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Abstract: This study investigates the impact of training on auditors' intention to adopt Big Data Analytics (BDA) in auditing
processes, using the Technology Acceptance Model (TAM) as a theoretical framework. This study seeks to fill the gap in
research on the impact of training in the adoption of BDA in audit procedures. While most existing studies have concentrated
on the general benefits and challenges of BDA in auditing and other business sectors, they have largely overlooked the
specific influence of training as an external factor on the use of BDA in auditing processes. Moreover, there is a significant
research gap concerning the application of BDA in developing countries, including Palestine. A census survey of 94 auditors
from Big Four accounting firms in Palestine was conducted, with an 86% response rate. Partial Least Squares Structural
Equation Modeling (PLS-SEM) analysis revealed that training positively influences perceived usefulness (B = 0.658, p <0.001)
and perceived ease of use (B =0.616, p < 0.001) of BDA tools. Perceived usefulness significantly affects behavioral intention
to adopt BDA (B =0.532, p <0.001), while perceived ease of use does not. Behavioral intention positively impacts actual use
of BDA tools (B = 0.481, p < 0.001). Based on these findings, audit firms should focus on strategies to translate positive
intentions into actual usage. This can be accomplished through ongoing support and resources, such as regular training
programs and showcasing success stories that highlight the practical advantages of BDA tools. By fostering an environment
that actively supports and encourages the use of BDA, audit firms can ensure that their auditors not only intend to use these
tools but also integrate them into their daily auditing practices. This paper contributes to understanding BDA adoption in
auditing, particularly in developing countries, and provide insights for audit firms in designing effective training programs to
enhance BDA adoption.

Keywords: Big data analytics, Behavioral intention, Perceived ease of use, Perceived usefulness, Technology acceptance
model, Training

1. Introduction

Utilization of Big Data Analytics (BDA) in the financial reporting and accounting field is increasing across various
sectors; thereby, professionals in these fields are increasing their interest in such tools to enhance their
analytical capabilities to be up to date with the latest technologies (idil and Akbulut, 2018; Austin et al., 2018).
BDA is found to be an effective technique in enhancing the understanding of business operations and the
complexities of accounting treatments, in addition to offering opportunities for real-time process analysis, which
reinforces the adoption of new technologies in financial accounting and reporting (idil and Akbulut, 2018).

Audit firms, mainly the Big 4, are investing heavily in BDA, integrating it into their audit methodologies to provide
auditors with the knowledge required for applying the BDA tools in their auditing processes (Kapoor, 2020).
Examples of these BDA tools that are continually updated and developed by these firms include digital working
papers, smart forms, templates, and checklists (Pedrosa, Costa, & Aparicio, 2020). However, the adoption of
these tools by auditors varies from one to another although they are available and accessible to them; thus, the
journey towards digital audit transformation represents a major challenge for these audit firms. This paper
focuses on clarifying the influence of one of the audit firms' characteristics, represented by the level of provided
training, that may motivate auditors to use BDA.

Despite the availability and accessibility of BDA tools, their adoption levels in auditing remain inconsistent. Some
auditors use BDA tools extensively, while others use them minimally or not at all. This inconsistency can be
attributed to various factors, including the size of the audit firm, the strategic orientation, and the technological
capabilities of the organization. Large audit firms are more likely to adopt BDA due to their ability to invest in
the necessary tools and resources. However, the adoption is generally limited by the quality and comparability
of data, as well as the availability of qualified data analysts. Additionally, the extent of BDA usage is often
influenced by the engagement partner or manager, and many audit firms have not made it mandatory to use or
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test advanced BDA tools. The application of BDA in auditing is still in its early stages, with many firms exploring
its potential benefits and challenges. This inconsistency highlights the need for research to identify the barriers
to adoption and the factors that can enhance the uptake of BDA tools (Krieger, Drews, & Velte, 2021; Eilifsen et
al., 2020).

This study aims to address the gap in the impact of training in adopting BDA in audit procedures, as most existing
research has focused on the general benefits and challenges of BDA applications in the auditing field and across
various other business sectors. The specific effect of external factor represented by training on the use of BDA
in performing audit procedures has been ignored. Additionally, there is a significant gap regarding the lack of
focus on BDA applications in developing countries including Palestine.

Adopting the Technology Acceptance Model (TAM), as developed by Davis, Bagozzi, & Warshaw (1989), as a
framework would help in understanding auditors' attitudes and interactions towards such technologies. This
model is specifically designed to examine the behavior associated with the adoption of information technology.
It revolves around two key beliefs: perceived usefulness (PU) and perceived ease of use (PEU) (Davis, Bagozzi, &
Warshaw, 1989). According to Davis (1986, p.26), PU is defined as “the degree to which an individual believes
that using a particular system would enhance his or her job performance,” while PEU is defined as “the degree
to which an individual believes that using a particular system would be free of physical and mental effort”.
Consequently, PU and PEU influence the user's intention and attitude towards the acceptance and utilization of
new technology. Venkatesh, Davis, & Morris (2007) highlight that numerous researchers have examined the
reliability and validity of the TAM by applying it to various technologies with different methodologies and at
different times. Despite the existence of several models, such as Innovation Diffusion Theory and Theory of
Planned Behavior which were used to study technology acceptance behavior (Oliveira and Martins, 2011), TAM
is widely regarded as the most significant and effective model for interpreting technology acceptance behaviors
and attitudes (Maranguni¢ & Grani¢, 2015). This research makes two significant contributions. Firstly, it
addresses the topic of BDA in auditing within a developing countries context, as this paper is one of the few in
Palestine examining BDA in the auditing field. Secondly, it extends the scope of research on how external factors
affect PU and PEU in auditing by adding a specific external variable related to audit firms (training) and assessing
their effect on auditors' perceptions regarding BDA tools.

The paper aims to achieve the following objectives:

e To assess the degree of impact of training on auditors’ PEU and PU of BDA tool.

e To examine the relationship between the PU and PEU of BDA tools on auditors' Bl to adopt these
tools.

e To explain how auditors' Bl to adopt BDA tools translate into actual use (AU) in the audit process.

The structure of the remaining parts of this paper is as follows: Section 2 reviews the literature on firms’ specific
attribute (training), TAM, and BDA, in addition to hypothesis development. Section 3 introduces the paper’s
framework. Section 4 addresses the methodology adopted in the paper. Section 5 covers the data analysis and
results. The last sections (Sections 6 & 7) present the discussion and conclusion, summarizing the results,
limitations, and the recommendations for future studies.

2. Literature Review

TAM provides a theoretical framework for analyzing technology adoption tendencies, focusing on two main
factors: PU and PEU. These variables influence the attitudes of users, especially professionals like auditors,
towards the acceptance or rejection of new technology (Davis, Bagozzi, & Warshaw, 1989). In their study, (Hwa,
Hwei, & Peck, 2015) examined how users' Bl to adopt web-based e-learning systems are influenced by their PU
and PEU. The researchers found that the users' perception of the user-friendly and the expected benefits of
these systems directly influenced their desire to use them, resulting in an increase in AU. Grimaldo and Uy (2020)
found a strong and direct correlation between people' favorable attitude towards using job search sites and
online recruitment tools, and their desire to use and then AU.

Davis and Venkatesh (1996) developed their TAM model (Figure 1 (a)) on the assumption of the existence of
specific external variables that would impact the PU and PEU. Tarabasz and Poddar (2019) noted that external
variables have a significant role in interpreting why PU and PEU impact the decision regarding the adoption or
rejection of new technology, thus, they concluded that external variables would directly impact the PU and PEU
of new technology. Although limited research was conducted on the impact of external variables on PU and PEU,
some scholars like Davis, Bagozzi, & Warshaw (1989); Sharma and Mishra (2014); Grimaldo and Uy (2020)
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addressed some examples of external variables that might impact the PU and PEU, such as trust, support and
documentation. In our study, we will focus on the training as one of the key variables to assess its impacts on
PU and PEU.

This study employs the TAM to examine auditors' intentions to adopt BDA tools developed by their companies
for use in auditing processes. Furthermore, we focus on external factor that have been previously identified in
the literature as being directly related to the characteristics of auditing firms. Among these is training. The
potential influence of training on auditors' assessments of the usefulness and ease of BDA technology use is
what drives the investigation of this variable.

2.1 Impact of Training on PU and PEU

The acceptance of new technologies and the efficient use of such technologies inside businesses are both
significantly impacted by training. It acts as a way to equip users with the essential skills and knowledge for the
exploitation of technology, hence increasing the PU and PEU of the technology (Valenstein-Mah et al., 2020). In-
person, online, and self-guided training can help professionals clarify questions and integrate technology into
daily operations by building confidence and understanding (Valenstein-Mah et al., 2020; Shatri, 2020).
Organizations struggle to develop successful training programs despite the advantages. Developing training
programs involves creating ones that fit individual learning styles and encourage involvement. The complexity
of the technology and training approach impacts training effectiveness, which may require customized programs
to meet individual needs (Schréder et al., 2022; Al-Rahmi et al., 2019).

In order to get a better understanding of the role of training in increasing the perception of new technology
adoption, other factors may be considered such as e-learning, training duration, learning style, and the use of
interactive tools. These factors supposed to positively increase the benefits of training programs and then
increase their adoption (Sumak et al., 2011; Al-Azawei, Parslow, & Lundqvist, 2017). Recognizing these matters
raises the need to customize training programs to learners’ needs and the specific requirements of the
technology (Buchanan, Sainter, & Saunders, 2013; Al-Azawei, Parslow, & Lundqvist, 2017).

Major auditing firms acknowledge the significance of training in supporting their efforts toward a complete shift
to digital audit transformation. Since this shift is essential for these firms’ strategy to maintain a competitive
advantage in the market, they are motivated to use advanced technology like BDA to enhance audit efficiency
and quality. Consequently, these firms develop related training programs to prepare their auditors to utilize
these newly developed technologies. Auditors perceive the usefulness and ease of use of BDA tools positively,
following the increasing their knowledge and skills resulted from these training programs (Eilifsen et al., 2020;
Buchanan, Sainter, & Saunders, 2013; Adrianto, 2018).

2.2 BDA and TAM

Recently, there has been a significant increase in studies dealing with the adoption of BDA. These studies
addressed the benefits and issues related to the adoption of BDA, and focused on identifying the best theory
that can be adopted to examine BDA adoption and use. Although many barriers could impact the adoption of
BDA, such studies on big data adoption emphasized the importance of adopting BDA in organizations across
different industries and economies (Olufemi, 2018; Brock and Khan, 2017; Verma, Bhattacharyya, & Kumar,
2018).

Biucky et al., (2017) provided a conceptual model based on TAM to explore factors impacting internet users'
adoption of new technology represented by social commerce. They found that using TAM helps in interpreting
the end users' intention to adopt a new IT system. Brock and Khan (2017) noted that the adoption of TAM was
a critical factor in the study of the adoption of BDA. In addition, they also noted that TAM explains people's
motivations for adopting the system. However, they also found that TAM does not consider the practical side of
system adoption. Sharma and Mishra (2014) noted that technology adoption may require more than behavioral
intention and technical knowledge; thus, they identified various factors such as trust, social influence, and
numerous facilitating conditions. Meanwhile, Olufemi (2018) found that TAM does not consider technology cost,
management support, and entities’ environment and culture in the intention to adopt new technology. The user
experience of big data was also addressed by some scholars to assess its impact on technology adoption. Miller
and Jensen (2017) selected companies with previous experiences and knowledge in big data to investigate the
application of big data among Danish SMEs. Li and Lai (2011) noted that experienced users feel more confident
regarding the technology’s ease of use than inexperienced users, recommending that experience is an external
factor that impacts technology adoption behavior.
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The common conclusion among most scholars is that the external variables have an effect on PU and PEU, and
the PU and PEU themselves are considered the main TAM factors that can influence users' behavioral intentions
to accept and adopt new technology, including BDA (Davis, 1989; Brock & Khan, 2017; Razmak & Bélanger, 2018;
Bayraktaroglu et al., 2019).

2.3 BDA in Auditing

BDA helps professionals to understand companies’ perceptions of business expectations. The need for
understanding complex accounting standards increases the motivation to adopt new technologies in financial
accounting and reporting, and the emergence of BDA helps to gain better chances of capturing real-time
processes. This has led companies to invent new techniques and technologies to understand the role of BDA in
accounting, but they should ensure that actual practices of BDA are aligned with the formally and publicly
pronounced processes (idil & Akbulut, 2018).

Gepp et al. (2018) found that big data offers an opportunity to analyze large volumes of data, sort information,
and provide new insights. Auditing would benefit from adopting such big data approaches to enhance the
efficiency of financial analysis and detect fraud. This complies with auditing standards that encourage the use of
big data techniques, even for smaller data sets, to provide additional insights. BDA in external auditing is the
process of inspecting and transforming big data to seek the efficiency and effectiveness of auditing and enhance
the decision-making process (Dagiliené & Kloviené, 2019). Though auditors work with financial data, the volume
and complexity of business require continuous analysis of non-financial data from both internal and external
sources, demanding the use of BDA tools and changes in the audit processes (Dagiliené & Kloviené, 2019).

Eilifsen et al. (2020) identified some limitations and concerns represented by the evaluation of audit evidence
collected through data analytics by regulatory bodies. Furthermore, auditing through data analytics is limited as
supplementary evidence despite a global strategy concerning data analytics usage and the auditors’ positive
attitude towards its use. Its scope of use shall be limited until it is incorporated by clients, supported by
regulators, and proves efficient and effective to gather evidence in the audit process. Auditing through BDA is
extended by developing instructions and guidelines for substantive tests of details (No et al., 2019), and for fraud
detection (Austin et al., 2018; Tang & Karim 2019). Several data analytics approaches were identified for auditors
to effectively perform substantive tests of details (No et al., 2019) and for better fraud detection (Austin et al.,
2018). The extent of applying BDA is determined by assessing the audit risk and materiality, also by the degree
of understanding gained by the audit team about the nature, time, and extent of audit procedures designed to
test accounts through BDA (No et al., 2019).

The benefits of using data analytics exceed challenges and costs, driving companies and audit firms towards the
effective execution of data analytics, making it possible to analyze 100% of the journal entries, and potentially
improving audit quality. Thus, data analytics is a transformative tool driving audit efficiency, adopted by various
audit firms, especially Big Four firms, knowing that audits conducted by larger audit firms differ significantly in
terms of BDA used in the financial reporting and audit process (Austin et al., 2018). An efficient audit with fewer
expenses is the main purpose that audit firms are currently seeking. While companies expect their auditors to
use BDA in the audit, disagreement about whether and how it affects audit fees is a concern among auditors,
who have made a large investment in new BDA technologies. Therefore, many audit firms have called for the
necessity of changing the audit fees in response to the implementation of BDA in the audit process (Austin et
al., 2018).

2.4 Hypotheses Development

Auditors at top audit companies, like the "Big Four," gain from learning a lot about BDA technologies. This
experience makes them much better at using BDA tools, which makes the move easier and helps them
understand how BDA apps work. This kind of setting makes it less likely that auditors won't want to use BDA in
their work.

Training turns out to be a key factor in how useful and easy to use new tools are seen to be. It is very important
to give people full training when new technology is introduced so that it can be used and integrated well. This
training help not only makes professionals more comfortable using the technology, but it also makes it more
likely that it will be adopted (Valenstein-Mah, et al., 2020). Training also helps people understand the technology
better, which can help clear up any misunderstandings or doubts that might stop people from using it (Shatri,
2020). Major auditing firms acknowledge the significance of training, instituting programs to equip their teams
with the skills necessary for data analysis (Eilifsen et al., 2020). Buchanan, Sainter, and Saunders (2013) advice
for concentrated training programs to enhance the supposed benefits and simplicity of use of new technologies,
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therefore promoting their adoption. Based on these discussions, we formulate the following hypotheses to
investigate the impact of training on the PU and PEU:

H1a: Training has positive effect on the PU of BDA tools.
H1b: Training has positive effect on the PEU of BDA tools.

The finding as presented in the literature review section provides support that the PU and PEU affect the user’s
intention toward the acceptance and usage of a particular technology (Davis and Venkatesh, 1996). This
intention leads to the actual use and adoption of technology (Diop, Zhao, & Duy, 2019). PU and PEU are
considered the most significant TAM variables that affect the Bl of users to adopt actual technology (Davis &
Venkatesh, 1996). Some of the previous studies emphasized the importance of understating the PU and PEU
that affect the technology adoption behavior (Al Amin et al., 2020; Cabrera-Sanchez & Villarejo-Ramos, 2019;
Olufemi, 2018). Hwa, Hwei, & Peck (2015) investigated the role of PU and PEU on BI to adopt web-based e-
learning systems, and they found that PU and PEU, have a significant relationship to predicting users’ Bl to adopt
web-based e-learning systems. Grimaldo and Uy (2020) concluded that the perception of usefulness and ease
of use of technology has a positive and direct relationship with the intention to use them. Bl is the tendency to
implement certain behaviors in the future and is also a predictor of the adoption of new technology; thus, the
intent and need to use new technology ultimately led to its actual use (Shahbaz et al., 2019).

Based on the discussion regarding the impact of PU and PEU on the Bl to use BDA and its actual use, we propose
the following hypothesis:

H 2a: PU has a positive effect on the Bl to adopt BDA technological tools in the audit process.
H 2b: PEU has a positive effect on the Bl to adopt BDA technological tools in the audit process.

H 2c: Bl to adopt BDA technological tools in the audit process has a positive effect on the actual use of
these tools.

3. Model Development

The study model is based on an examination of the impact of training on the PU, PEU, and consequent adoption
of technology. The TAM serves as the theoretical foundation for this analysis. This framework visually represents
the interconnections among the variables and factors of the study, expanding upon the foundational principles
of Davis's TAM (as shown in Figure 1 (a)). It accepts the proposition put forth by Davis and Venkatesh (1996) that
perceived utility and simplicity of use are substantially influenced by specific external factors. This paper
elucidates a certain external factor—specifically, training—that may influence auditors' perspectives on the
utility and navigability of BDA technological tools, as revealed through a review of the relevant literature.

PU and PEU stand as cornerstone variables within TAM, critically influencing the BI of users towards embracing
new technologies (Davis and Venkatesh, 1996). The significance of these variables in determining technology
adoption behaviors has been addressed in previous studies (Al Amin et al., 2020; Cabrera-Sanchez & Villarejo-
Ramos, 2020; Olufemi, 2018), in which the researchers highlighted their connections in predicting the intention
towards new technology adoption (Grimaldo & Uy, 2020).

Furthermore, the developed research model suggests a direct pathway started from the external variables, then
the auditor’s perception of the usefulness and ease of use of BDA, which further linked to their intention to
employ BDA tools in their work and ultimately resulted in their practical and actual application (Davis and
Venkatesh, 1996; Shahbaz et al., 2019). Many scholars have given some examples of the output of this practical
utilization of BDA by auditors, such as templates, checklists, and digital working papers (Pedrosa, Costa, &
Aparicio, 2020; Knechel, 2007; Hurtt et al., 2013). Figure 1 (b) presents the conceptual framework that was built
based on the literature review of the main research topics along with the related theoretical discussion. The
model translated the above-mentioned linkage between the main areas of this study (external variables, PU,
PEU, BI, and AU of BDA tools). This framework summarizes the decision-making process by auditors to adopt or
reject BDA in their work to balance the pressure from their firm to apply it, discontinuing the traditional audit
methods, and their perception of the ease and usefulness of these tools.

The research model presented in figure 1 (b) has two essential features: it integrates and elaborates on training
as one of the external factors identified in the literature as influencing PU and PEU, thereby offering a
comprehensive view of the elements affecting the adoption of data analytics. Furthermore, it investigates
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whether the training provided by audit firms might enhance auditors' perceptions of BDA tools and whether this
enhanced perception could lead to a broader adoption of BDA tools in auditing practices.

Perceived
usefulness
ﬂk
External Behavioral Actual
5 . . ._’
Variables intention usage
[ ] Perceived
ease of use
(a): Technology Acceptance Model (TAM) (Davis and Venkatesh (1996) p. 20)
Perceived
sefulness
A4 e &%
W
Trainin Behavioral H2c Actual
& intention of = usage of
BDA tools "| BDAtools
N P
Q>
Perceived
ease of use

(b): Conceptual Study Model

Figure 1: Models Contributing to the Development of the Study Framework
4. Method
4.1 Research Design

The purpose of this study is to determine whether relationships exist between the study's independent and
dependent variables across its three stages. In the first stage, the external variable, represented by the training,
will serve as independent variables, while PEU and PU will be the dependent variables. In the second stage, PEU
and PU will function as independent variables, with the practicing auditors’ Bl to adopt BDA in auditing as the
dependent variable. This is followed by the third stage, in which Bl is treated as the independent variable and
AU as the dependent variable.

The study adopts quantitative research method by relying on the survey technique for data collection, as this
method is effective for interpreting correlations and predicting the value of a specific variable based on another's
value (Khaldi, 2017; Reio, 2016). The data gathered from the questionnaire were analyzed using SMARTPLS4.
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Path analysis was utilized to investigate the connections between the research's independent and dependent
variables (Loehlin, 2004).

4.2 Population and Sample

The study population consisted of practicing auditors working at the big four auditing firms in Palestine at the
time of data collection. The sample selection method for this research was the census approach, where the
entire population also represented the sample (Levy & Lemeshow, 2013; Gibbins, Salterio, & Webb, 2001). This
method is effective when dealing with smaller population, such as when the total population is fewer than 100
units (Levy & Lemeshow, 2013; Vinzi et al., 2010). Out of 105 auditors in the Big Four firms in Palestine, 11 with
less than one year of experience were excluded, reducing the survey population to 94. The survey received 81
responses, yielding an 86% response rate. Less experienced auditors were excluded to ensure the reliability of
audit judgments, as research indicates that experience enhances auditors' ability to identify risks and
inconsistencies (Sayed Hussin et al., 2017; Pagalung & Habbe, 2017).

4.3 Questionnaire Design

The questionnaire was designed to collect the main demographic information about the participants.
Additionally, the questionnaire includes three main sections with a total of 29 statements as follows: The first
section contains 7 statements related to the training factor. The second section contains 14 statements to
determine whether PEU and PU impact auditors' Bl to adopt BDA. The last section, consisting of 8 statements to
measure the AU of BDA technological tools. The questionnaire items in all sections (except for the demographic
part) were measured using a 7-point Likert scale, ranging from 1 ('strongly disagree') to 7 ('strongly agree'). This
scale is commonly used to examine participants' perceptions, attitudes, and opinions when a questionnaire is
employed to assess specific subjective matters (Schrum et al., 2020).

The Training factor is based on the research of Al-Azawei, Parslow, and Lundqvist (2017) which includes question
from TG1 to TG7. In TAM section, Davis’s (1989) TAM questionnaire was employed to measure the independent
variables of PEU and PU, encompassing questions from PU.1 to PU.6 and PEU.1 to PEU.6. Davis developed a
measurement scale for these variables to assess user acceptance of new technology. However, since Davis's
1989 model did not include the dependent variable of Bl to use, the work of Davis and Venkatesh (1996) will
also be referenced, as they incorporated this aspect into the TAM framework (questions Bl.1 and BI.2). Finally,
AU section of the questionnaire is designed to assess the AU of BDA technological tools, addressing questions
from AU.1 to AU. 8. The focus here is on measuring the independent variable of the AU of these tools. This part
is adopted from Janvrin, Bierstaker, & Lowe (2009), who explored auditors' use of computer-assisted audit
techniques (CAATSs) within the audit process. Some modifications Janvrin, Bierstaker, & Lowe (2009)’ instrument
was made to better align with the focus of this questionnaire section.

5. Data Analysis and Results

5.1 Questionnaire Analysis

To achieve the study’ objectives and test the related hypotheses, SmartPLS 4 software was used. Two vital
methodological elements were considered: the measurement model and the structural model. Currently, Path
analysis and PLS-SEM techniques are broadly used as the primary statistical approach in various research fields.
(Hair et al., 2010, 2016; Kline, 2023).

Table 1 presents the means and standard deviations for each of the constructs. We grouped the responses
collected on the seven-point Likert scale into three categories: 'low' for ratings from 1 to less than 3,'medium’
for ratings from 3 to less than 5, and 'high' for ratings from 5 to 7. This division was intended to yield uniform
and dependable feedback from the auditor participants. The analysis indicated that all the constructs scored
within the 'high' category. This suggests a positive reception towards the technology among the auditors.
Furthermore, training influences the implementation of the technology, underscoring the significance of this
external factor in facilitating the adoption and effective utilization of the technology in audit firms.
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Table 1: Level of implementation of the external variables, TAM, and AU

Mean | Standard Deviation | Level of Implementation
Training 5.50 0.95 | High
Perceived usefulness 5.42 1.02 | High
Perceived ease of use 5.16 0.94 | High
Behavioral intention 5.44 1.07 | High
Total for TAM 5.31 0.89 | High
Actual use 5.14 1.07 | High

5.2 Assessment of the Measurement Model

The measurement model was assessed to establish the reliability and validity of the constructs (Table 2). First,
the factor loading of all the items in the model exceeded the minimum acceptable value of 0.50 (Hair et al.,
2010). Although factor loading over 0.70 is recommended (Vinzi et al., 2010), researchers in social science
studies often encounter lower loading (less than 0.70). Instead of immediately deleting these indicators, their
effects on composite reliability, content validity, and convergent validity shall be examined. Items with outer
loadings from 0.40 to 0.70 should be considered for removal only if their deletion increases of composite
reliability or average variance extracted (AVE) above the recommended value (Hair et al., 2016). In this paper,
removing the item (TG5, loading = 0.639) would not have significantly increased the composite reliability and
AVE, as the values were already above the threshold. Additionally, evaluating the confidence interval of the
loading revealed that none included zero. Hence, no items were removed from the study for further analysis.

Table 2: Reflective constructs measurement properties

Reflective constructs Construct Items CR AVE Reference

items loading
Training TG1 0785 0.930 0.657 ,(Azlaﬂ\lz7(';\wei, Parslow, & Lundqvist

TG2 0.830
TG3 0.850
TG4 0.803
TG5 0.639
TG6 0.886
TG7 0.852

Perceived Usefulness | PU1 0.930 0.977 0.874 | Davis (1989)
PU2 0.964
PU3 0.949
PU4 0.947
PUS5S 0.899
PU6 0.920

Percelvlje;jeease of PEU1 0,665 0.961 0.804 Davis (1989)

PEU2 0.903
PEU3 0.944
PEU4 0.922
PEUS 0.898
PEU6 0.841

Behavioral intention BIl 0.976 0.976 0.954 | Davis & Venkatesh (1996)
Bl12 0.977
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Reflective constructs iCt:é)rr:]sstruct :ge;gisng CR AVE Reference
Actual use AUl 0.857 0.958 0.742 | Janvrin, Bierstaker, & Lowe (2009)
AU2 0.858
AU3 0.908
AU4 0.806
AU5 0.845
AUG 0.881
AU7 0.839
AUS8 0.895

Reliability was assessed using Cronbach’s alpha, rho-a, and composite reliability; statistics for both were greater
than the recommended value of 0.700 (Wasko & Faraj, 2005). The rho-a value returned was between the
Cronbach’s alpha and composite reliability (Sarstedt, Ringle, & Hair, 2017), it was also more than 0.70, thereby
indicating high reliability (Henseler et al., 2016). Additionally, convergent validity was acceptable since the AVE
was more than 0.500. Moreover, the verification of discriminant validity is essential for confirming the
uniqueness of the measurement tools associated with different factors. This process checks that the square root
of the AVE for each construct is greater than the inter-construct correlations, as proposed by Fornell and Larcker
(1981). Table 3 presents the results of applying the Fornell-Larcker criterion to our study's model, which
indicating compliance with this validation standard.

Table 3: The measurement model discriminant validity- Fornell-Larcker criterion.

Actual Behavioral Perceived Ease of Perceived Traini
. raining
Constructs Use Intention Use Usefulness
Actual Use 0.862
Behavioral Intention 0.481 0.977
Perceived Ease of Use 0.615 0.631 0.897
Perceived Usefulness 0.650 0.712 0.710 0.935
Training 0.728 0.481 0.616 0.658 0.810

Additionally, the model's discriminant validity was evaluated using the heterotrait-monotrait ratio (HTMT) of
correlations (Ab Hamid, Sami, & Sidek, 2017). An HTMT ratio should be less than 0.90 to achieve adequate
discriminant validity between the constructs. We presented all of results from HTMT assessment in Table 4,
where each recorded value is below the 0.90 threshold, thereby confirming the discriminant validity of the
model.

Following the compilation of results from the study's measurement model evaluation, Figure 2 depicts the
finalized research model that was explored.

Table 4: Heterotrait-Monotrait Ratio (HTMT)

Actual Beha\{ioral Perceived Ease of Perceived Training
Constructs Use Intention Use Usefulness
Actual Use -
Behavioral Intention 0.493 -
Perceived Ease of Use 0.646 0.661 -
Perceived Usefulness 0.673 0.739 0.738 -
Training 0.781 0.511 0.648 0.695 -
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Figure 2: The measurement model
5.3 Assessment of the Structural Model

The next step in the study was to examine the structural model to determine its predictive accuracy and explore
the interactions among the constructs, as well as the model's robustness and coherence. This phase was
important for verifying the study's hypotheses. The analysis used a bootstrapping procedure and focused on
several key indicators: the coefficient of determination (R?), path coefficients (B values), T-statistics, the effect
size (f2), and the model's predictive relevance (Q?). R? values are considered high at 0.75, moderate at 0.50, and
low at 0.25 (Hair et al., 2010). In this paper, the R? values are considered moderate. The Q? values act as markers
of the model's predictive capacity, with the results affirming the model's effectiveness in forecasting outcomes.

Crucially, for a model to demonstrate sufficient predictive relevance, the Q2 values must surpass zero, confirming
that the external constructs possess predictive utility for the internal constructs, following the guidance of Hair
et al. (2010). Table 5 outlines the cross-validated redundancy values for AU, BI, PEU, and PU, documented at
0.264, 0.214, 0.369, and 0.415, respectively. The effect size (f2) measures the influence of each external latent
variable on an internal latent variable, enabling an assessment of how well the structural model accounts for
the variance in internal latent variables.

Adhering to Cohen's (1988) framework, f2 values of 0.02, 0.15, and 0.35 are categorized as indicative of small,
medium, and large impacts, respectively. The data presented in Table 5 indicate that the f2 effect sizes range
from a minimal impact, with a value of 0.069 for PEU on BI, to a significant impact, with a value of 0.762 for
training's effect on PU. In addition, the Q? values for the internal constructs all exceeded 0, thus confirming the
structural model's predictive relevance.

Table 5: R%, communality, and redundancy

f2
Rzadj | Q2 f2 Perceived Ease | f2 Perceived f2 Behavioral
! of Use Usefulness Intention Actual

Construct Use
Training - - 0.613 0.762 - -
Actual Use 0.222 | 0.264 - - - -
Behavioral Intention 0.527 | 0.214 - - - 0.301
Perceived Ease of Use | 0.372 | 0.369 - - 0.069 -
Perceived Usefulness 0.425 | 0.415 - - 0.305 -

Moreover, the study engaged in the use of Path Coefficients to scrutinize the proposed relationships among
variables. The findings, elaborated in Table 6, adhere to the approach recommended by Hair et al. (2016), which
involves the application of the bootstrapping method. This procedure produced key statistical figures such as
beta coefficients, standard errors, t-values, and p-values.
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Table 6: Hypothesis testing results

Beta Standard T P
Hypothesis coefficients deviation statistics values Decision
. . Supported
H 2c Behavioral Intention -> Actual Use 0.481 0.114 4.236 0.000
H 2b Perceived Ease of Use -> Behavioral
Intention 0.253 0.150 1.688 0.091 Rejected
H 2a Perceived Usefulness -> Behavioral
Intention 0.532 0.142 3.760 0.000 | Supported
- . Supported
H1b Training -> Perceived Ease of Use 0.616 0.080 7.680 0.000
- . Supported
Hla Training -> Perceived Usefulness 0.658 0.080 8.219 0.000

Table (6) and figure (3) provided offers a detailed examination of the relationships among various constructs,
with each hypothesis clearly numbered for enhanced clarity. The analysis begins with a compelling validation of
the impact of Bl on AU (hypothesis 2c), as evidenced by a robust beta coefficient of 0.481, a T statistic of 4.236,
and a p-value of 0.000. This significant finding highlights the critical influence of Bl on AU.
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Figure 3: PLS Bootstrapping (t-values) for the study model

The study also demonstrates the significant influence of the PU on BI (hypothesis 2a), with beta coefficients of
0.532, T statistics of 3.760, and p-values of 0.000. This finding emphasizes the important role of PEU in
influencing BI. Conversely, the hypothesis regarding PEU's impact on Bl (hypothesis 2b) did not achieve statistical
significance (beta coefficient: 0.253, T statistic: 1.688, and p-value: 0.091), resulting in its rejection.

The study also demonstrates the significant influence of the training on PEU (hypothesis 1b) and PU (hypothesis
1a), with beta coefficients of 0.616 and 0.658, T statistics of 7.680 and 8.219, and p-values of 0.000 and 0.000,
respectively. These findings highlight the importance of training in shaping PU and PEU.

Collectively, these refined results detail the relationship between constructs such as BI, PU, PEU, and training.
These findings offer insights for future research and practical applications, particularly on the effect of one of
the external factors related to audit firm attributes represented by training on technology adoption behaviors.

6. Discussion

The Findings of this study provide insights into the influence of training on PU and PEU, and their collective
impact on Bl to adopt BDA tools, and how these intentions translate into actual usage. Training was found to
have a positive effect on PU and PEU of BDA tools (H1a and H1b). These findings are similar with finding of some
of previous studies, such as Valenstein-Mah et al. (2020) who emphasized that detailed training programs
enhance users’ understanding and confidence in new technologies. Shatri (2020) also found that training help
professionals integrate technology into daily operations by building confidence and understanding. Other
studies, like Buchanan, Sainter, & Saunders (2013), and Adrianto (2018), also highlight the importance of training
in technology adoption; they found that effective training programs customized to the users or learners’ need
significantly enhance the PU and PEU of new technologies, motivating their adoption. These findings indicates
that Auditing firms should invest in good training programs specified to the needs of their auditors. Such
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programs should be designed to address the different learning styles and ensure that auditors are comfortable
and confident in using BDA tools. This approach not only facilitate the adoption of new technologies but also
enhance the overall quality and efficiency of the audit process.

Regarding Hypothesis (H2a), the results showed that PU has a positive effect on the Bl to adopt BDA tools, which
aligns with the findings of Davis and Venkatesh (1996) and Hwa, Hwei, & Peck (2015). Grimalso and Uy (2020)
also concluded that the perception of usefulness has a positive relationship with the intention to use technology.
Furthermore, Cabrera-Sanchez and Villarejo-Ramos (2019) and Al Amin et al. (2020) emphasized the importance
of PU in expecting users’ behavioral intention to adopt new technologies. Their studies indicate the importance
role of PU in driving technology adoption behaviors and attitudes. Accordingly, auditing firms should focus on
highlighting the benefits of BDA tools to their auditors. Conducting training courses including on the job training
on BDA applications would help these firm to demonstrate how these tools can enhance audit efficiency and
quality. This can reinforce a positive perception of their usefulness and ultimately encouraging adoption.

On the other hand, while the study found that PEU has a positive impact on BI, this was not statistically significant
(H2b). This suggest that while ease of use is important, the PU of the new technology play a more critical role in
shaping auditors’ intentions to use BDA. This finding is opposite to the conclusion of Davis and Venkatesh (1996),
who empathized on the significant role of PEU in technology adoption. However, Sharma and Mishra (2014)
noted that technology adoption may require more than just ease of use to include other factors such as trust
and social influence, which may also play a role. This may explain the lack of a significant impact of PEU on Bl in
our study. Although simplifying the user interface and ensuring that BDA tools are easy to use is important, audit
firms should primarily focus on proving the benefits of these tools. Emphasizing the practical advantages of BDA
tools in improving audit efficiency and quality can more effectively increase adoption.

Furthermore, Bl to adopt BDA tools was found to have a positive effect on the actual use of these tools (H2c).
The study validates that BI significantly influences AU, supporting the framework proposed by Davis and
Venkatesh (1996). External auditors who intend to use BDA tools are more likely to use them in performing their
audit procedures. This finding is consistent with the TAM model and emphasizes the importance of increasing
willingness towards new technologies to ensure their practical application. Previous studies, such as Diop, Zhao,
& Duy (2019) and Shahbaz et al. (2019), also support the significant relationship between Bl and AU. These
studies highlight that a Bl is a predictor of actual technology use. Based on these findings, audit firms should
implement strategies to convert positive intentions into actual usage. This can be achieved through continuous
support and resources, such as regular training programs, and success stories cases that present the practical
benefits of BDA tools. By creating an environment that supports and encourages the use of BDA, Audit firms can
ensure that their auditors not only intend to use BDA tools but also integrate them into their daily audit practices.

The above findings provide insights particularly relevant for audit firms in developing countries, where the
adoption of advanced technologies like BDA is still in early stages. By addressing one of the critical external
factors, represented by training, that is expected to influence technology adoption, firms can better navigate
the challenges associated with digital transformation and improve their overall audit quality and efficiency.

7. Conclusion
7.1 Implications for Practice

This study demonstrates the significant role of training in shaping auditors' perceptions and adoption of BDA
tools in Palestine. Our findings reveal that training positively influences both PU and PEU of BDA tools, with PU
being a key driver of Bl to adopt BDA. The strong link between Bl and AU underscores the importance of fostering
positive attitudes towards BDA among auditors.

These results have important implications for audit firms, particularly in developing countries. They suggest that
investing in comprehensive BDA training programs can significantly enhance auditors' willingness to adopt these
tools, potentially leading to improved audit quality and efficiency. However, the lack of significant impact of PEU
on Bl indicates that firms should focus on demonstrating the utility of BDA tools rather than just their user-
friendliness. This finding is particularly relevant in the context of training, as it suggests that training programs
should not only make BDA tools easier to use but also emphasize their practical benefits and how they can
improve audit processes.

The conclusions of this study specifically address the three objectives laid out at the end of the introduction:
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1. To examine the effect of training on PU and PEU of BDA tools: The study found that training has a
positive effect on both PU and PEU, highlighting the importance of comprehensive training programs
tailored to the needs of auditors.

2. Toinvestigate the relationship between PU, PEU, and Bl to adopt BDA tools: The results indicated that
PU has a significant positive impact on BI, while PEU, although important, was not statistically
significant. This underscores the need for training programs to focus on demonstrating the practical
utility of BDA tools.

3. To explore the impact of Bl on the actual use of BDA tools: The study confirmed that BI significantly
influences AU, supporting the importance of fostering positive behavioral intentions through targeted
training and support.

In summary, while ease of use is a critical factor, the perceived usefulness of BDA tools plays a more decisive
role in their adoption. Therefore, audit firms should design their training programs to not only simplify the user
experience but also highlight the tangible benefits of BDA tools in enhancing audit efficiency and quality. By
doing so, they can more effectively drive the adoption and integration of these tools into daily audit practices,
ultimately improving the overall audit process. Furthermore, while this study was based on a specific sample of
external auditors in Palestine, the implications for practice can be generalized to other developing countries
facing similar challenges in adopting advanced technologies. The insights gained from this research suggest that
investing in training programs tailored to the unique needs of auditors can support the adoption of BDA tools
and improve audit quality and efficiency.

7.2 Limitations

Despite its practical implications, this study has two main limitations. The first limitation arises from the study’s
focus on external auditors employed by the Big four auditing firms in Palestine. Excluding the remaining auditors
from small firms may limit the generalizability of the findings to other regions or auditors from local firms.
Second, adopting the TAM as a theoretical framework may not address all aspects related to impact of training
on BDA utilization.

7.3 Future Research

Future research may consider expanding the geographical scope and auditing firm size by including auditors
from different countries and firms of various sizes to enhance generalizability. Additionally, exploring other
theoretical frameworks or models to assess the impact of training on BDA utilization could offer new
perspectives.
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Appendix A: Details of Instrument Items

Variable Instrument item
A. Demographics Variables Section
Demographics : é%?lder

Variables .
e  Academic degree
e  Current job position
. Years in the audit profession

B. External Variable Section
. e  Training on big data analytics tools improves my performance in using these tools.

Training e  Training on big data analytics tools increases my scientific performance in auditing.
e Training on big data analytics tools enhances my learning effectiveness.
e The training on using big data analytics tools is clear and understandable.
e Interacting with the training programs on big data analytics tools is mentally easy.
. | find that the training makes using big data analytics tools easy.
e  The types of training on big data analytics tools make them easy to use.

C. Technology Acceptance Model (TAM) Section
PU . Using big data analytics tools in my job would enable me to accomplish tasks more quickly.
. Using big data analytics tools would improve my job performance.
. Using big data analytics tools in my job would increase my productivity.
. Using big data analytics tools would enhance my effectiveness on the job.
. Using big data analytics tools would make it easier to do my job.
. | would find big data analytics tools useful in my job.
PEU . Learning to operate big data analytics tools would be easy for me.
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e | would find it easy to get big data analytics tools to do what | want them to do.
. My interaction with big data analytics tools would be clear and understandable.
e | would find big data analytics tools to be flexible to interact with.
e Itwould be easy for me to become skillful at using big data analytics tools.
. I would find big data analytics tools easy to use.
. e Assuming | had access to big data analytics tools, | intend to use them.
Inteﬂtslgn to . Given that | had access to big data analytics tools, | predict that | would use them.

D. Actual Use Section

e  While working on the audit of that assignment, | used the big data analytics tools when
evaluating fraud risk.

e  While working on the audit of that assignment, | used the big data analytics tools for sample
selection.

e  While working on the audit of that assignment, | used the big data analytics tools when
identifying journal entries to be tested.

e  While working on the audit of that assignment, | used the big data analytics tools when
evaluating and testing the control effectiveness.

e  While working on the audit of that assignment, | used the big data analytics tools for
performing IPE (Information Produced by the Entity) test.

e  While working on the audit of that assignment, | used the big data analytics tools in the
substantive testing of balance sheet accounts.

e  While working on the audit of that assignment, | used the big data analytics tools in the
substantive testing of income sheet accounts.

e While working on the audit of that assignment, | relied on big data analytics tools in performing
overall analytical procedures.

Actual use of
BDA tools
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