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ABSTRACT

The Audit Board of the Republic of Indonesia (BPK) is a state institution in Indonesia that conducts financial
and non-financial audits of other Indonesian state institutions. Big Data Analytics is essential to apply in
BPK, where in auditing Indonesian government institutions, BPK has various forms of unstructured,
heterogeneous data. Various types of heterogeneous data in BPK are financial and non-financial data that are
integrated. Unstructured data can be in the form of text mining (data acquisition through social media). The
application of Big Data Analytics in BPK is based on several factors. This study aims to determine the factors
influencing BPK in adopting Big Data Analytics using the Initial Trust approach model, Task Technology
Fit, and Performance Expectations. Accounting Firms can reference this research in adopting Big Data
Analytics during their audit process. This study was conducted by distributing questionnaires, where the
study population was 103 people, and the data obtained were 77 respondents. The analysis method in this
study uses SEM (Structure Equation Modelling) and PLS (Partial Least Square) approach with Smart PLS
software. This study reveals that Personal Propensity to Trust and Structural Assurance positively affect
Initial Trust. Initial trust and performance expectations influence Behavioral Intention. Both technological
and Task characteristics influence Task Technology Fit. In the meantime, Task Technology Fit has a negative
impact on the Behavioral Intention of Big Data Analytics by the Indonesian AuditBoard's auditors. This
research contributes to Accounting Firm and BPK in adopting Big Data Analytics through the perspective of
the Initial Trust model, Task Technology Fit, and Performance Expectations.

Keywords: Big Data Analytics, Initial Trust, Task Technology Fit, Performance Expectation, Behavioral
Intention

1. INTRODUCTION

The growth of existing technology encourage the Indonesian government to
connects every individual worldwide very quickly implement Big Data Analytics. Using Big Data
using data collection called Big Data. Big Data is Analytics in Indonesia can affect the effectiveness
an information technology that allows for of work carried out by government organizations,
managing, storing, and analyzing data in various such as a financial audit. The Majalengka District
forms in huge quantities. In the process of Big Inspectorate Office has implemented Big Data
Data analysis, it can also be referred to as Big Analytics in the audit process, and this makes
Data Analytics. Big Data Analytics is the process effectiveness in the audit process can be achieved
of extracting useful information by analyzing [2]. One of the financial audit government
various hidden patterns, such as market trends and organizations is the Audit Board (BPK). BPK is a
consumer preferences for decision-king [1]. state institution of the Republic of Indonesia

tasked with examining the management and
responsibility of state finances, as referred to in
the 1945 Constitution. BPK conducts inspection,
management, and responsibility for state finances

Applying Big Data Analytics will
positively impact every organization that uses it,
including government organizations. The
availability of large amounts of data should
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by the central government, local governments,
and other countries that manage state finances
based on the law [3]. In this case, various
decision-making processes and data analytics are
needed so that all decisions made can be proven
based on valid data [4]. According to the results
of interviews conducted with BPK, the financial
management of the Indonesian state has various
forms of unstructured and heterogeneous data.
Various unstructured data can be text mining from
social media such as Twitter and Instagram. As
for heterogeneous data, financial and non-
financial data are mutually integrated, such as
social assistance recipient data, recipient data pre-
employment, and list of «civil servants.
Conceptually, adopting Big Data Analytics in the
external audit process can be considered an
effective method because Big Data Analytics can
identify anomalous data [5]. In addition, Big Data
Analytics can also be used to reduce auditors'
dependence on client data. It can provide
assessments related to evaluating internal audit
evidence from a company [6].

This study has eight variables that want to
be tested. According to several previous studies,
there is a positive influence between each
variable. The variables to be tested are Personal
Propensity to Trust, Structural Assurance, Initial
Trust, Technological Features, Task Features,
Task Technology Fit, Performance Expectation,
and Behavioral Intention. Personal Propensity to
Trust is derived from an individual's willingness
to be trusted by others and trust others [7].
Individual Trust is representative of one's natural
inner self in increasing the Initial Trust to adopt
Big Data Analytics by BPK auditors. In addition,
there is also Structural Assurance, a security
system guarantee so that everyone who uses the
system can feel safe about the actions taken [8].
Suitable Structural Assurance can make someone
believe in the system and can arouse someone's
interest in adopting the system. The existence of a
Personal Propensity to Trust and Structural
Assurance will form an Initial Trust. Initial Trust
is a prominent model within the trust theory field.
This  theoretical framework posits  that
establishing Trust at the individual level is crucial
in enabling individuals to trust others and
subsequently engage in cooperative and mutually
beneficial relationships [9]. So that way, the
Initial Trust factor formed from Personal
Propensity to Trust and Structural Assurance can
affect the Intention of auditors BPK in adopting
Big Data Analytics.

The formation of intentions to adopt Big
Data Analytics is influenced by several models,
one of which is Initial Trust. Additionally, Task
Technology Fit is another model that accounts for
the compatibility between technological features
and task requirements in shaping the adoption of
such analytics. Technological Feature is a
variable about using a technology that needs to
know specifications that can be tailored to
individual needs [10]. In contrast, Task Features
use something that can solve various problems
from the tasks at hand [11]. There must be an
interaction between a technology's features and
the tasks to be completed [12]. The interaction
created will cause Behavioral Intention from
adopting Big Data Analytics by BPK auditors. In
addition, performance expectation variables can
influence an intention to adopt Big Data Analytics
auditors. Performance Expectation is the degree
to which individuals and groups believe using a
system will help improve individual or group
performance of these [11]. This Model describes
a benefit of the system for its users that can affect
one's work. It can help one determine their
attitude to make decisions, including one of the
decisions made by BPK in adopting Big Data
Analytics.

Based on the description above, this study
is expected to determine the factors influencing
BPK auditors to adopt Big Data Analytics used in
the examination process. The subject significance
of this study is the result of research that provides
many points of view with different values by
comparing several previous studies. However,
many studies that have been conducted discuss
only one approach model and do not do more
collaboration related to various existing
approaches, so in this study adopted several
research approaches. This study combines three
models Initial Trust, Task Technology Fit, and
Performance Expectations. The combination of
the three models provides several perspectives
that can be used as a reference in determining
more effective decisions by the Accounting Firm.
This research can also provide new insights and
considerations for Accounting Firms to apply Big
Data Analytics in the audit process. This research
is a replication of the research conducted by [13].
The present study is distinct from prior research
endeavors in that it focuses specifically on a
government auditor employed by BPK.
Moreover, an original contribution of this study is
the examination of the Trust factor in the context
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of Big Data Analytics, which represents a unique
and previously unexplored variable in the field of
research on this topic.

2. LITERATURE REVIEW

2.1 BigData

Big Data is a system that integrates the
real world, humans, and also cyberspace [14]. The
real world is related to a social reality reflected in
the virtual world through various technologies.
The human Task is to produce Big Data, which
will then be produced into cyberspace through
technology. According to [15], Big Data is
characterized by its extensive volume,
heterogeneity,  autonomous  nature, and
distributed and decentralized control structure.
Given its capacity to facilitate the exploration of
complex and constantly evolving relationships,
this resource represents a valuable tool in various
domains. It is difficult to process using various
traditional databases & software techniques when
the data is enormous. Big Data has a goal that
encourages the use of new technologies to analyze
many available data sets to obtain new
information on various topics. According to
research conducted by [16], there are several
characteristics of Big Data, namely:

Table 1. Key Characteristics of Big Data

Characteristic Explanation
Volume Amount of data collected
Velocity The rate at which data

arrives is stored, retrieved,
and processed
Variety Diverse data structures and
forms
Veracity Level of confidence in data
quality
Value Altered data can provide a
variety of benefits
Variability The changing nature of
data
Viability The relevance of a data
Visualization Understanding of data

Source: [16]

The application of Big Data requires
support from various dimensions of existing
technologies such as Data Mining, Algorithms,
Machine Learning, and Artificial Intelligence. In
the use of Big Data, there is a data analytics
process that refers to collecting, organizing, and
analyzing large data sets to find patterns and other
important information [17]. Data analytics

focuses on a problem-solving process, be it a new
problem or an old problem, in a better and more
effective way. According to [16], there are several
types of analytical processes, namely:

Table 2. Data Analytics

Kind Question Understanding
Descriptive What The 1n¥t1al stages of (i'?teld
Analytics happened? processing create a unifie

’ historical data
Diagnostic Why does The final stages of the root
Analytics it happen? cause of the problem
Predictive Xhitt Past data to forecast the
Analytics g future
happen
Prescriptive What to Stages to find the most
Analytics do? appropriate action to take

Source: [16]

The study [16] also describes the different
benefits of foreign m— each type of analytics.
Descriptive Analytics has the benefit of being
able to provide possibilities & trends in the future.
Furthermore, Diagnostic Analytics can be used to
determine why something happened, and this
analytics can provide a picture of the cause and
effect of an event. Then Predictive Analytics,
where this analytics uses various technological
assistance such as Data Mining, Artificial
Intelligence to analyze data and create scenarios
that are likely to occur. Moreover, finally,
Prescriptive Analytics uses several parameters to
find the best solution for what is likely to happen.

2.2 Implementation of Big Data Analytics in

Business & Financial Audit

Big Data Analytics uses a learning
technique on large datasets, including data
collection, analysis, and prescriptive modeling
[18]. Big Data Analytics is a procedure to collect,
consolidate, research, and exploit Big Data to find
patterns and information otherwise in decision-
making [19]. Big Data Analytics is a powerful
technique for achieving significant decision-
making steps [5]. Big Data Analytics refers to the
various volumes of data and technologies used &
collected from various sources, allowing to
improve the performance of a job [20].

Big Data Analytics can be applied to
various types of businesses in various industries
to improve performance. Big Data Analytics
applied in the business processes of Private
Manufacturing Firms explains that the
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enforcement of Big Data is widely accepted by
many enterprise industries leading to growth in
Business Process Improvement [21]. That way,
Big Data can provide excellent opportunities for a
market trying to evaluate better decision-making.

Companies in various sectors have gained
important insights into the structured data
collected from each company's systems.
Companies undergoing the process of
reengineering their business operations can
enhance their profitability by leveraging the
significant impact of Big Data Analytics. By
integrating the power of Big Data, firms can
effectively optimize their business activities and
achieve tremendous success. The influence of Big
Data Analytics on infrastructure components
allows companies to focus on achieving
competitive advantage.

In another aspect, Big Data Analytics is
applied in the audit process to identify risks
related to the business of the audited client [22].
The application of Big Data Analytics can
improve the quality of financial reporting. If a
business uses Business Intelligence, it can
increase the capacity of auditors to offer quality
assessment [23]. Applying Big Data Analytics in
an audit methodology significantly impacts the
conduct of audits related to engagement activities.
Also, it contributes to acquiring more skills &
knowledge, especially concerning information
technology. Implementing Data Analytics in the
advanced stages of auditing can significantly
reduce time expenditure. Auditors can leverage
such tools to gain deeper insights into client
activities and effectively communicate relevant
findings and recommendations to clients. In
addition, Data Analytics will generate fact-based
audit evidence and allow auditors to visualize and
analyze audit evidence for  materials
considerations and basis in making a decision.

Big Data Analytics positively impacts
auditing, as it distracts auditors from manual
activities and allows them to focus on the Task at
hand [24]. More critical such as judgment and
decision-making. There are two types of
motivation in the audit profession: client-related
and audit firm motivation. Later, Big Data
Analytics can change audit procedures at all
stages to provide more excellent value to the
client [25].

2.3 Task Technology Fit Model

Task Technology Fit is a model released by
Goodhue & Thompson (1995), where this Model
is used to predict behavioral intentions from
adopting something [10]. According to the Model,
the technology efficacy in supporting task
completion is heavily influenced by the interplay
between the features of the technology and the
inherent task characteristics [12]. Typical
dimensions that can be considered when
measuring a fit between technology features and
task characteristics are data quality, location,
access authorization, compatibility, user-
friendliness, private manufacturing, system
reliability, and information system relationships
[10]. The characteristics of a task and the
technological features will decide the Task
Technology Fit model to contribute to the
information system to be used and adapted. The
success of an information system implementation
correlates between the intended use and use of
technology to achieve that goal.

The Task Technology Fit model reflects a
positive and significant impact on the intended
use of smartphones and the technological features
of those smartphones in the digital enterprise
environment [26]. According to [27], if someone
does not achieve the desired goal, then technology
is wrong and not following the goals to be
achieved. It can be concluded that the Task
Technology Fit model is used to measure the
suitability of technology with task characteristics.
It can also be used to measure the continuance use
of this technology system.

2.4 Initial Trust Model

This Model can predict the behavioral
intentions of adopting Big Data Analytics. This
Model is a belief theory model developed by Mc
Knight (1998), where this theory is based on an
individual's position to believe or allow
individuals to trust other people [9]. A person's
desire to meet a constituted need without
experience and relevant information could imply
the meaning of an Initial Trust [28]. Initial Trust
becomes essential when a technology user does
not have experience accepting the new
technology[29].

The Initial Trust Model is divided into two
categories. The categories are factors that affect
the Initial Trust of a person. The first category is
the tendency of Trust [30]. The second category is
Structural Assurance, where Trust is focused on
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the beneficial outcome of future actions by
another party [31]. Based on the description
above, it is found that there is a positive impact of
Trust and structured power of information
systems regarding behavioral intentions of
adopting Big Data Analytics.

2.5 Performance Expectation

Performance Expectation is one construct
from the Unified Theory of Acceptance and Use
of Technology (UTAUT). The UTAUT was
developed by [11]. Performance Expectation is
predicted to influence one's adoption intentions.
There is a cognitive social theory with eight
integrated models based on research on
technology acceptance information [32]. The
emphasis of this Model is Performance
Expectation which can affect the Intention to
adopt Big Data Analytics. Assessment of success
can be analyzed through performance, so
performance expectations are one of the variables
in UTAUT that significantly affect success.

Furthermore, the literature reviewed in this
study consistently highlights Performance
Expectation as a critical determinant of an
individual's Intention to adopt a particular
innovation relative to other constructs within the
Unified Theory of Acceptance and Use of
Technology (UTAUT) framework. The research
[33] discusses how many students in Thailand can
receive E-Learning and how they respond to it.
The results show a very positive relationship
between performance and expectations. It is
evidenced by the statements given by students
that their parents are happy for their child to be
enrolled in an online course. E-Learning
acceptance is also related to the new school year
taught. Senior students tend to be more responsive
to E-Learning.

2.5.1 Behavioral intention

Behavioral Intention is a person's
subjective possibility of achieving a specific
behavior [34]. Someone who has a liking attitude
towards something, then the person's actions tend
to be doing behaviors that lead to that liking [35].
Suppose someone is already fond of the
expectation of excellent performance from Big
Data Analytics. In that case, that person will take
actions that lead to adopting Big Data Analytics.
Various factors can determine a person's
Behavioral Intention, thus making someone want
to adopt something. Various factors exist, such as
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the benefits that can be obtained, the satisfaction
felt, and others.

2.6 Related Research

Research [30] [36] explains how the
Personal Propensity to Trust variable can affect a
person's Initial Trust. It takes Trust arising from
one's natural mind to increase an Initial Trust,
which will later affect adopting a technology.

Research [37] [38] explains the significant
influence created by a technology's Structural
Assurance on a person's Initial Trust. The higher
the Structural Assurance of a technology given to
a user, the more it will increase the Initial Trust of
that user in the technology used.

The study [37] [39] explains the significant
influence of the Initial Trust variable on
Behavioral Intention. Initial Trust formed on the
variables of Personal Propensity to Trust and
Structural Assurance will make someone want to
adopt technology in daily work.

Research [40] [41] explains the influence
of Technological Features on Task Technology
Fit. From the results of these two studies, it was
found that there was a significant influence
created by Technological Features on Task
Technology Fit. Technology features will be
adapted to the Task at hand to create Task
Technology Fit.

The study [42] [41] explains how Task
Features affect Task Technology Fit. This study
found a significant influence of Task Features on
Task Technology Fit. The characteristics of a task
will be adjusted to the features of technology to
create Task Technology Fit.

Research [39] [41] was conducted to
determine whether there is an influence of Task
Technology Fit on Behavioral Intention. One
needs to adapt technology features to work being
done to match the Task and the technology, which
will affect one's interest in adopting Big Data
Analytics.

The study [40] [43] was conducted to
explain how Performance Expectation affects
Behavioral Intention. From these two studies, it
was found that there was a significant effect of
Performance  Expectation on  Behavioral
Intention. The higher the performance
expectations, the higher the Intention to adopt
someone.
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Based on the results of previous research,
it can be seen that there have been many studies
discussing the variables in this study. Some of the
studies above only present a few variables with at
least a combination of each existing approach
model, so they are less able to provide various
perspectives. While in the results of this study,
combining several approach models that make the
results of this research can be a reference by
Accounting Firms in adopting Big Data Analytics
during the audit process, they carry out using
several approach models so that there are many
perspectives that are used as references in
adopting Big Data Analytics.

3. RESEARCH METHODOLOGY

3.1 Hypothesis Development

The hypothesis is formulated as follows:

H1: Personal Propensity to Trust has a
positive influence on the Initial Trust

Personal Propensity to Trust, a person's
natural mind, can increase one's Initial Trust in
adopting something. Several studies support this
argument, where a well-considered predictor of
Initial Trust is a person's trust tendency [30]. In
addition, there is a personal tendency to believe
directly in adopting blockchain technology [36].
It can be said that Personal Propensity to Trust Big
Data Analytics in the audit process will affect the
auditor's Initial Trust in Big Data Analytics.

H2: Structural Assurance has a positive
influence on the Initial Trust

An Initial Trust can be created when there
is a guarantee that the technology is suitable for
use. Structural Assurance posits that maintaining
a robust technological infrastructure and
protective measures can foster user trust. It also
assures the security and privacy of data processed
via Big Data Analytics. Such trust-building
mechanisms are crucial in establishing Initial
Trust among users of these technologies [37]. In
addition, Structural Assurance in E-Service will
create Initial Trust from the data owner [38]. The
underlying hypothesis posits that providing a
comprehensive and sophisticated level of
Assurance can effectively mitigate concerns
among government auditors regarding the use of
Big Data Analytics. Therefore, it will enable the
emergence of Initial Trust.

H3: Initial Trust has a positive influence
on Behavioral Intention

Initial Trust variables can influence a
person's behavioral motives in adopting mobile
payments [42]. A person's Intention to adopt an E-
Wallet is influenced by the Initial Trust variable
[39]. So it can be said that the stronger the
auditor's Initial Trust in Big Data Analytics, the
higher their Intention to adopt Big Data Analytics
in audit activities. Improving the auditor's Initial
Trust using Personal Propensity to Trust and
Structural Assurance is necessary. Hence,
auditors can consider their intentions in adopting
Big Data Analytics.

H4: Technological Features have a
positive influence on Task Technology Fit

Features in technology can be run
simultaneously by technology practitioners and
the process of Big Data Analytics itself. There is
an influence created that the Task Technology Fit
adoption model is influenced by the
Technological Features variable of Big Data
Analytics [40]. Technology features must match a
job's characteristics to create intentions in
adopting Big Data Analytics. This study predicts
that the Technological Features used by
government auditors will positively affect Task
Technology Fit in the adoption of Big Data
Analytics by auditors.

HS: Task Features have a positive
influence on Task Technology Fit

This study assumes the task characteristics
will be adjusted to the technology to be used so
that it will cause a match between the tasks of the
auditor and the technology in complete work by
auditors. Government auditors will adjust to the
new technology system when the technology
system is suitable and can complete the job tasks
of government auditors. This argument is
supported by previous research, where companies
must see which Task characteristics require cloud
computing technology to help the company
achieve goals [44]. This hypothesis predicts that
government auditors' tasks will positively affect
Task Technology Fit.

H6: Task Technology Fit has a positive
influence on Behavioral Intention

The match created between a technological
feature and the characteristics of a task will
determine someone to adopt a technology system.
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If the tasks to be completed follow technology, it
will make one's Intention towards a technological
system high. The match between the Task and the
technology used will significantly affect the
behavioral Intention of adopting Big Data
Analytics in the healthcare industry [29]. In
addition, the compatibility between technology
and Task proved to be significantly influential in
adopting cloud computing [41]. Previous research
[29], [41] indicates that the Task Technology Fit
will positively affect the Intention to adopt Big
Data Analytics in the audit process by
government auditors.

H7: Performance Expectation has a
positive influence on Behavioral Intention

Performance Expectation is the degree to
which a person believes using a technological
system will help improve performance [11]. The
expected performance will go hand in hand with
adopting a technology. The higher one's
performance expectations, the higher one intends
to adopt a technology system. Performance
Expectation from using M-Payment in Persian
Gulf countries has significance to Behavioral
Intention [43]. In this study, government auditors
expect to reduce financial statement fraud. Hence,
they intend to adopt Big Data Analytics in their
audit process.

3.2 Research Model

This study employs the Initial Trust, Task
Technology Fit, and Performance Expectations
frameworks to establish relationships between
key variables and formulate a comprehensive
research model (Figure 1).

nitial Trust (Z1)

Structural Assurance H3
x2) H2

Performance

- |Behavioral Intention (¥)
Expectation (Z3) wioral Intention (Y),

Technological Features
03)
Task Technology Fit
22

Task Features (X4) "
eatures (X HS

Figure 1. Research Model

Figure 1 shows that Personal Propensity
to Trust exerts a significant positive influence on
Initial Trust. Similarly, Structural Assurance is
expected to impact Initial Trust positively.
Technological Features positively affect Task
Technology Fit, and Task Features positively
influence Task Technology Fit. Further, Figure 1
indicates that Initial Trust positively influences
Behavioral Intention. The Task Technology Fit is
also predicted to affect Behavioral Intention
positively, and Performance Expectation is
positively associated with Behavioral Intention.

The variable measurements are presented
in Table 3.

Table 3. Variable and Number of Items

No Variable Number of Items Refere
nces
I as an auditor,
intend to manage
audit activities
using a platform
based on Big Data
Analytics
I am interested in
knowing more
about Big Data
Analytics based
platform [45]
Organizations such and
) as the Audit Board adjust
Behavioral need to make
1 . ed to
Intention changes to the
The potential use | .ontex
of Big Data t
Analytics-based
platforms is
reviewed based on
the benefits and
decisions of an
organization
I intend to use Big
Data Analytics in
the future for
auditing
I tend to use Big
Data Analytics
technology in the [36]
audit process and
Personal carried out adjust
2 Propensity ed to
to Trust I tend to use data the
analytics in the contex
audit process t
carried out
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No Variable

Number of Items

Refere
nces

I would consider
adopting Big Data
Analytics in my
decision-making as
an auditor

I have a high
tendency to trust
Big Data Analytics
in the audit process

Structural
Assurance

Indonesian laws
and regulations
keep users away
from Big Data
Analytics, thus
making me safer in
using Big Data
Analytics products

The guarantee of
Big Data Analytics
products makes me

feel fine to use

As an auditor, 1
feel fine using Big
Data Analytics
products because
the vendor of the
product can protect
its products

[36]
and
adjust
ed to
the
contex
t

4 Initial Trust

I believe in Big
Data Analytics

I do not doubt Big
Data Analytics

I feel confident
that the legal
structure, as well
as the technology,
is enough to
protect me from
Big Data Analytics
related problems

[36]
and
adjust
ed to
the
contex
t

Technologic
al Features

The technology of
our Big Data
Analytics is well
computerized
using LAN (Local
Area Network) and
WAN (Wide Area
Network)

[36]
and
adjust
ed to
the
contex
t

5672

No

Variable

Number of Items

Refere
nces

The Big Data
Analytics
technology we use
provides real-time
(instant) services

Our Big Data
Analytics
technology
provides a safe and
secure service

Our Big Data
Analytics
technology system
is easy to use

Task
Features

Big Data Analytics
can be used to find
hidden patterns in
audit job services

Big Data Analytics
can provide insight
into data analysis
along with a
platform for
decision making

The processing
feature of Big Data
Analytics involves

gathering an
organization's raw
data to generate
meaning

Big Data
Analytics is
already suitable for
better decision-
making in the
work I do

Adapt
ed
from
[46]
and
adjust
ed to
the
contex

Task
Technology
Fit

Big Data Analytics
is already suitable
for better decision-
making in the
work I do

Big Data Analytics
is aimed at
reducing the costs
of the Audit Board

Big Data Analytics
is suitable to be
tailored to the
services I provide
to clients

[47]
and
adjust
ed to
the
contex
t
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No Variable Refere

nces

Number of Items

The operation of
Big Data Analytics
is beneficial in the

work I do every

day

In my opinion,
Big Data Analytics
is beneficial in the

work I do every
day

By adopting Big
Data Analytics, it
will increase my
chances of being
able to complete
my essential tasks

[48]
and
adjust
ed to
the
contex

I believe that with t
the implementation
of Big Data
Analytics, it can
help reduce the
level of financial
statement fraud,
provide audit
evidence support
in fraud cases, and
can help me in
Analyze
unstructured data

I believe that the
implementation of
Performance | Big Data Analytics
8 Expectation can optimize the

audit work I do

3.3 Population and Sample

In finding out how many samples are
needed in this study, this research uses Slovin's
Formula with the following calculations:

n=N/(1+Ne)?
n=103/(1+ (103 x (0.05)%)
n=103/12575=82

Based on the calculation above, the
target sample of respondents is 82 respondents
with a population of 103. With the target
respondents to be achieved, it can be determined
that the data collection technique used is a
questionnaire. The questionnaire will be
distributed to the auditor of BPK in Jakarta. A
questionnaire is a data collection technique that

presents a series of questions or written
statements  for  respondents  [49]. The
questionnaire in this study was adopted through
previous research [36] [45] [46] [47] [48]. The
measurement of this questionnaire uses a Likert
scale of 1 — 4 points with the provisions that 1 =
Strongly Disagree, 2 = Disagree, 3 = Agree, and 4
= Strongly Agree. Questionnaires use the Likert
scale to measure attitudes and evaluate social
phenomena. After the researcher collects the data,
the next stage is analysis. Data analysis uses
Structure Equation Modeling (SEM) with Smart
PLS software. Analysis using the SEM model is
carried out to describe the Outer Model, Inner
Model, and the results of hypothesis testing.

3.3.1 Outer Model

The Outer Model in this study conducted
several tests consisting of the following:

a. Convergent Validity

Convergent Validity is contained in PLS
using reflective indicators assessed based on
the correlation between item and construct
scores. This reflective measure can be
considered high if it correlates more than
0.70.

b. Discriminant Validity

Discriminant validity relates to a principle
based on a measure of low correlation with
other instruments that can be used to measure
other constructs.

c. Reliability Test

This test can be an instrument used as a
measurement tool for a level of consistency
used in research to measure symptoms, where
the higher the reliability coefficient, the more
reliable the research can be.

3.3.2 Inner Model

The Inner Model in this study conducted
several tests consisting of the following:

a. Coefficient of Determinant (R?)

In this test, the value of R? is assessed with a
degree of variation consisting of 0.67 so that
it can be said to be substantial; 0.33 is
classified as moderate, and if the value is 0.19
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is classified as a weak value. This test is
carried out to assess the degree of variation in
changes in the independent variable to the
dependent variable.

b. Predictive Relevance (Q?)

Q? testing has a condition, if the value of Q?
> 0, then shows the value in the Model has
predictive relevance, and vice versa, where
the value of Q? < 0, then the test value has
less predictive relevance value.

c. Effect of Size (F?)

Measurements of F? are made to measure
how much influence exogenous variables
have on endogenous variables in structural
models. It is found that if the value of F? gets
a value of 0.02, then the category of an
influence can be said to be weak. If the value
of F?is 0.15, it can be considered medium. If
the value of F? is 0.35, then the category can
be a significant influence.

d. Goodness of Fit

The goodness of Fit is a single measure to
validate a combined performance between
measurement and structural models. The
value of this indicator is obtained from the
average AVE value multiplied by the value
of R2. If the Goodness of Fit value has a value
of 0.1, then the feasibility of the Model is
small. Whereas if the value of Goodness of
Fit is 0.25, then the feasibility of the research
model is medium. If the value of Goodness of
Fit is 0.36, then the feasibility of the Model is
extensive.

4. ANALYSIS AND DISCUSSION

In the process of data processing, it was
found that 77 respondents filled out a
questionnaire from auditor BPK, where the results
of this questionnaire were still less than the target
respondents, as many as 82. This phenomenon
can be attributed to the limited time available
during the peak season for auditors when the
questionnaire was distributed. There was also the
reluctance of particular BPK auditors to
participate in the study by responding to the
questionnaire. This questionnaire data was
processed using the SEM with Smart PLS
software. The following is an illustration of the
SEM approach.:
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Figure 2. Structural Equation Modelling

4.1 Respondent Demographics

This section describes the results of
respondents' demographics based on gender, age,
job title, and time of work experience. The
following are the results of respondent
demographics:

Gender

= Male
 Female

Figure 3. Demographic - Gender

Based on the diagram above, there were 77
respondents. The questionnaire was filled out by
79.2% (61 people) who were men, and as many as
20.8% (16 people) were filled in by women. It can

be concluded that there are more male
respondents than the number of female
respondents.
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m21-25 Years Old
26 - 30 Years Old
#3140 Years Old
41-50 Years Old
> 50 Years Old

Figure 4. Demographic — Age

Figure 4 shows that the number of respondents
with the highest frequency is between the ages of
41 and 50, with 29 respondents (38%). In
comparison, respondents with the lowest
frequency are between the ages of 26-30 years,
with the number of respondents 2 (2%).

Work Experience

m<1-5Vears
6-10 Years
> 10 Years

Figure 5. Demographic — Time of Work Experience

Based on the figure above, it can be concluded
that the number of respondents with the highest
frequency has a work experience time of > 10
years, with 87% of respondents (67 people). Then
the lowest frequency has work experience time of
<1 -5 years with the number of respondents 1 %
(1 person).
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Position

B Auditorat Utama Keuangan Negara |

Auditorat Utama Keuangan Negara IV,

® Auditorat

'a Keuangan Negara V/
= Auditorat Utama Keuangan Negara Vi
W Auditorat Utama Keuangan Negara Vil
W Auditorat Utama Investigasi

B Other

Figure 6. Demographic — Position

As illustrated in Figure 6, the questionnaire was
completed by nine individuals (12%) holding the
position of Financial Main Auditor I. It is
followed by five individuals (6%) holding the
Financial Main Auditor II position and
subsequently by other positions.

4.2  Outer Model Analysis
This analysis model has been formed for a
long time, where the Outer Model or

Measurement model is used to measure the
constructs' validity and reliability [50].

a. Convergent Validity:

Convergent validity is performed
using reflective indicators assessed
based on the correlation between item
and construct scores. A reflective
measure may be highly reliable if its
correlation coefficient with the
intended construct exceeds 0.70. Table
4 exhibits that each indicator within
the variables holds a value surpassing
0.70, signifying the usability of all the
indicators in the analysis. The lowest
loading value is found in IT indicator
3, in the Initial Trust variable. The task
Features wvariable finds the highest
loading value in the TSF 3 and TSF 4
indicators.

Table 4. Outer Loading

Variable Indicator | Loadings
BI 1 0,922
. BI2 0,844
BI4 0,925
BIS 0,941
PPTT 1 0,916
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Variable Indicator | Loadings
Personal PPTT 2 0,803
Propensity to PPTT 3 0,887
Trust PPTT 4 0,842
Structural SAl 0,841
Assurance SA2 0,897
SA 3 0,852
IT 1 0,908
Initial Trust 1T 2 0,903
1T 3 0,793
TF 1 0,906
Technological TF 2 0,831
Features TF 3 0,892
TF 4 0,894
TSF 1 0,929
TSF 2 0,928
Task Features TSF3 0.959
TSF 4 0,959
TTF 1 0,913
Tecﬁiilfogy TTE 2 0,816
Fit TTF 3 0,933
TTF 4 0,875
PE 1 0,917
Performance PE 2 0,938
Expectation PE3 0,927
PE 4 0,930

b. Discriminant Validity:
Discriminant Validity is determined
based on the low correlation measure
with other instruments that can
measure other constructs. The Fornell-
Larcker Criterion is utilized in the
present test. Discriminant validity is
established if the square of each
construct's average variance extracted
(AVE) is greater than the inter-
construct correlations in the Model, as
per the Fornell-Larcker calculation.
Table 5 below is the result of testing
Discriminant Validity using the
Fornell-Larcker Criterion:
Table 5. Fornell — Larcker Criterion
BI [IT |PE | PP | SA | TS | TT | TF
TT F F
BI 0,9
10
IT 0,7 | 0,8
39 69
PE | 0,9 | 0,7 | 0,9
05 26 | 28
pP |08 |07 ]08 | 08
TT | 52 73 15 63
SA [05]07]05]06 |08
31 20 76 14 64
TS (08 [ 06|09 |07 |05]09
F 43 95 23 89 40 44
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TT
F

0,8
10

0,7 08 |08 |06 |08 |08
80 | 55 17 54 |26 | 85

TF

0,6
90

08 (07|08 |07 (07108 |08
00 |24 | 24 23 107 [ 09 | 82

The above table reveals that the
square root of the average variance
extracted (AVE) of each indicator
within the research variable exceeds
the inter-construct correlation values
with other constructs in the Model.
Thus, this research model can be said
to be discriminantly valid.

Reliability Test:

This test aims to assess the reliability
of symptom measurement by
evaluating the level of consistency.
The higher the coefficient, the more
reliable. This research uses two testing
methods: Cronbach  Alpha and
Composite  Reliability.  Cronbach
Alpha is used to measure a limitation
of reliability values to a construct.
While Composite Reliability is used to
help measure the value obtained on a
construct. An indicator in the research
variable can be said to be reliable if the
value of Cronbach Alpha and
Composite Reliability is > 0.70. The
following are the results of Cronbach
Alpha and Composite Reliability tests:

Table 6. Cronbach Alpha

Variable Cronbach Alpha
Task Features 0,959
Behavioral Intention 0,948
Performance 0,946
Expectation
Task Technology Fit 0,907
Technological 0,904
Features
Personal Propensity 0,886
to Trust
Initial Trust 0,837
Structural Assurance 0,830

Table 6 shows that all indicators in this
research variable are reliable because
the value above shows a > number of
0.70. The Task Features variable is
reliable because it reaches a Cronbach
Alpha value 0.959.
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Table 7. Composite Reliability

Variable Composite
Reliability
Task Features 0,970
Behavioral Intention 0,960
Performance 0,961
Expectation
Task Technology Fit 0,935
Technological 0,933
Features
Personal Propensity 0,921
to Trust
Initial Trust 0,902
Structural Assurance 0,898

Table 7 asserts that the indicators within
each research variable are deemed
reliable, with all indicators displaying a
Composite Reliability value exceeding
0.70.

4.3 Inner Model Analysis

a.

Coefficient of Determinant (R?)

This indicator has a division of the
variation level above 0.67, classified
as substantial. It is said to be moderate
if it is between 0.33 to 0.67; if the
value is between 0.19 to 0.33, it is
classified as weak. The following is
the calculation result of the
Coefficient of Determinant:

Table 8. Coefficient of Determinant

Variable R-Square R-Square
Adjusted
Behavioral 0,833 0,826
Intention
Initial Trust 0,694 0,686
Task 0,784 0.778
Technology
Fit

Based on Table 8 above, it can be seen
that the value of the R? constructs
Behavioral Intention is 0.833 and can
be said to have a substantial
relationship. In addition, it explains
that Initial Trust, Task Technology Fit,
and Performance Expectations explain
83% of behaviors that want to adopt.
Initial Trust has a value of 0.694. It
suggests a substantive relationship,
where 69% of Initial Trust behavior is

explained by Personal Propensity to
Trust and Structural Assurance. Task
Technology Fit with a value of 0.784,
so it can be said to be a substantial
relationship, where Task Features and
Technological Features explain 78%
of the match between tasks and
technology.

Predictive Relevance (Q?)

The results of Q? require > 0,
indicating that the value in this
rescarch model has Predictive
Relevance—the closer to 1, the better
the Model. If the value of Q% <0, then
the test value has less Predictive
Relevance.

Table 9. Predictive Relevance

Variable Q?

Behavioral Intention 0,680
Initial Trust 0,504
Task Technology Fit 0,600

Table 9 presents the number of Q2
where each variable has a value of > 0,
so it can be concluded that each
variable can describe accurate
predictive relevance.

Effect of Size (F?)

This test is carried out in several levels
of assessment. The influence category
can be considered weak if the value is
0.02 to 0.15. Suppose the value of F2
is between 0.15 - 0.35. In that case, the
category of influence can be
considered moderate. If the value
shows > 0.35, the category of an
influence can be considered a
significant influence.

Table 10. Effect of Size

BI

IT P |PPT |S | TS | TT T
E | T A | F F F

BI

IT

0,0
57

PE

0,8
83

PPT

0,5
76
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SA 0,3
15

TSF 0,5
98

TT 0,0

F 02

TF 0,4
71

Table 10 suggests that Performance
Expectation significantly affects
Behavioral Intention. Initial Trust is
influenced by Personal Propensity to
Trust: the Technological Features and
Task Features impact Task Technology
Fit. Regarding the impact of Size,
Structural Assurance displays a medium
effect on Initial Trust. In contrast, the
effect of Initial Trust on Size can be
regarded as weak. Conversely, Task
Technology Fit substantially affects size
concerning Behavioral Intention.

Goodness of Fit

The goodness of Fit indicates the last
stage in conducting an Inner Model
Analysis. The value of this indicator is
obtained from the average AVE value
multiplied by R2. If the Goodness of
Fit value is 0.1, then the feasibility of
the research model is small
Meanwhile, suppose Goodness of Fit
has a value of 0.25. In that case, the
feasibility of the research model is
medium. Moreover, if the Goodness of
Fit value is 0.36, then the feasibility of
this research model is excellent. Table
11 is the calculation of Average AVE:

Table 11. Average Variance Extracted

Variable AVE
Behavioral Intention 0,829
Initial Trust 0,756
Performance Expectation 0,861
Personal Propensity to Trust 0,745
Structural Assurance 0,746
Task Features 0,891

Task Technology Fit 0,784
Technological Features 0,777
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Average AVE 0,798 ‘
Average R%:
0,833+0,694+0,784
= (0835+0694+0784) _ 0,770

3

The Goodness of Fit:

=+VAVEx R — Square
= /0,798 x 0.770 = 0.687

From the calculation above, it can be
seen that this research model has a
value of 0.687, so the outer and inner
models in this study are declared valid
and have great feasibility.

4.4  Hypothesis Analysis

The hypothesis testing results are
considered through the path coefficient, which
shows that the significance level and hypothesis
are accepted if the P-Value value < 0.05. The
following are the results of bootstrapping in
hypothesis testing:

Table 12. Path Coefficients

Sample | Standard T P
Mean Deviation Statistic Values

IT > BI 0,154 0,095 1,677 0,047
PE>BI | 0,730 0,134 5,588 0,000
PPTT > | 0,533 0,099 5,353 0,000
IT

SA>IT | 0,395 0,095 4,156 0,000
TSF > | 0,490 0,128 3,979 0,000
TTF

TTF > | 0,070 0,161 0,272 0,393
BI

TF > | 0,470 0,131 0,343 0,000
TTF

From the results of the path coefficient above, it
was found that of the seven variables, six had a
positive influence with a P-Values value of <
0.05. The end of each variable culminates in the
auditor's Intention to adopt a Big Data Analytics
technology in assisting the audit process carried
out.
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4.5 Discussion

Based on the previous table, it was found
that six variables have a positive influence on
seven variables.

a. H1: Personal Propensity to Trust has a
positive influence on the Initial Trust
Personal Propensity to Trust positively
influences the Initial Trust with a
significance level 0.000. The higher the
level of Trust that comes from the natural
mind of an auditor, the higher the Initial
Trust is owned. One of the questionnaire
statements, "I tend to use Big Data
Analytics technology in the audit
process carried out," shows confidence
that arises from a person auditor. These
two variables go hand in hand with
previous research results. One predictor
variable considered suitable for forming
an Initial Trust is the tendency of Trust
obtained from within a person [30]. The
personal inclinations given by one can
add an Initial Trust to blockchain
technology [36]. The initial Trust of a
government auditor will increase in line
with the tendency of Trust given by
auditors in the audit process they carry
out on Big Data Analytics technology.
However, this study has different results
from the study [51], which said there was
no positive effect of Personal Propensity
to Trust on Initial Trust password
managers. Personal Propensity to Trust
does not have a good influence on the
object studied, so it does not positively
influence the Initial Trust. While in this
study, the adoption of Big Data
Analytics is significantly based on a
person's inner Trust in adoption, so
Personal Propensity to Trust positively
impacts Initial Trust.

b. H2: Structural Assurance has a positive
influence on the Initial Trust

Structural Assurance positively
influences the Initial Trust with a
significance level of 0.000. The more
complex the structure and the higher the
security assurance of the technology will
increase the Initial Trust of auditors to
use Big Data Analytics technology in the
audit  process. Based on the
questionnaire statement distributed to

respondents, the auditors feel confident
in the security assurance of Big Data
Analytics. Many things need to be done
when undergoing the audit process,
especially state audits so that guarantees
can help auditors increase their Trust.
The results of this study are supported by
several studies that have been done
before. By ensuring the protection of
user data and privacy through its
structural and technological measures,
Structural Assurance enhances the Initial
Trust of various users in Big Data
Analytics [37]. Structural Assurance will
also increase the Initial Trust of data
owners [38]. No studies have provided
insignificant results between Structural
Assurance and Initial Trust. Structural
Assurance is a variable that significantly
determines the creation of a person's
Trust, and this is the same as the results
of this study. Based on the results of
several previous studies, this argument
convinced government auditors to
increase their initial confidence with
assurances over the protection of
technology.

c. H3: Initial Trust has a positive influence

on Behavioral Intention

The results of hypothesis testing show a
number slightly beyond 0.05, where the
P-Values of this hypothesis is 0.047.
However, there is a positive influence
exerted from Initial Trust on Behavioral
Intention. With many positive responses
to the Personal Propensity to Trust and
Structural Assurance, it will create an
Initial Trust in government auditors. The
questionnaire statement "I believe in Big
Data Analytics" implies that the extent of
Initial Trust in Big Data Analytics serves
as an initial step towards its adoption by
government auditors. This argument is
supported by research [52], where the
Initial Trust is a variable used by
individuals to decide whether to adopt or
not. Initial Trust can influence a person's
behavioral motives in adopting mobile
payments [42]. This study's results differ
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from the study [53], where there is no
significant effect of Initial Trust on
Behavioral  Intention  from  the
implementation of Big Data in

e. HS: Task Features have a positive
influence on Task Technology Fit

The results of hypothesis testing on P-

Malaysian Public Agencies. The absence
of significance between Initial Trust and
Behavioral Intention is created because
Initial Trust is very abstract and cannot
be used as a focus in adopting Big Data
Analytics. However, the results of this
study emphasize Initial Trust, which has
an important influence on the creation of
BPK Behavioral Intention in auditing.
Initial Trust formed from various factors
is considered essential by BPK auditors
in adoption because, according to them,
the initial Trust is the basis for adoption.
Based on the research results and support
from the various studies above, it has
been confirmed that the government's
Initial Trust in auditors will positively
influence their Intention to adopt Big
Data Analytics.

d.H4: Technological Features have a

positive influence on Task Technology
Fit

The P-Value of testing this hypothesis is
0.000, and this number is < 0.05, so there
is a positive influence created from the
features that are in technology with Task
Technology Fit. The result suggests that
a user-friendly technology system with
adequate features will facilitate BPK in
completing the audit process. It can be
done by ensuring the appropriate
utilization of tasks and technology. The
adoption of Task Technology Fit is
significantly influenced by the variable
technology features of Big Data
Analytics [40]. In addition, other
research conducted by [29] said that
technology's features significantly affect
the Task Technology Fit model. Various
studies have always provided significant
results between Technological Features
and Task Technology Fit, so it can be
said that Technological Features are
critical variables that can match tasks
and technology.

Value are 0.000 and < 0.05, so it can be
concluded that there is a positive
influence between Task Features on
Task Technology Fit. A characteristic of
a task will be divided into levels based
on the level of complexity and
technology that supports the Task. This
study aims to align the duties of
government auditors with the usage of
Big Data Analytics. It can be done by
ensuring a suitable match between tasks
and technology for optimal completion
of work by government auditors. The
results of this hypothesis are supported
by research conducted by those who [44]
state that companies need to see the
characteristics of which tasks require
cloud computing technology. In this
hypothesis, various existing studies
provide significant results between Task
Features and Task Technology Fit. There
are still no studies that provide
insignificant results, so it can be said that
Task Features are essential variables that
can form a match between tasks and
technology. In this research, government
auditors must assess the task
characteristics to identify the ones that
necessitate the usage of Big Data
Analytics. It would lead to a positive
impact of Task Features on Task
Technology Fit.

f. H6: Task Technology Fit has a positive

influence on Behavioral Intention

Task Technology Fit does not positively
influence Behavioral Intention because it
has P Values of 0.393 and > 0.05. This
study's results differ from previous
studies, where Task Technology Fit
should influence Behavioral Intention.
However, some studies support the
results of this hypothesis, where Task
Technology Fit has a negative effect on
interest in using Smart Home Health
Care Services in South Korea [54].
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5.
5.1

Koreans agree that Smart Home Health
Care Service technology can improve
home healthcare services. However, the
public thinks technology cannot be
popularized in health care services. This
study had no positive influence because
BPK focused more on the quality of
audit evidence (findings), which was
very influential against performance
expectations expected by auditors. In
addition, the data analysis process is
processed  through the  research
department so that the auditor only uses
the data processing results produced by
the department. It can be said that the
auditor does not feel that the match
between a task and technology (Task
Technology Fit) will affect their
Intention to adopt Big Data Analytics.

g.H7: Performance Expectation has a

positive influence on Behavioral
Intention
This  last  hypothesis  positively

influences Performance Expectation on
Behavioral Intention with a P-Value of
0.000 and < 0.05. Government auditors
have high-performance expectations,
which go hand in hand with adopting Big
Data  Analytics.  The  expected
performance  expectation of a
government auditor is to reduce financial
statement fraud and provide objective
evidence. There is a direct relationship
between performance expectations and
behavioral intentions to adopt Big Data
Analytics [55]. The higher the
performance expectations of
government auditors, the higher their
Intention to adopt Big Data Analytics to
support the audit process. No research
results show an insignificant influence
between Performance Expectation and
Behavioral Intention. The importance of
an expected performance expectation
largely determines sustainability
intentions in adoption. That way, the
results of this study have the same results
and are supported by many studies that
have been done before.

LIMITATIONS AND CONCLUSION

Limitations

5681

There are two limitations of this study. The
minimum sample is not reached due to external
factors (peak season) auditors, and some auditors'
unwillingness to answer questionnaires to make
the central BPK sample less represents the actual
result. It is hoped that further research can cover a
broader BPK to be used as respondents, including
existing BPK in the regions. In addition, this study
only researches the object of BPK (government
auditor). Therefore, the results of this study
cannot be generalized to external points of view
and internal auditors. In subsequent research, it is
necessary to conduct testing in the external and
internal context of auditors using the same
approach factors.

5.2 Conclusion

Adopting Big Data Analytics presents numerous
benefits to BPK. Therefore, auditors must first
address the complexities associated with its
adoption  before  fully leveraging this
technological system's potential value. The
method of implementing Big Data Analytics
consists of interrelated variables that can affect
the activities carried out by the auditor. It requires
Trust from auditors and a secure network system
to use Big Data Analytics so that auditors can trust
Big Data Analytics and want to adopt the
technology. A need for auditors to be able to
control auditors' data and activities in real time
also makes task features enter into task
technology. Auditors' high-performance
expectations increase interest in adopting Big
Data Analytics. Big Data Analytics can present
accurate data as audit findings securely. It is
supported by computer processing to understand
and see good patterns to aid in decision-making
and problem-solving. Accounting Firms can
adopt Big Data Analytics to produce more
accurate audit results and present various strong
data-driven findings. Accounting Firms can
consider several variable approaches in this
research as a basis, which can help them make
decisions on adopting Big Data Analytics.
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