, they
maximize Big Data's role in detecting fraud. Various
advantages of Big Data, such as fast data creation,
could be maximized by forensic auditors for fraud
detection [28], [33], [7]. According to [18], [25]
forensic  audits  effectively  detect  fraud.
Furthermore, [45] showed that proactive and
reactive forensic audits significantly negatively
impact fraud practices.

The fourth hypothesis (H4) that auditor
experience positively and significantly affects
forensic audits was accepted, as indicated in Table
6. Forensic audits need the skills or experience to
obtain evidence and present findings and
explanations that support administrative, civil, or
criminal actions [6]. The audits rely on accounting
and auditing knowledge assisted by the ability and
experience to conduct investigations [46].
Therefore, a forensic audit could be adapted as an
internal audit strategy to prevent fraud. The fifth
hypothesis (Hs) that Big Data positively and

significantly affects forensic audits was accepted, as
shown in Table 8. According to [44], [47], Big Data
is a collection of large and diverse information that
is difficult to process using traditional approaches.
It has five main characteristics, including Volume,
Variety, Value, Veracity, and Velocity, abbreviated
as 5V. This data assists auditors in analyzing more
extensive, diverse, and faster amounts of data,
making it easier to identify fraud [48]. Therefore,
the Data allows auditors to obtain additional
external information from various sources, such as
social media, email sites, websites, and online media
portals [49]. The data analyzed by auditors using
Big Data is very complex and requires a more in-
depth analysis process.

The tools contained in Big Data facilitate
quick analysis of large amounts of structured and
unstructured data. It means that the data is crucial in
improving the quality of an audit, including forensic
audits. This study also found that Big Data
positively affects forensic audits. Therefore, the
hypothesis test indicated that using this data for
forensic audits in fraud detection solves agency
problems. It is in line with [25] that the data
positively and significantly affects forensic
auditing. The sixth hypothesis (He) that auditor
experience is more substantial when mediated by the
forensic audit was accepted, as shown in Table 7.
Forensic audits rely on accounting and auditing
knowledge assisted by the ability to conduct
investigations [46]. Therefore, a forensic audit could
be an internal audit strategy to prevent fraud.
Forensic auditors need the skills to obtain and
present evidence that supports administrative, civil,
or criminal actions [6]. The audits are carried out by
utilizing special investigative skills in conducting
investigations to provide results with judicial
applications. This description indicates a positive
relationship between forensic audits and fraud
detection. Experience assists auditors in increasing
their knowledge of errors and fraud. More
experience increases the auditors’ expertise and
improves their fraud risk assessment ability [34].
Furthermore, experience is an auditor's internal
factor that helps understand the flow of detecting
fraud. The auditor's success in detecting fraud
depends on internal factors. Auditors experienced in
fraud assessment are more proficient and faster at
detecting fraud. Therefore, the description indicates
a positive relationship between experience and fraud
detection.

The seventh hypothesis (H7) was that Big
Data is not stronger when mediated by the forensic
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audit. The results in Table 7 show that the
hypothesis was rejected, meaning that forensic
audits could not mediate the significant effect of the
data on fraud detection. Therefore, Big Data
mediated through forensic audits cannot resolve the
agency theory problems or fraud acts. It could be
because the auditor lacks expertise in various fields
of science required to conduct this audit. It
necessitates routine training and education in
investigative science, criminology, ethics, and
government administration. The results contradict
[8], [45], which showed the effectiveness of this
audit in detecting fraud.

The following are the similarities and
differences between this study and previous
research is [8] “The Effect of Forensic Auditor
Skills, Forensic Auditor Techniques, Forensic
Auditor Experience, and Technological Readiness
on Fraud Detection”, the equation are responden is
forensic auditors spread all over Indonesia, the
primary data collection technique is a survey
method, data analysis technique using SEM-PLS.,
the variable in this study auditor experience and
forensic auditor experience partially have a positive
and significant effect on fraud detection. While the
difference are the sampling technique is incidental
sampling and the variables in this study are auditor
skills, forensic auditor techniques. Research [25]
“Fraud Detection: The Role of Big Data and
Forensic Auditing”, the equation are this research
was conducted using a quantitative approach to the
survey method by distributing questionnaires,
statistical testing in this study was in the form of
structural equation modeling (SEM) with the help of
the smartPLS application and the variables in this
study are fraud detection, big data and forensic
auditing. While the difference are respondents from
this study were 221 auditors who worked at the
Supreme Audit Board and the Development and
Financial Supervisory Agency of the Republic of
Indonesia and the variabels in this study is auditor
experience. Research [50] “Effect of Forensic Audit
on Bank Fraud in Nigeria”, the equation is findings
indicate that forensic audits help in improved
detection and prevention of bank fraud and while the
difference is Data were analyzed using ordinary
least squares (OLS) regression model.

S. CONCLUSION

This study aimed to examine the influence
of auditor experience, Big Data, and forensic
auditing as mediating variables on fraud detection.
Five of the seven hypotheses tested were accepted,

while two were rejected. Therefore, the auditor's
experience, Big Data, and forensic audit positively
and significantly affect fraud detection. Auditor
experience and Big Data also positively and
significantly affect forensic audits. A forensic audit
mediates the auditor's experience with fraud
detection but does not mediate Big Data against
fraud detection. The results indicate that internal,
external, and government auditors could find a
suitable and efficient method to detect fraud in the
future. However, this study was conducted during
the COVID-19 pandemic, which impacted the
distribution of questionnaires and the collection of
results. Future studies could add potential variables
that strengthen the relationship between forensic
audit and fraud detection. Additionally, they could
use variables such as investigative audits.

Auditor experience is the ability possessed
by an auditor. Big Data is one of the essential things
in today's digital era. However, because there is so
much data in Big Data, internal auditors need a way
to filter this data to find fraud in a company.
Forensic auditing is the ability to collect and use
structured and unstructured data to prevent, detect,
monitor, or investigate errors, fraud, and non-
compliance. Where forensic audits as well as with
the auditor's experience can utilize Big Data to filter
the data needed for analysis. The impact of rapid
technological developments has caused many
changes to occur, including changes in the audit
stages. An internal auditor must not only have
adequate knowledge to carry out his duties, but must
also have other skills and competencies. future
audits require “accounting plus” skills, including an
innovative, global, questioning/challenging
mindset; leader ability. With auditor experience,
including where the auditor understands big data
and has forensic audit skills, it is easier to do fraud
detection.

REFERENCES

[1] Tempo. (2021, September 14). ICW: Angka
Penindakan Kasus Korupsi Semester 1 2021
Naik Jika Dibandingkan Tahun Sebelumnya.
Retrieved from
https://data.tempo.co/data/1208/icw-angka-
penindakan-kasus-korupsi-semester-1-2021-
naik-jika-dibandingkan-tahun-sebelumnya:
https://data.tempo.co/data/1208/icw-angka-
penindakan-kasus-korupsi-semester-1-2021-
naik-jika-dibandingkan-tahun-sebelumnya

[2] Medcom. (2021, September 12). ICW: Kinerja
Kejaksaan dalam Penindakan Korupsi Dapat

R ————
2334




Journal of Theoretical and Applied Information Technology
31* March 2023. Vol.101. No 6

AN

| N
| <%

© 2023 Little Lion Scientific

" A mmmm—
oYLl

ISSN: 1992-8645

Www.jatit.org

E-ISSN: 1817-3195

(3]

(3]

(6]

[10]

[12]

[13]

Nilai C. Retrieved from
https://www.medcom.id/nasional/hukum/Rb1
zLe3k-icw-kinerja-kejaksaan-dalam-
penindakan-korupsi-dapat-nilai-c:
https://www.medcom.id/nasional/hukum/Rb1
zLe3k-icw-kinerja-kejaksaan-dalam-
penindakan-korupsi-dapat-nilai-c

Akuntansi, M. (1999). Undang-Undang No 34
tahun 1954. Edisi 04/Oktober-November
1999, Tahun VI/1999 Pemerintah. Republik
Indonesia (1954).

Christ, M. Y. (1993). An Evidence on The
Nature of Representation: An Examination of
Auditor Free Recalls. The Accounting Review,
69 (April), 304 - 322.

Libby. (1995). The Role of Knowledge and
Memory in Audit Judgement. (C. U. Press, Ed.)
New York: In Ashton, A. H. And Ashton R.H
(eds).

Alao, A. A. (2016). Forensic auditing and
financial fraud in Nigerian deposit money
banks (DMBs). European Journal of
Accounting, Auditing and Finance Research,
4(8), 1-19.

Hipgrave, S. (2013). Smarter fraud
investigations with big data analytics. Network
Security, 12,7-9.

Inyada, S., Olopade, D., & Ugbede, J. (2019).
Effect of Forensic Audit on Bank Fraud in
Nigeria. American International Journal of
Contemporary Research, Jil. 9, No. 2, 40-45.
doi:10.30845/aijer.vOn2p5

Kayo, A. S. (2013). Audit Forensik:
Penggunaan dan Kompetensi Auditor dalam
Pemberantasan Tindak Pidana Korupsi (1st
ed.). Graha Ilmu.

Vukadinovi¢, P., Knezevic, G., &
Mizdrakovié, V. (2015). THE
CHARACTERISTICS OF FORENSIC
AUDIT AND DIFFERENCES
CONCERNING EXTERNAL  AUDIT.
CONTEMPORARY FINANCIAL
MANAGEMENT, 202-205.

doi:10.15308/finiz-2015-202-205

Jensen, M. C., & Meckling, W. H. (1976).
Theory of the Firm: Managerial Behavior,
Agency Costs, and Ownership Structure.
Journal of Financial Economics, 3(4), 305—
360.

Zimbelman, M. F., Albrecth, C. C., Albrecth,
W. S., & Albrecth, C. O. (2014). Akuntansi
Forensik. Jakarta: Salemba Empat.

Crowe, H. (2011). Putting the Freud in fraud:
Why the fraud triangle is no longer. IN
Howart: Crowe. Retrieved 03 14, 2022

[14]

[15]

[17]

[18]

[20]

(21]

[22]

(23]

[25]

Laloan, C. T., Kalangi, L., & Gamaliel, H.
(2021).  Pengaruh  Pengetahuan  Audit,
Pengalaman Audit, dan Independensi Auditor
Dalam Kemampuan Pendeteksian Kecurangan
(Fraud) Pada Inspektorat Daerah Provinsi
Sulawesi Utara. Jurnal Riset Akuntansi dan
Auditing “Goodwill”, 12(2), 129-14.

Usman, H., & Rahmawati. (2014). Pengaruh
beban kerja dan pengalaman auditor dalam
mendeteksi kecurangan. Jurnal Akuntansi dan
Investasi, 15(1).

Sagiroglu, S., & Sinanc, D. (2013, May). Big
data: A review. At the 2013 international
conference on collaboration technologies and
systems (CTS). IEEE, pp. 42-47.

George, T. (2014). Dasar-dasar Manajemen.
Jakarta: Bina Aksara.

Enofe, A., Omagbon, P., & Ehigiator, F.
(2015). Forensic Audit and Corporate Fraud.
IIARD International Journal of Economics
and Business Management, 1(7), 1-10.
Dobrowolski, Z. (2020). Forensic auditing and
weak signals: a cognitive approach and
practical tips. European Research Studies
Journal XXIII(Special Issue 2), 247-259.
doi:https://doi.org/10.35808/ersj/1821
Saifullah, S., & Abbas, G. (2020). Role of
forensic auditing in enhancing the efficiency
of public sector organizations. Review of
Management  Sciences,  1I(1),  40-59.
doi:http://rmsjournal.com/index.php/

Fakri, H. (2011). Pengaruh Pengalaman,
Indepedensi dan Skeptisme Profesional
Auditor Terhadap Pendeteksian Kecurangan.
Skripsi.

Anggriawan, E. F. (2014). Pengaruh
Pengalaman Kerja, Skeptisme Profesional
Dan Tekanan Waktu Terhadap Kemampuan
Auditor Dalam Mendeteksi Fraud. Dan
Tekanan Waktu Terhadap Kemampuan
Auditor Dalam Mendeteksi Fraud, 3(2),
h:101-116.

Yusuf, M. A. (2013). Pengaruh Pengalaman,
Indepedensi, dan Skeptisisme Profesional
Auditor Terhadap Pendeteksian Kecurangan.
Sarjana Jurusan Akuntansi Audit Fakultas
Ekonomi dan Bisnis Universitas Islam Negeri
Syarif Hidayatullah.

Rahim, S., Muslim , & Amin , A. (2019). Red
Flag And Auditor Experience Toward
Criminal Detection Trough Profesional
Skepticism. Jurnal Akuntansi, 23(1), pp. 47—
62. doi:doi: 10.24912/ja.v23i1.459
Syahputra, B. E., & Afnan, A. (2020).
Pendeteksian Fraud: Peran Big Data dan Audit

2335




Journal of Theoretical and Applied Information Technology
31* March 2023. Vol.101. No 6

AN

| N
| <%

© 2023 Little Lion Scientific

" A mmmm—
oYLl

ISSN: 1992-8645

Www.jatit.org

E-ISSN: 1817-3195

[26]

(27]

[29]

[31]

[32]

[33]

[34]

[37]

Forensik. JURNAL ASET (AKUNTANSI
RISET), Vol. 12 (2),301-316.

Chen, J., Tao, Y., & Wang, H. (2015). Big
Data-Based Fraud Risk Management at
Alibaba. The Journal of Finance and Data
Science, 1-21. doi:doi:
10.1016/j.jfds.2015.03.001

Emst & Young. (2014). Global EY FIDS
Forensic Data Analytics Survey 2014: Big
Risks Require Big Data Thinking. 2014 EYGM
Limited, SCORE no. DQ0037.

Tang, J., & Karim, K. (2019). Financial Fraud
Detection and Big Data Analytics -
Implications on Auditors’ Use of Fraud
Brainstorming Session. Managerial Auditing
Journal, 34(3), 324-337.

Dada, S., Owolabi, S., & Okwu, A. (2013).
Forensic Accounting a Panacea to Alleviation
of Fraudulent Practices in  Nigeria.
International Journal Business, Management,
and Economic Research, 4(5), 787-792.
Zachariah, P., Masoyi, A., Emest, E., &
Gabriel, A. (2014). Application of Forensic
Auditing in Reducing Fraud Cases in Nigeria
Money Deposit Banks. Global Journal of
Management and Business Research: D
Accounting and Auditing, 14(3), 15-21.
Christiawan, Y. J. (2022). Kompetensi dan
independensi akuntan publik: Refleksi hasil
penelitian empiris. Jurnal Akuntansi dan
Keuangan, 4(2), 79-92.

Chen, C. P., & Zhang, C. Y. (2014). Data-
Intensive Applications, Challenges,
Techniques, and Technology: A Survey on
Big Data. Informatics Sciences, 275, 314-347.
Tang, J., & Karim, K. (2017). Big Data in
Business Analytics: Implications for the Audit
Profession. The CPA Journal, 87(6), 34-39.
Mulyono, A., Yazid, H., & Bastian, E. (2021).
Independensi dan Komitmen Organisasi:
Memediasi Pengaruh Brainstorming dan
Keahlian Auditor Terhadap Penilaian Risiko.
Jurnal Akuntansi Netral, Akuntabel, Objektif,
Volume 4/Nomor 1/Juli 2021.

Arens, A. A., Elder, R. J., & Beasley, M. S.
(2006). Auditing and Assurance Services: An
Integrated Approach. (1. E. 1, Ed.) New
Jersey: Pearson Prentice-Hall.

Zailia, Y. (2013). Pengaruh Etika,
Kompetensi, Gender, dan Pengalaman
Auditor Terhadap Ketepatan Pemberian Opini
Akuntan Publik. Skripsi.

Wilkin, C., Ferreira, A., Rotaru, K., &
Gaerlan, L. R. (2020). Big data prioritization
in SCM decision-making: Its role and

[41]

[43]

[44]

[45]

performance implications. Australia:
Department of Accounting.
doi:https://doi.org/10.1016/j.accinf.2020.100
470

Hair, J., Black, W., Babin, B., & Anderson, R.
(2010). Factor Analysis. In: Multivariate Data
Analysis. Jersey: Pearson Education Inc.
Jogiyanto, H., & Abdillah, W. (2009). Konsep
dan Aplikasi PLS (Partial Least Square) untuk
Penelitian Empiris. Yogyakarta: BPFE.
Owusu-ansah, S., Moyes, G. D., Oyelere, P.
B., & Hay, D. (2002). An Empirical Analysis
of the Likelihood of Detecting Fraud in New
Zealand. Managerial Auditing Journal, 17(4,
192-204.
doi:https://doi.org/10.1108/02686900210424
358

Johnson, P. E., Grazioli, S., & Jamal, K.
(1993). Fraud detection: Intentionality and
deception in  cognition.  Accounting,
Organizations and Society, 18(5), 467—488.
doi:https://doi.org/10.1016/0361-
3682(93)90042-5

Kassem, R., & Higson, A. (2012). The New
Fraud Triangle Model. Journal of Emerging
Trends in Economics and Management
Sciences  (JETEMS), 3(3), 191-195.
doi:https://doi.org/10.1093/humrep/dep064
Choo, F., & Trotman, K. T. (1991, Juli). The
Relationship Between Knowledge Structure
and Judgments for Experienced and
Inexperienced Auditors. The Accounting
Review, 464-485.

Kilig, B. I. (2020). The Effect of Big Data on
Forensic Accounting Practices and Education.
In S. Grima, E. Boztepe, & P. J. Baldacchino
(Eds.). Contemporary Studies in Economic
and Financial Analysis, Vol. 102, pp. 11-26.
Akenbor, C. O., & Oghoghomeh, T. (2013).
Forensic auditing and financial crime in
Nigerian Banks A proactive approach. The
Business & Management Review, 4(2),48-61.
Crumbley, L. L., & Stevenson, S. (2015).
Forensic and Investigative Accounting.
Commerce Clearing House, (Ed-7).

Ohlhorst, F. (2015). Big Data Analytics:
Turning Big Data Into Big Money. John Wiley
& Sons Inc.

Early, C. E. (2015). Data Analytics in
Auditing: Opportunities and Challenges.
Business Horizons, 58(5), 493-500.

Rezaee, Z., & Wang, J. (2017). Relevance of
Big Data to Forensic Accounting Practice and
Education: Insight From China. 7th Annual

R ————
2336




Journal of Theoretical and Applied Information Technology B
31 March 2023. Vol.101. No 6 ~
© 2023 Little Lion Scientific ATIT

ISSN: 1992-8645

Www.jatit.org

E-ISSN: 1817-3195

[50]

International Conference on Accounting and

Finance, 103-109.

Cortinah, M., & Herman, R. (2022, August).

The Effect of Forensic Auditor Skills,
Forensic Auditor Techniques, Forensic
Auditor Experience, and Technological
Readiness on Fraud Detection. Budapest
International Research and Critics Institute-
Journal (BIRCI-Journal), Volume 5, No 3,
22133-22149.
doi:https://doi.org/10.33258/birci.v5i3.6223

2337




