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ABSTRACT  

 
In Big Data Analytics (BDA), many government agencies directly raised their ICT expenditure in their effort 

to understand the attitude of the users towards new technologies. This research is intended to analyze factors 

affecting IT practitioners’ behavioral intentions in adopting (BDA) using a combination of multiple 

technology acceptance models. The synergistic three IS theory strengths: (1) Task Technology Fit (TTF), (2) 

Unified Technology Acceptance and Utilization Theory (UTAUT), and the (3) Initial Trust Model (ITM). 

The concept was validated in Malaysian government agencies, one of the highly dependent BDA promoters 

and initiators. 186 respondents in the Information Management departments of public agencies were recruited 

as part of the rigorous methodology to gather rich data. Partial least squares were analyzed by the structural 

models (PLS). The two key factors determine behavioral intention to adopt BDA in government agencies. 

Firstly, the assumption that the technology is going to produce great results raises the expectation of 

performance. Technological fit was the second determinant factor. Initial trust, on the other hand, was found 

to be adversely related to the BDA intention. Implicitly, the proposed model would be useful to IT officers in 

public agencies in making investment choices and designing non-adopter-friendly outreach strategies because 

they have more barriers to acceptance than adopters and lead adopters in the reward ladder. All public agencies 

will benefit from the findings of this study in gaining awareness of BDA application and fostering 

psychological empowerment of employees to adopt this revolutionary approach. The article outlines how 
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dynamic TTF, UTAUT and ITM are for researchers to integrate in their emerging decision support framework 

for the study of new technology adoption. 
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1. INTRODUCTION AND BACKGROUND OF THE STUDY 

 

1.1. Introduction 

 

Literally, BDA is the process of evaluating data which are large in size and variety (Big Data) to 

find patterns hidden, unknown correlations and other useful information as coined by Sivarajah et 

al. (2017). Furthermore, Galetto (2018) defined BDA is “the method of examining large data sets 

containing a range of data types to uncover hidden patterns, unknown correlations, market trends, 

customer preferences, and other useful information”. In an analysis of data growth, Desjardins 

(2017), predicted by 2025, 463 exabytes of data are expected to be generated globally each day, 

and 90 percent of these data are unstructured. Alcácera and Cruz-Machado (2019) who studied the 

growth of the BD trend, mentioned that the managing of large data besides high frequency formats 

and forms was also closely related. Khan et al. (2014) continued the concern that within the rapidly 

rising data medium is unstructured data. Likewise, in its BDA portal, Malaysian Administrative 

Modernisation and Management Planning Unit (MAMPU, 2014) claimed the growth of emerging 

technologies can generate incentives to improve the quality of their services for industries and 

government agencies by providing innovative services never before existed.  

 

Several scholars have concentrated on BDA adoption in governmental entities (Kim et al., 2020; 

Löfgren & Webster, 2020; Pencheva et al., 2020; Nantais, 2019) and explored the value of BD, 

especially in private companies (i.e. Hasan et al., 2020; Ballantyne & Stewart, 2019; Mikalef et al., 

2018; Shahbaz et al., 2019; Shahbaz et al., 2020). Munné (2016) claimed that the public sector can 

greatly increase efficiency by deliberately using BD. BD can address a wide-ranging variety in 

public sector issues like improved efficiency (MAMPU, 2014; Kubina et al., 2015), integrity 

(OECD, 2018) and wellbeing (Wang & Moriarty, 2018). Different online methods also offer viable 

solutions to the recovery of reduced resources in public administrative organizations (Kennedy et 

al., 2015). As of now, rapid data growth in the use of BD in the private sector was given attention 

(Hasan et al., 2020).  

 

It is therefore crucial to remain aware of how BD roles are adopted in the public sector and how 

organizations can gain advantage from BD. While BD and its role in the government agencies were 

further diligently considered (see for instance, Yunus, 2018; Pencheva et al., 2020; Munné, 2016), 

gaining insights into the intention to use BD should also help plan and leverage currently unused 

data sets in the public sector. Therefore, the core research question for this research is “what factors 

affect the intention to use Big Data Analytics in Malaysian government agencies”. 

 

In Malaysia, various agencies are beginning to realize the importance of adopting data analytics in 

making smart decisions (Paramasivam, 2016). Among them is the provision of infrastructure and 
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info structure to support public data analytics by MAMPU (MAMPU, 2014). A broader perspective 

has been adopted Raja Mohd Ali et al. (2016) who argued that MAMPU is a body responsible for 

promoting the modernization and digital transformation of the Malaysian government through 

BDA. Furthermore, World Bank Group (2017) analyzed related policies and strategies, which are 

also being developed by MAMPU in conducting public data analytics through four pilot 

applications, namely: “Price Control - Ministry of Domestic Trade, Cooperatives and 

Consumerism (KPDNKK); Sentiment Analysis - MAMPU; Crime Prevention - Royal Malaysian 

Police (PDRM) and Infectious Disease Prediction - Ministry of Health Malaysia (MOH)”. 

 

1.2. Statement of the Problem 

 

MAMPU had conducted pilot applications of BDA involving four government agencies, however 

the progress of BDA adoption in all government agencies is still low. In fact, the use of BDA needs 

to be extended to all levels of the ministries to be used as information to formulate effective 

programs (MAMPU, 2014) based on the “Public Administration Transformation Circulars Bill. 1 

of 2017 entitled Implementation of Public Sector Public Data Analysis (DRSA) by the 

Modernization Unit Administration and Management of Malaysia (MAMPU), Prime Minister’s 

Department”. Given the government's serious attention to big data, Raja Mohd Ali et al. (2016) 

highlighted scarcity of information in terms of public sector preparatory for BD. A research by 

Paramasivam (2016) showed that BDA programs foster creativity in public service to 

simultaneously meet the necessities of the strategic reform programme for a digital government, 

but only 44% have started to prepare for a digital strategy and think of their capabilities. By 

integrating strategies and BDA adoption factors, it assisted the government to implement decisions 

more effectively (Bahari, 2016) and new products and services from the database (Vitari & 

Raguseo, 2020), which led to critical national transformation agenda. Hence, the framework to be 

developed will reveal what factors influencing BDA adoption should government agencies assess. 

Abbasi et al. (2016) in a BD editorial called for a research exploratory agenda on behavioral factors 

affecting the use of BDA in organizations. An organization needs to consider the factors that 

influence proposed usage of BDA so that they can take effective steps to implement it.  

 

 

2. LITERATURE REVIEW 

 

2.1. Big Data Analytics 

 

BDA provides strategies and technologies for gathering, storing, transferring, analyzing and 

displaying vast volumes of structured and unstructured data (Erevelles et al., 2016). Others (see 

Elragal & Klischewski, 2017; MAMPU, 2016; Al-Shiakhli, 2019) emphasized the BDA as the use 

of profound learning techniques on large datasets, including data collection, analysis, prescriptive 

modelling, etc., as modern business intelligence practice. Some other way of thinking of BDA is 

the method of analysing data sets so as, with the help of advanced systems and software, to draw 

conclusions about the information they produced (Stedman, 2017). Data science methods and 

technologies in the industrial sectors are commonly used to allow organizations to make informed 

decisions; and enable science experts and researchers to validate or falsify science models, theories 

and hypotheses. 
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2.2. BDA Studies in Malaysia 

 

Malaysia has prioritized data science as a national plan and is well equipped to leap over other 

countries by incorporating it into a program that leads to more evidence-driven decision-making 

organizations (MAMPU, 2016). In this regard, a pilot project aimed at improving public sector IT 

climate landscape was declared by the government of Malaysia to introduce the Analitis Data Raya 

Sektor Awam (ADRSA) involving multiple ministries (Galetto, 2018). This program encourages 

creativity in government services while meeting the essential needs of the national digital 

government modernization agenda. Incorporating data from various sources helps the government 

to implement decisions more efficiently, creates new database products and services, shares 

information and results, leading to a critical national transformation agenda. The Ministry of 

Communications and Multimedia (MCMC) has led the implementation of BDA in Malaysia, in 

collaboration with MAMPU and Malaysia Development Corporation (MDeC), and established 

BDA for Malaysia (MAMPU, 2016).  

 

The Microsoft study in the 2016 Asia Data Culture survey revealed that 85% of policymakers in 

Malaysia believed it is essential for business to make use of data, but only 44% have started to 

prepare for a digital strategy. The Microsoft survey comprises 940 small and large business leaders 

in 12 Asian markets. 45 of them came from Malaysia alone (Paramasivam, 2016). Most of those 

from Malaysia agreed with the cultural advantages of BDA, but there are obstacles to be overcome. 

Using BDA, Malaysia Airport Berhad, coupled with the right communication strategies, found the 

total number of positive items in customer feedback management was calculated at 72K compared 

to the negative 27K items, which is significant in providing better passenger experience through 

new customer engagement channels such as social media (The Multimedia Development 

Corporation (MdeC), 2016). Furthermore, Lagisatu.com asserts that the benefit of BDA adoption 

is the delivery of timely insights from the vast amount of data. Similarly, Paramasivam (2016) 

found approximately 88% of Malaysian businesses confidently reported BDA will determine their 

success in the industry. Clearly, the industry has begun to understand the importance of IT 

graduates and skilled manpower (talent capabilities) in the field of data analysis. MAMPU (2016) 

claimed if organizations understand and collect the data in connection with their trade or business, 

they can analyze and gain value significantly from it as well as are able to estimate trends and to 

anticipate market growth. 

 

2.3. Assessing the Public Sector to Adopt Big Data Analytics 

 

Longo and McNutt (2018) discussed how BD could change the public agencies data analytics 

strategy. Data analytics is the evaluation of solutions for public agencies issues. The traditional 

data analysis is characterized by conventional quantitative analysis methods used in the 70s and 

80s (Longo & McNutt, 2018). However, BD, supported by the modern-day technology, can 

enhance public agencies. Günther et al. (2017) and MAMPU (2016) concluded by highlighting 

some of the issues associated with adopting BD, one notably that government has to build enough 

capacity for an appropriate application data analytics in government bodies. This can be 

accomplished by providing training to the public employees (OECD, 2018). Similarly, Schintler 

and Kulkarni (2014) found other potentials or threats in the public service leveraging BD. The 

benefit includes provision of useful information, and detailed, precise and prompt decision-making 

data (Pencheva et al., 2020; World Bank Group, 2017; MAMPU, 2016). However, using BD comes 

with some notable challenges. The fact that BD are usually skewed, too complex (Sivarajah et al., 
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2017), and tend to be missing some relevant information; are in brevity, BD tend to be biased in 

some cases (McFarland & McFarland, 2015). A set of BD might have lost its contextual value 

when they are being processed, reshuffled, repurposed and reinterpreted going through the phase 

of being supplied to the end users (Schintler & Kulkarni, 2014). 

 

As far as the theoretical and practical data usage of government departments, it provides a solid 

foundation for BDA (Sivarajah et al., 2017). BDA tools must therefore be incorporated into the 

study of public agencies. One of the challenges identified by Giest (2017) and Ingrams (2019) is 

limited institutional support for BD management and capacity within the government. As 

highlighted by MAMPU (2016), when the government has low level of analytical capacity, they 

would have to source for additional stakeholders with the right skill sets. Furthermore, UNESCO 

(2017) opined that the issue of capacity can be solved by training government workers in data 

analytics or simplifying the ambiguities involved in analyzing BD for policy decision making. 

Walker and Brown (2019) agreed that using BD in policymaking should be at the problem 

identification stage, where data serves as an evidence to gauge the severity of a social problem. 

BD should also serve as the basis for policy makers in setting their priorities; should be considered 

at the root cause analysis stage for social problems (Sivarajah et al., 2017) and factors influencing 

intent to adopt need to be explored systematically as done by different scholars, as shown in Table 

1. 

 

 

Table 1: Summary of Relevant Research on Factors Influencing Intent to Adopt BDA 

Researcher Description Findings (Factors Influencing) 

Shahbaz et al. 

(2019)  

 

 

Using a survey questionnaire, 224 

representative AMOS v21 responses were 

examined to evaluate the BDA 

implementation process for health 

institutions in order to investigate 

elements relevant to behavioral intent 

using a framework for application 

recognition models and role management. 

The Task-Technology Adoption 

Paradigm leads significantly to 

strengthening behavioral expectations 

for the use of BDA in health care.  

Brock and Khan 

(2017) 

Determined the level of recognition with 

and variations in renowned models such as 

TAM. Via the synchronization with OLC, 

the study examined the reasons for 

adopting BDA. 

The study showed a 44% difference 

between the consumer behavior of 

large data and other models in model 4 

(built using the OLC and TAM 

frameworks). 

Wahab et al. 

(2018)  

Investigated the main determinants that 

impact on BDA targets in the warehouse 

industry in Malaysia. The TEC / OM 

paradigm (TOE) was introduced as the 

core principle in promoting the logical 

structure. 

The findings indicated five reasons 

(relative advantage: technology 

infrastructure, absorptive capability, 

industry competition and government 

support) that may have a huge impact 

on BDA acceptance potential in the 

warehouse sector. 

Lai et al. (2018)  This paper discussed the factors 

influencing the decision of businesses to 

incorporate BDA in their everyday 

business. In this study, potential variables 

The perceived advantages and support 

of the senior management would 

significantly influence the decision. 

Environmental influences including 

market penetration, legislation and SC 
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were specifically listed in four categories: 

technology, organization, climate and SC. 

accessibility will substantially 

moderate the causal relation between 

the operator and the acceptance 

intention. 

Maroufkhani et al. 

(2020) 

The purpose of this paper is to have an 

exceptional and integrated model for BDA 

adoption among SMEs by integrating a 

TOE model from a resource-based 

perspective. 

The results had shown that technology 

and organization, as part of the BDA 

adoption, are the most important 

determinants for SMEs. 

Schüll and Maslan 

(2018)  

 

To understand and integrate the sense of 

decision-making process with 

perspectives from the hierarchical 

capability theory, the technology and the 

climate paradigm (TOE Paradigm) are 

adopted and also used to describe the 

technology acceptance process. 

The most important influences, which 

have close ties to management 

support, are expertise and internal data 

use. In channelling BDA savings, this 

gives skills growth high priority. The 

expected level of BDA competition 

and the potential for competitive 

difficulties (if BDA is not adopted) 

may not be a shock.  

Cabrera-Sánchez 

and Villarejo-

Ramos (2019). 

The research tailored the Unified 

Technology Theory of Adoption and Use 

of Technology Models (UTAUT) to the 

BDA context by introducing two 

variables: resistance to use and perceived 

risk. 

The findings showed that four 

dimensions dictate the behavioral 

intent to use BDA in companies: (1) 

performance expectancy, (2) social 

influence, (3) facilitating conditions, 

and (4) reluctance to use. 

Behl et al. (2019) The study aimed to develop an 

Interpretation Structural Model (ISM) to 

act as a basis for effective implementation 

of BDA. 

The findings suggested that exposure 

to appropriate data form the backbone 

of the system and will become the 

most effective facilitator in the process 

of acceptance, whilst the organization 

has the most significant technological 

ability for employees. It had also been 

found that the rating of enablers from 

Interpretive Structural Model and 

(ISM) Analytical Network Process 

(ANP) is high. 

Sam and Chatwin 

(2019).  

Based on the Technology-Organization-

Environment (TOE) framework, the study 

highlighted the potential factors 

influencing Chinese organizational Big 

Data adoption. 

The findings indicated that 

organizational participants really 

ought to plan their (1) technical, (2) 

organizational, and (3) environmental 

assets for the purposes of BDA. 

Bolonne and 

Wijewardene 

(2020) 

The three perspectives of the Technology-

Organization-Environment Paradigm 

(TOE) together with the Technology 

Acceptance Model (TAM) were used as 

underpinning structures to explore the 

impact on user attitudes that would 

ultimately influence the intention to 

implement BDA. 

 

The findings pointed out that 

variables, namely: (1) technological 

factors, (2) environmental context, (3) 

perceived ease of use, and (4) 

perceived usefulness, have a positive 

impact on the users’ attitudes towards 

BDA adoption. 



                                                         Mad Khir Johari Abdullah Sani, Muhamad Khairulnizam Zaini,                                         1321  

Noor Zaidi Sahid, Norshila Shaifuddin, Tamara Adriani Salim, Noorazah Md. Noor 

Walker and 

Brown (2019) 

This study aimed at understanding the 

aspects inspiring the acceptance of BDA in 

companies. A specific model for data 

adoption was integrated in the technology-

organization-environment context and 

served as a basis for the research. 

The BDA acceptance process had been 

influenced by five technical 

influences, which were (1) fairly 

favorable, (2) stable, (3) trialable, and 

(4) data accuracy, and (5) relative 

advantage. The BDA implementation 

process was affected by four 

organizational considerations, which 

included: (1) high-level managerial 

assistance, (2) experience in human 

resources, (3) the integration between 

enterprise and IT, and (4) 

organizational aspect. The BDA 

acceptance process has been verified 

by five environmental variables: (1) 

economic competition, (2) protection 

of records, (3) seller assistance, (4) IT, 

and (5) regulatory requirements. The 

capacity of organizations to move 

from intent to BDA to actual execution 

has been verified by two-fold factors: 

(1) tolerances of ambiguity, and (2) 

changes in perspective. 

Verma and 

Chaurasia (2019) 

To analyse the variables that impact 

organizations' adoption of big data 

analytics (adopters and non-adopters). 

Technology, organization and 

environment affect the adoption of big 

data analytics by companies. The big 

data analytics adopters have an 

important influence on their relative 

advantage, complexity, compatibility, 

top management support, technical 

readiness, organizational data 

environment and competitive 

pressure. In the meantime, perceived 

profit, sophistication and competitive 

risks affect the non-adopters of Big 

Data Analytics 

 

2.5.  Designing the Conceptual Model 

 

The main influences in this work were the Initial Trust Model (ITM) (McKnight & Chervany, 

2006), the Unified Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh et al., 

2003), as well as the Task Technology Fit (TTF) (Goodhue & Thompson, 1995) model, which 

were used in predicting the behavioral intentions towards BDA (Shahbaz et al., 2019). As for every 

emerging technology, BDA performs a significant position in longevity of innovation and 

efficiency (Rialti et al., 2019). The survey instrument and analysis model was developed to test the 

relation between the concepts of the ITM model, the TTF model, and the UTAUT. Since BDA 

facilitates the protecting of government agencies’ transaction data, IT professionals’ confidence in 

BDA technology is a crucial factor in adopting this technology. The confidence is a core topic in 

BDA, as demonstrated by Schneider et al. (2018). It can help to improve confidence in BDA by 

explaining “blackbox” models, demonstrated models’ transferability, and structural rigidity in 
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terms of data adjustments to quality or contents. The model in this study consists of the TTF model 

and the initial assurance model used by the TTF model to assess BDA system adoption in 

combination with the original trusted model to analyze the IT professionals’ attitudes in modifying 

the trusted model. 

 

The UTAUT system plays a minor role in the study paradigm because of the presumed existence 

of BDA technology. The calculation of the UTAUT platform adoption rate is not an effective 

technique. The purpose to perform is one of the acceptance variables of this equation, selected as 

the dependent variable. Of the four UTAUT principles (Venkatesh et al., 2003), only a performance 

expectation concept was used to test the hypothesis. The assumption of BDA as a measure of the 

profitability of the enterprise contributed to improved corporate success. The success appraisal 

component analyzed employee efficiency, operational performance, and customer satisfaction 

(Vitari & Raguseo, 2020). Perceptions of effort and social impact have disrupted the study because 

the respondents have no realistic experience of this application. Moreover, the TTF theory asserts 

that the system will be used by the user if the technical features meet task requirements, based on 

Goodhue and Thompson’s (1995) theory. It is also possible to adopt this technology if the user 

finds technology as useful, simple and innovative, but if it does not meet the requirements, its 

required tasks and does not improve job performance, it may not be adopted as discovered by 

Zhuang et al. (2017). The user should therefore not only have to believe that such innovation is 

efficient and helpful but also that the technology features will conform to the necessary tasks. The 

study hypotheses were classified into seven major categories in this proposed model: 
 

2.5.1. Task-Technology Fit (TTF) Model 

 

In TTF, a technology that enables a person to accomplish his or her tasks (Spies et al., 2020) is 

defined and crucially influenced by the interplay between task characteristics and technology 

functionality (D'Ambra et al., 2013). Data quality, data location, access authorisations, data 

compatibility, ease of use / training, timeless manufacturing, system reliability, user information 

system relationships are the typical dimensions taken into account when measuring fit, as defined 

by Goodhue and Thompson (1995). The task characteristics and technology characteristics decide 

TTF, which contributes to the information system being adopted and used (Goodhue & Thompson, 

1995). Several researchers have employed the TTF model. Said (2015) used TTF to examine the 

performance effect determinants of knowledge management system. Liebenberg et al. (2018) used 

the updated TTF model to analyze the variables impacting the insurance industry adoption of 

mobile commerce (Lee et al., 2007). Klopping and McKinney (2004) used a hybrid approach that 

merged TTF and technology acceptance models to test e-commerce adoption.  

 

Successful implementation of the information system fits the definition of the purpose for which 

the innovation is used and on an acceptable linkage between technology and its objective. Goodhue 

and Thompson (1995) explained TTF decomposition explores the user’s information system 

specifications, which ultimately have an effect on individual results. The TTF model reflects a 

significant positive impact for smartphones in the digital library environment of tasks and 

technologies as revealed by Vongjaturapat’s (2018) study. Technology means the integration of 

different supporting activities (i.e. computers and applications) for these tasks. Previous research 

by Bibri and Krogstie (2017) defined specific role dimensions (e.g. storage, data aggregation, 

analysis, data management and surveillance) applied to a variety of technological aspects that met 

the needs of individuals in BDA technology. Task and technologies also have a huge effect on the 
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TTF capacity to predict success of users hailing from digital textbook service study (Rai & Selnes, 

2019). If the individual demands for success were not met; creative information technology and 

program would be inopportune (Zhou et al., 2010). Recognizing the BDA program TFF is also 

essential, as it contributes to public organizations implementing the program. 

 

In recent research, TTF has analyzed the efficiency of the user’s technology and group-level 

decision-making process to assess the performance of various organizational settings of the 

information system (i.e., massive Open Online courses [MOOCs] (Heidari et al., 2018); BDA and 

the digital library (Omotayo & Haliru, 2020). Accordingly, we conclude that the successful 

implementation of BDA by public agencies depends substantially on balancing technology with 

the user role requirements, which previous researchers have not examined. In their survey, Rai and 

Selnes (2019) conceptualized TTF and even the integration of technology with a number of related 

tasks that help in achieving the development goal in an organization. 

 

2.5.2. Unified Theory of Acceptance and Use of Technology (UTAUT) 

 

Cao and Niu (2019) conducted a survey, which explained the determinant factors affecting users 

to take Alipay as one of payment platforms in China. This research includes the theory and UTAUT 

on context awareness. Context, ubiquity, social impact, performance expectation, expected effort, 

perceived risk and the Alipay user acceptance are all constructs. Efficiency and effort expectancy 

act as a mediation construct for Alipay user adoption between context and ubiquity. The context 

has a good impact on user adoption through mediation performance and effort expectations as a 

result of path analysis, while ubiquity has influence too. 

 

Yang et al. (2019) also integrated UTAUT and Connected Classroom Climate (CCC) in their 

research. The findings showed that actions, social impact and CCC substantially influence the 

Cloud classroom adoption. In their field of research, Kurt and Tingöy (2017) aimed at investigating 

to what degree students accept and use virtual or online school learning environments. The findings 

showed that behavioral intent of the performance expectancy variables is significantly affected. 

 

Ngampornchai and Adams (2016) carried out a study aimed at finding out how many Thai students 

can accept e-learning and how they respond to e-learning. The research variables were adapted 

from the UTAUT and Moore and Benbasat’s (1991) models. The findings indicated a very positive 

relationship between performance and effort expectancy. Social influence also had a positive 

relationship. This is evidenced by the students’ statements that their parents are happy to have their 

child enrolled in an online course. In addition, e-learning acceptance is also related to the school 

year. Senior students are likely to be more responsive to e-learning, even if only a few of them take 

online classes. The relevance of this study is also its use of the UTAUT model, but there is still a 

shortcoming as it included only one item to measure performance expectancy influence variables. 

 

2.5.3. Initial Trust Model (ITM) 

 

A person’s desire to meet his/her needs without having previous experience or accuracy and 

relevant information implies the meaning of initial trust (Kim & Prabhakar, 2004; Gao & Waechter, 

2017). The simple, scalable, and expected advantages, such as service quality, are linked to initial 

confidence creation (Koufaris & Hampton-Sosa, 2004). When users have little to no history in 

accepting new technologies, the initial trust plays a significant role (Shahbaz et al., 2019). 
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Consequently, these users seek insight which ensures reliable data and analysis (KPMG, 2016). 

The position of initial e-commerce trust is correlated with areas such as online shopping (Jibril et 

al., 2019) and mobile banking services (Lin et al., 2020) that have been thoroughly researched in 

this field. Mahfuz et al. (2016) employed the ITM to create a model that describes mobile banking 

adoption to customers in Bangladesh. 

 

Researchers have highlighted diverse initial trusts influence factors that could be described in two 

major categories. The first category relates to individual personality traits such as the propensity 

to trust that represents the individual’s natural inner potential. In the preceding analysis, a good 

predictor for initial trust is trust propensity (Kaabachi et al., 2019). The personal inclination directly 

affects initial trust, which is supported by Heidari et al. (2018) findings. The second category is 

structural assurance. The trust is focused on the favorable outcomes of other parties’ future actions 

(Zhou, 2013) and on their ability to be vulnerable. Trust typically consists of three convictions: 

ability, integrity and generosity (Zhou, 2013). Confidentiality has been shown to have profound 

consequences for the use by users in a range of services, including Online Health Consultation 

Services (Gong et al., 2019), online banking (Kaabachi et al., 2019), social networking (Abbas 

Naqvi et al., 2020), and public e-services (Alabdallat, 2020).  

 

As data science emerges over the past few years, trust in the field of BDA becomes more important. 

For example, Shahbaz et al. (2019) have demonstrated the positive impact of trust and strength in 

the information system on BDA conduct intentions. The trust in technology, reviewed by Wayne 

(2018), has a positive effect on intended use of BDA while Debussche et al. (2019) stressed “the 

important aspect of” confidence “in the context of BD is confidence because stakeholders believe 

in honesty in the process of gathering, treating and analyzing BD.” It is from an analytical point of 

view of Woolley (2019) that analyses complied with ethical standards, met with the information 

requirements, and maintained public trust in the mechanism of decision taking. 

 

2.6. Conceptual Model of the Research 

 

The principal influences for the study have been the initial trust model (McKnight & Chervany, 

2006), the TTF model (Goodhue & Thompson, 1995) and the standard principle of technology 

acceptance and usage (UTAUT), used for forecasting technology adoption (Uddin et al., 2020). 

The conceptual model for this study was chosen from Oliveira et al. (2014) analysis, which used 

the composite theoretical paradigm of the initial confidence paradigm, the TTF model, and a 

coherent theory of UTAUT to forecast acceptability of mobile banking among final consumers 

(Oliveira et al., 2014). 

 

As with other new technologies, BDA and intelligent contracts are viewed as useful tools to 

government agencies (Mithas et al., 2012). The survey methodology and analysis model have been 

developed to determine the relationships between the principles of the confidence model, the task-

application model and the coherent system acceptability and usage principle (UTAUT). Since BDA 

is responsible for protecting transaction details and the intelligent contract is used for the execution 

of public services transactions, the user’s confidence in the BDA technology is a key element in 

the acceptance of such technologies in government agencies (MAMPU, 2016). Given that BDA 

affects the security paradigm of the users, this transition involves a shift in the mindset of users, as 

public agencies were historically responsible for building trust; now the trust is cryptographic due 

to the existence of BDA and the elimination of intermediaries (OECD, 2018). Of the same cause, 
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the model of the study consists of a task-technology match model, and an original confidential 

model under which the TTF model and ITM were used to measure the effectiveness of BDA 

technology as a financial method to analyze consumer behaviour towards modifying the 

confidential trend. 

 

The UTAUT architecture plays a minor role in the research paradigm since BDA technology is 

viewed. Among the four UTAUT principles (Venkatesh et al., 2003) the theory was checked only 

through a principle of performance expectation. Prior work showed that anticipation of results and 

its performance outcomes are the determining factors of behavioral intent. For BDA, this could 

lead people to believe for employees to use conventional working practices when they trust that 

BDA technologies and applications will not help them operate better or perform more efficiently. 

Expectations of commitment and social impact have disrupted the study because the respondents 

have no realistic experience of this application. It has also been observed that promoting 

circumstances directly influences the adoption of this definition (Venkatesh et al., 2003). The study 

dimension of the model was therefore not used. 

 

Hypothesis 1 

Structural assurance provides assurance that the BDA could be carried out in a protected and secure 

way that protects users from data loss or exposure to privacy by maintaining protective and 

technological structures (Abouelmehdi et al., 2018). Trust is related to structural assurance as found 

from McCole’s et al. (2019) study in a pure e-service context (online betting). Higher levels of 

systemic assurance will help BDA users conquer fear of revealing sensitive data broadly and raise 

their level of confidence in such data. The summaries of the International Telecommunication 

Union (ITU) (2018) reports on “BD, machine learning, consumer protection and privacy”, that the 

large quantity of data held and transmitted by BD players creates risks of violation of data security, 

and thus of privacy and trust for consumers. Rights to privacy can be protected in different ways 

by using technologies to enhance privacy (PETs).  

 

H1: Structural assurances in the BDA have a positive effect on the initial trust. 

 

Hypothesis 2 

Through previous interpersonal trust study, the tendency to trust has indicated faith and trust 

through actions. Alarcon et al. (2016) had used a revamped version of the dilemma duties of the 

inmate to discuss the relationship of loyalty and trust both in common and new ways. The 

confidence tendency was calculated using a revised Mayer and Davis (1999) confidence scale and 

perceived trustworthiness Fiduciary scale edition. Heidari et al. (2018) found the personal 

propensity to trust directly affects the initial trust among innovators familiar with the blockchain 

technology accounting for 222 subjects. Researchers have highlighted diverse initial trusts 

influence factors that could be described in two major categories. The first category relates to 

individual personality traits such as the propensity to trust that represents the individual’s natural 

inner potential. In the preceding analysis, a good predictor for initial trust is trust propensity 

(Kaabachi et al., 2019). The personal inclination directly affects initial trust, which is supported by 

Heidari et al. (2018) findings. The second category is structural assurance. 

 

H2: The personal propensity to trust in the BDA technology has a positive effect  

on the initial trust. 
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Hypothesis 3 

The level of trust begins at zero before an individual undertakes interactions and relationships 

(Lewicki & Bunker, 1996). Falahat et al. (2019) argued that individuals are in trust to decide if 

online exploration or transaction is necessary. Initial trust is the initial step when there is a lack of 

immediate information, credibility and knowledge of BDA (Sbaffi & Rowley, 2017; Falahat et al., 

2019). Initial trust is the introductory stage. Sbaffi and Rowley (2017) also proposed an initial trust 

model that individuals will use to decide whether to explore or deal online especially with BD. 

Initial trust and perceived utility as values, according to the principle of reasoned action (TRA), 

can influence behavioral motives (Yu & Lee, 2019). Initial trust may also help to mitigate 

perceived vulnerability and danger and encourage deliberate use. It was observed that perceived 

utility was a major factor impacting initial usage and persistent usage (Venkatesh & Davis, 2000). 

Many studies had documented the influence of initial trust in behavioral motives and their 

presumed utility (Okello & Gilson, 2015; Talwar et al., 2020).  Possible IT professionals find better 

decisions on analytics or technology that could dictate whether or not they may use BDA in the 

near term. Initial trust is willingness to rely on things, which makes individuals believe the risks 

and uncertainties of trading (Smithson, 2018). In order to resolve risk perceptions of IT 

professionals and persuade IT professionals to negotiate with them, government agencies therefore 

should have appropriate trust in this first level, which is notably crucial for the performance of 

BDA. 

 

H3: Initial trust has a positive impact on the user’s intention in accepting the  

BDA technology in government agencies. 

 

Hypothesis 4 

Technologies are characterized as “devices that people use to accomplish their tasks.” “Software 

applies to computing programs in the sense of Information System (hardware, Technology, 

software and support services to users (trainings, help lines, etc.)) is provided to enable users to 

carry out their tasks” (Goodhue & Thompson, 1995, p. 216). The TTF model recognizes the 

importance of adjusting to the specifications imposed by individual needs the capabilities and 

qualities of technology (Vongjaturapat, 2018) and consistently Schindler et al. (2017) critical 

review of the literature when they found the characteristics of technology (accessibility, response 

time) can influence technology use and user preferences. Goodhue and Thompson (1995) proposed 

that user reviews would not be arbitrary, but rather represent the realistic characteristics of the 

relevant system and facilities. Goodhue and Thompson’s (1995) interpretation of task-technology 

disregarded the interdependence of tasks.  

 

This study has therefore customized the TTF to analyze Compatibility between the roles of IT 

practitioners and BDA, as the model would be used to assess the use of BDA as clarified from a 

task perspective. It is expected that in the situation that they perform their tasks with minimum 

costs, optimum productivity and performance, the IT practitioners are more favorable to use BDA 

(Mikalef et al., 2019). The adoption model for Task-Technology Fit (TTF) indicates that the 

customer should approve a new system when it is effective enough to perform routine tasks 

(O'Connor et al., 2020). Acceptance of the current information structure thus depends entirely on 

the everyday routine activities of the staff in the organization. The task features and technology 

features decide the task-technological fit, which contributes to the information system being 

adopted and used (Goodhue & Thompson, 1995). TTF model was employed by several researchers. 

Wang and Lin (2019) found TTF is significantly influenced by BDA's technology features in 
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mobile cloud healthcare. Likewise, as evidenced by Shahbaz et al. (2019) technology features have 

major effects on TTF 's ability to provide BDA in healthcare.  

 

H4: The technological features of the BDA have a positive effect on the task-technology fit. 

 

Hypothesis 5 

TTF into the degree of technology defined by Goodhue and Thompson (1995). Whether or not 

BDA technology will help users to carry out their job, the task-to-tech fitness needs to be observed 

at the time of application (Laugesen & Hassanein 2017; Wu & Chen 2017; Tam & Oliveira, 2016). 

The TTF into this study: how users utilize the BDA features to carry out government service tasks. 

BDA-related task features are generated on a very large scale and many multinationals process and 

analyze them so that insights can be found, and organizations can be improved (Lehrer et al., 2018). 

The task features have a positive impact on the TTF from different studies as confirmed by (eg. in 

BDA setting (Wang & Lin, 2019; Shahbaz et al. 2019); smartphones setting (Vongjaturapat, 2018; 

Bere, 2018); cloud computing setting (Khidzir et al., 2017; Yoo & Kim, 2019) blockchain setting 

(Heidari et al., 2018). An important task feature of BDA is advanced analytics with complex 

applications, such as predictive modelling, statistical algorithms and high-performance analysis 

systems. This study presents the following hypothesis: 

 

H5: The task features of BDA have a positive impact on the task-technology fit. 

 

Hypothesis 6 

The efficient use of an IT system depends on the role to be performed and whether the job and the 

systems are sufficient. As explained in Goodhue and Thompson (1995), TTF decomposition 

examines the information system requirements of the user, which ultimately affects each 

individual’s performance. The integration of a range of support activities to fulfil these tasks is the 

technology (i.e. computers, applications, etc.). Latif et al. (2018) finding contribute to a variety of 

technological criteria that meet the individual’s needs (e.g. non-routines, coexistence, data access, 

and quantitative data analytics). Task and technology have a huge effect on TTF capability to 

predict users’ performance from various perspectives (Rai & Selnes, 2019). Innovative software 

and system technology would be unsuccessful if the performance criteria for a given task were not 

met (Shahbaz et al., 2019). Moreover, Shahbaz et al. (2019) discovered that the TTF corresponds 

significantly to improving the behavioral intentions of the BDA system in the healthcare industry. 

Interestingly, TTF proves to be significantly associated to the adoption of cloud computing in 

Khidzir et al. (2017) research. It is also essential to achieve the BDA program task-technology 

match because it helps government agencies implement the appropriate program and strategy. 

 

H6: The task-technology fit has a positive effect on users’ behavioral intent in  

adopting BDA in government agencies. 

 

Hypothesis 7 

Performance expectancy sheds light on understanding the importance of the emerging technologies 

and is one of the most prominent behavioral intentions. The estimation of results in the unified 

acceptance and use of technology theory (UTAUT) tests a person’s confidence that the system is 

useful and advantageous to the user (Venkatesh et al., 2003). Oliveira et al. (2014) considered the 

predicted performance in the UTAUT as the expected performance in the technology adoption 

model and consideration it as a critical part of the proposal to the technology acceptor (Oliveira et 
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al., 2014). The statistically direct relationship in the context of performance expectancy and 

behaviour BDA intention is confirmed by several studies (Cabrera-Sánchez & Villarejo-Ramos, 

2019; Chao, 2019; Queiroz & Farias, 2019). 

 

H7: The performance expectancy will positively affect the user’s behavioral intent  

in accepting the BDA in government agencies. 

 

Figure 1 shows the framework of the research based on the above discussion.  

 

 

Figure 1: Research Framework 

 
 

 

3. METHODOLOGY  

 

3.1. Data Collection and Analysis  

 

A questionnaire was conceived and divided into two parts. In the first section, the eight constructs 

presented in the research model were measured and adopted by using 33 items (see Table 2).  The 

eight mechanisms have been classified as (1) Behavioral Intent, (2) Initial Trust, (3) Performance 

Expectation, (4) Personal Propensity, (5) Structural Assurance, (6) Task Features, (7) Technology 

Fit, and (8) Technological Features. Various items were measured against each construct. A 5-

point Likert scale for the answers was implemented to quantify the constructs. The Likert scale 

comprised of 5 answers from “strongly disagree” (1) to “strongly agree” (5). Part two of the 

questionnaire included the respondents’ demographic information. It gathers fundamental 
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information on the characteristics of the respondent such as age, gender and work experiences 

(year). 

 

We piloted the questionnaire to improve its quality before the actual survey. This pilot study aimed 

primarily to validate empirically the reliability of the instrument by checking that all observed 

variables are accurate and reliable (Hair et al., 2010). Reliability was tested for every construct 

based on the alpha of Cronbach for which the threshold was 0.7 (Hair et al., 2010). 35 IT 

professionals responded in the pilot study. The reliability ranged from 0.731 for PR to 0.901 for 

fulfilment, based on the Cronbach Alpha score. The authors found that the alpha values from 

Cronbach reached 0.7 for all variables. The questionnaire was reviewed to be accurate and 

functional after the correct reliability was verified for all measured constructs. 

 

Using a cross sectional survey, empirical data were collected. Two hundred IT professionals from 

Information Management departments government agencies were selected randomly. Having the 

experience, having heard, and the practice of ICT for daily tasks as well as BDA were acceptable 

for all IT professionals involved. All respondents had been notified of the research and all of them 

are volunteers and had been assured that their answers are kept confidential, that their 

confidentiality is maintained and that their responses are used only for the purpose of the study. 

The participants completed the questionnaire in 15-20 minutes. Given the information of the BDA 

respondents, a total of 200 questionnaires form were obtained and screened. Fourteen insufficient 

answers were subsequently discarded leaving 186 valid structured data review questionnaires 

 

3.2. Data Analysis 

 

The Partial Least Square Modeling of Structural Equations is one of the best software for verifying 

structured data on structural equations modeling (SEM). In the earliest phases of theory 

construction, when the theoretical model and its measurement were not yet completed, the PLS 

retrieval is particularly effective in data analyses (Hair et al., 2006). The PLS model examines 

besides identifies (1) the measurement model and (2) the conceptual design for its reliability and 

validity. In this study, the PLS regression was used to analyse and confirm the envisaged model 

and the relationship between hypothesized structures. The 186 samples were 128, that is 68.8%  

were males and 31.2% were females. There were 70 respondents in the first 21-29-years range, i.e., 

37.6% per cent of the sample and the second 30-39-years group had 60 respondents, i.e. 32.3% of 

the sample. Respondents from the 40-49-years group constituted 53 or 28.5% of the sample and 3 

or 1.6% of the sample are 50 years old and older. 

 

 

Table 2: Research Constructs 

Variables Number of Items Reference 

Behavioral 

Intention 

1. The intention to manage organisation activities using the 

BDA-based platforms 

2. Interested in knowing more about the BDA-based 

platforms 

3. Making changes to organisation decisions using the 

BDA-based platforms 

4. The review of organisation decisions and benefits using 

the potentials in the BDA-based platforms 

5. I intend to use BDA in the future 

Queiroz and 

Wamba (2019) 

and adjusted to 

the context. 
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Initial Trust 

1. I believe that BDA is trustworthy 

2. I have trust in BDA 

3. I do not doubt the honesty of big data 

4. I feel assured that legal and technological structures 

adequately protect me from problems on BDA. 

Heidari et al. 

(2018) and 

adjusted to the 

context 

Performance 

Expectation 

1. I find BDA useful in my daily taks 

2. Using BDA increases my chances of completing tasks 

that are important to me 

3. Optimizing organisational operations 

4. Achievement of organisational benefits 

Alalwan et al. 

(2017). 

Personal Propensity 

1. The tendency to use the capabilities of BDA 

technology 

2. The tendency to use data analytic 

3. I would definitely consider taking the BDA for decision 

making 

4. My tendency to trust BDA is high. 

Heidari et al. 

(2018) and 

adjusted to the 

context 

Structural 

Assurances 

1. Having the backing of legal statutes and processes 

makes me feel secure in using analytics products 

2. Product guarantees make it feel all right to use analytics 

software. 

3. I feel okay using analytics products because vendor 

protections back them. 

4. Favorable-to-consumer legal structures help me 

feel safe working with analytics products 

Heidari et al. 

(2018) and 

adjusted to the 

context 

Task Features 

1. BDA is used to discover hidden patterns for my 

service 

2. BDA can provide insights into data analysis and 

decision-making platform.  

3. BDA processing features involve the collection and 

organization of raw data to produce meaning. 

4. BDA tools offer a variety of analytics packages and 

modules to give my options.  

Adapted from 

Adair (2019) and 

adjusted to the 

context 

Task-Technology 

Fit 

1. BDA is appropriate for, and tailored to, faster, better 

decision making in my organisastion 

2. BDA is suitable for, and tailored to, cost reduction in 

my organisation 

3. BDA is fit for, and tailored to, new products and 

services in my organisation 

4. BDA is appropriate for, and tailored to, more efficient 

operations in my organisation 

Bere (2018) and 

adjusted to the 

context 

Technological 

Features 

1. Our organization is well computerized with LAN and 

WAN 

2. Providing real-time (instant) services 

3. Providing secure service 

4. Our existing systems are flexible 

Heidari et al. 

(2018) and 

adjusted to the 

context 

Demographic 

1. Working experience 

2. Gender 

3. Age 

 

   

The following clusters of working experience were considered. In the group of government 

departments, 62 respondents or 33.3% had 6 - 10 years of experience. There were 38 participants 
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with 6-10 years' experience in the class period. It resulted in a total of 38, i.e. 20.4%, followed by 

36 respondents, each with 1 to 5 years of working experience. 7.5% or 14 of those who replied had 

21 to 25 years of working experience, while 6.5% (n=12) had been working for 26 to 30 years. 

Finally, 1.1% or 2 respondents were those with more than 30 years of work experience. 

 

3.2.1. Measurement Model Analysis 

 

3.2.1.1. Reliability  

 

Two values can be used to access the model's reliability; the alpha coefficient of Cronbach over 

0.6 in the interitem accuracy evaluation and composite reliability where the value ranged from 0.7 

or higher is considered appropriate (Fornell & Larcker, 1981). In this analysis, as shown in Table 

3, the composite reliability of the model calculation values ranged from 0.698-0.930 for the Alpha 

value of Cronbach and from 0.816-0.966 for composite reliability, as shown in Table 3. The values 

indicate that it is sufficient to regularly calculate the tools. The model's effects are seen in Figure 

2. 

 

3.2.1.2. Validity 

 

The ultimate focus of the validity test is to assess fitness and to split it into measures of convergent 

validity and discriminant validity. Convergent validity can be measured by looking at the outcomes 

of the factor loading, composite reliability and even the average variance extracted (AVE) 

calculation model (Hair et al., 2014). Table 3 indicates that, as Hair et al. (2014) reported, the factor 

loading of each item (0.70-0.90) in the build surpassed the supported value of 0.5 (Hair et al., 

(2014). Table 3 also demonstrates the validity of the model by displaying the composite reliability 

value of the model above 0.90, which exceeds the suggested value of 0.7 (Hair et al., 2010). The 

average extracted variance (AVE) values of the model also surpass the predicted value of 0.5 (Hair 

et al., 2014) with a range of 0.751-0.889, which represents the total amount of variance in the latent 

build products. Thus, the result is appropriate for this paradigm for convergent validity.  

 

It is determined by examining the point that the confident interval value of the HTMT statistic 

should not contain the value of 1 for an overall construct mixture and also by calculating the HTMT 

value below 0.90 (Hair et al., 2014) as seen in Table 3. It indicates that the HTMT value of the 

entire construct is less than 0.10, suggesting marginal discriminant validity for the model. It can 

be inferred on the basis of the above discussion that all eight variables determining intention to 

adopt DBA constructs are valid for evaluating individual constructs based on their factor estimates 

and statistical evidence. Overall, the discriminatory validity of this assessment model may be 

recognized and confirms the discriminatory validity of the constructs. 
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Table 3: Construct Reliability, Validity and Loadings Result 

 Item Convergent Validity Internal Consistency 

Reliability 

Discriminant Validity 

Variables Number 

of Items 

Item 

loading 

Average 

Variance 

Extracted 

(AVE) 

Alpha 

value 

α 

Composite 

Reliability  

(CR) 

HTMT VIF 

    > 0.70   > 0.70   > 0.80   > 0.90 

Confidence 

Interval 
Does Not 

Include 1 

  < 5.00 

Behavioral 
Intention 

5 0.851-0.938 0.821 0.945 0.958 
Yes  

Initial Trust 4 0.882-0.976 0.889 0.958 0.970 Yes 1.132 

Performance 

Expectation 
4 0.763-0.925 0.751 0.889 0.923 

Yes 1.252 

Personal 

Propensity 
4 0.726-0.972 0.837 0.933 0.953 

Yes 1.078 

Structural 

Assurances 
4 0.910-0.955 0.876 0.953 0.966 

Yes 1.078 

Task Features 4 0.850-0.889 0.762 0.900 0.928 Yes 1.236 
Task-

Technology 

Fit 

4 0.803-0.938 0.783 0.908 0.935 

Yes 1.223 

Technological 

Features 
4 0.891-0.957 0.859 0.945 0.961 

Yes 1.236 

Table adapted from Hair et al. (2014) 

*AVE: Average Variance Extracted; HTMT: Heterotrait-Monotrait Ratio; VIF: Collinearity Statistic 

 

 

Figure 2: Research Model (Path Coefficients and P-Values) 
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3.2.2. Statistical Analysis and Hypotheses Testing 

 

Path (β) and T-statistics were checked for relations between dependent and independent variables 

in this study. With PLS regression, we have found that six assumptions are significant in estimating 

the path relationships of each research pair between all seven paths. The bootstrapping was done 

to check the value of path coefficients in the internal model (number of iterations: 499). Figure 2 

displays each relationship’s route coefficient with the corresponding p-value. Greater t-values that 

1.96 at 0.05 point is significant. Regarding UTAUT models, performance expectation (PE) was 

significantly positive for the BDA implementation of behavioral intent (BI) (β = 0.325, p < 0.05). 

Hypotheses 7 has therefore been supported. Findings on initial trust (IT) were also significantly 

positive for personal prosperity to trust (PPT) (β = 0.341, p < 0.05)  and structural assurances (SA) 

(β = 0.191 p < 0.05) of the IT Model, thereby supporting hypotheses 1 and 2. TTF Model variables, 

technological feature (TF) (β = 0.419, p < 0.05)  and task feature (Tf) (β = 0.251, p < 0.05), both 

of which were important antecedents for the task-fit technology (TTF), were supported. Last but 

not least, TTF was a significant BDA BI determinant (β = 0.291, p < 0.05), supporting Hypothesis 

6. However BI BDA was not affected by IT in government agencies as (β = 0.065, p = 0.263), 

hence Hypotheses 3 was rejected. All analyses are as illustrated in Table 4 and Figure 2.   

 

 

Table 4: Significant Specific Indirect Effects 

  

Original 

Sample 

(O) 

Sample 

Mean 

(M) 

Standard 

Deviation 

(STDEV) 

T Statistics 

(|O/STDEV|) 

P 

Values 

Initial Trust -> Behavioral Intention 0.065 0.072 0.058 1.120 0.263 

Performance Expectation -> 

Behavioral Intention 
0.325 0.326 0.078 4.138 0.000 

Personal Propensity -> Initial Trust 0.341 0.345 0.054 6.349 0.000 

Structural Assurances -> Initial Trust 0.191 0.194 0.071 2.687 0.007 

Task Features -> Task-Technology Fit 0.251 0.254 0.060 4.203 0.000 

Task-Technology Fit -> Behavioral 

Intention 
0.291 0.288 0.071 4.077 0.000 

Technological Features -> Task-

Technology Fit 
0.419 0.419 0.065 6.414 0.000 

 

 

4. RESULTS AND DISCUSSION 

 

The findings of the study showed two key determinant factors of behavioural intention to use BDA 

in Malaysian government agencies. The assumption that the technology is going to yield decent 

results raises the performance expectancy, as seen in past studies (Cabrera-Sánchez & Villarejo-Ramos, 

2019; Brunink, 2016; Chao, 2019; Queiroz, & Farias, 2019) who found that expected results have 

significant positive effects on the intention to adopt BDA. This indicates perception of, as has been 

shown in previous studies, the implementation of BDA (better decision making, competitiveness, 

improve services, strategic planning, new innovation in services etc.) will achieve good results 

increases adoption (Lee & Song, 2013; Yu, 2012). The respondents of the study expect BD to assist 

in advancing public demands for government services. They develop predictive models for 
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innovative products and services by segmenting key features in service or product from the old and 

new testaments and by shaping the correlation between these characteristics and their business 

performance. 

 

As shown by previous studies, technology task fit (TTF) has important consequences for the 

decision to use BDA (Bozan et al., 2016). The current study also analyzed TTF, with positive 

results on BDA adoption behavioral plans, showing that system characteristics should be compliant 

with the specific task of the user to effectively take up a BDA program. Furthermore, the findings 

which support previous studies (e.g. Shahbaz et al., 2019; Wang & Lin, 2019; Khidzir et al., 2017; 

Zaini et al., 2020) proved that the task and technical characteristics will affect the fit of task 

technology, which decides the users’ intention to implement BDA. The IT professionals in 

Malaysian government agencies intend to plan BDA because they anticipate that BDA technology 

fit is capable of integrating statistics, spatial analysis, semantics, digital learning and visualisation. 

Similarly, in order to make correlations and concrete observations, technology fit is required to 

evaluate models, compare various government data types and sources. Thus, it supports the study 

carried out by Feng et al. (2019) and Queiroz & Farias (2019). 

 

In view of these aims, this study highlighted effective outcomes and meaning for the practical 

implementation of the BDA frameworks and empirical directions (for future studies). This research 

focused on trust, because it was found to be of great concern to system users. However, trust does 

not affect the behavioral intention of implementing BD in government agencies, therefore it 

contradicts and is not consistent with previous studies (eg. Shahbaz et al. 2019; Queiroz & Telles, 

2018; Alalwan et al., 2017). It could be clarified that this discrepancy is due to the difficulty of the 

government agencies in Malaysia and its departments to protect the data privacy of the public.  

Hence, the agencies concerned must identify specific boundaries for the use of personal 

information. Moreover, when government agencies collect or manage public data, it is very 

challenging to comply with the legislation and other laws, which leads to doubt in the trust of BD. 

As MAMPU (2016) and OECD (2017) clearly mentioned, trusting data generation systems of 

public entities like Twitter and Facebook is difficult, as they have many machine-run undead 

accounts. Trust can be based on policy or integrity that can be accomplished by gathering, planning, 

processing, storing and communicating data. Furthermore, the findings for initial trust are 

important because it can be a potential barrier in the execution of BDA is underlined in the current 

study. The trust variable will act as a base for further studies and to gain deeper understanding of 

BDA study deployment. 

 

Also, perhaps, the notion of ‘trust’ in BDA in government agencies in Malaysia is beyond data 

accuracy and security. Since trust is something intangible, it is difficult for IT professionals to 

focus on trust and believe that it will become a less relevant factor in value proposition of data and 

analytics. Thus, it is something unmanageable that will make them move forward with less 

confidence, affects their decision making and their customer relationships. This finding shows that 

more focus on the determinants of initial trust in big data and other technology implementation in 

government agencies is necessary. 

 

The research has also shown a detrimental effect of technological features and task features on the 

technology task fit in government agencies. We can therefore say that the findings correspond to 

all hypotheses of Klopping and McKinney (2004) who used a hybrid approach that merged TTF 

and TA models to test e-commerce adoption (Klopping & McKinney, 2004). The use of mobile 
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banking was studied by Zhou et al. (2010) utilizing an adaptive TTF paradigm and the common 

philosophy of application adoption and usage (Zhou et al., 2010). The characteristics of BDA are 

advanced analytics that include complicated functions with features such as estimation methods, 

data mining and, if any, high-power analytics systems. Thus, this feature can directly support TTF 

in government agencies as the Malaysian government is serious about investing in technology 

facilities. 

 

To secure the infrastructure and the way it provides services, a personal trend to trust BD providers 

and products is necessary. The key objective is to ensure the confidentiality, completeness, and 

quality of BD protection. BD collected in the cloud from a number of sources including the IoT 

(Internet of Things) has a number of personal views on physical and logical security. Cloud storage 

should be protected because the user information risks insider attacks, cyber fraud and unsafe 

access. Personal confidence can therefore affect confidence in BDA management. 

 

Structural assurances are collected and processed in the increased volume of data produced, which 

must be relying on the source and methods to collect them over the entire life cycle. Trust 

considerations about collection, organisation, access and analysis of data are also expressed 

(MAMPU, 2016). BD needs to examine the structure of authenticity and credibility when 

considering a professional IT’s perspective of the trust in large data, whether to store, socialize, 

buy, sell or transact information, as it can be gathered from profitable commercial organizations, 

which are business-oriented platforms, and to check the validity of and legitimacy of the data 

gathered. Personal inclination of BDA can affect confidence, reputation and communication of 

data through collection, supply, data calculation and storage. 

 

4.1. Contribution of the Study 

 

The findings of the study have many consequences for the current body of knowledge in the fields 

of study of government services and technology. This work examined the factors influencing the 

propensity of government agencies to use the BDA by using TTF, UTAUT, and initial ITM. Based 

on the findings, it can be understood that BDA is starting to be utilized by the respondents, and 

this trend is favorable. The personal willingness to trust is therefore successful. Moreover, BDA 

provides safe access to data and reduces operating risks and minimizes decision errors in managing 

organisation. Individuals are also not at risk in their decision making, planning and predicting.  

 

The framework provides useful insights into the broad range of variables affecting big data 

acceptance for academics and IT practitioners. While certain factors have previously been 

evaluated in other technological breakthrough models in our model, in the sense of big data 

acceptance, this research poses novel factors. An example is data services that in other IT adoption 

studies have not been listed. In this analysis, though, it is an important consideration because of 

the unique characteristics of big data. Similarly, big data protection and security problems make 

policies and regulations another significant consideration in. 

 

In most previous research, the advantages, consequences and opportunities for BDA were only 

highlighted because BDA is at the early adoption and a relatively new subject. Several scholars 

studied BDA and the latest studies focused on a certain viewpoint or simply highlighted TAM, 

UTAUT, TFF, and ITM theory separately. This is the first BDA study to propose a model 

combining UTAUT, TTF and ITM theories as a predictor probably of compartmental intentions to 
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use BDA. Therefore, convergence and application of all these BDA adoption ideas add new 

insights to the existing literature. The model of this study is helpful and promotes a theory for 

further BDA research. By utilizing the model, existing public agencies can know their own BDA 

capability, centred around activities with specifically tailored outcomes, organization dynamics, 

resources, skills and potential services. Government agencies can identify, within their own 

organizations, the most common inhibitors to constructing and implementing an effective BDA 

and plan to mitigate these accordingly. 

 

The study has also made various practical contributions. The findings suggest significant 

recommendations and consequences for BDA systems practitioners and application developers, 

which could coincide with the successful implementation of BDA systems. Connecting BDA 

system functions and technology features to the necessary tasks is critical. It is the same for system 

performance expectancy. Such strategy will yield more effective outcomes for practitioners when 

implementing BDA systems. This research gives practitioners an initial way to incorporate and 

endorse BDA activities in their organizations in order to optimize the benefits of revolutionary 

technology, in particular in public agencies. Top management or business managers in government 

departments are expected to have reasonable expectations of the efficiency of big data along with 

its incorporation problems for successful implementation of BDA solutions. Managers who 

oversee BDA adoption programs are expected to assemble a team of experts whose expertise span 

conventional platforms and ecosystems for analytics. 

 

4.2.  Limitations and Future Research 

 

This research inherits many restrictions that cannot be met because of many resource constraints. 

This research focuses on factors influencing IT professionals’ tendency to use BDA within 

government agencies using the Initial Trust Model, Unified Theory of Acceptance and Use of 

Technology (UTAUT), and the Task Technology Fit model. It was found that IT professionals are 

still aware that there is a tendency to use BDA technology in their day-to-day tasks such as decision 

making, planning, identifying problems and needs of the community, and this tendency is well 

established. Therefore, the tendency to believe is in the early belief category. Avenues for potential 

investigation have been established by the philosophical structure and quantitative design of this 

study. In the study concerning the adoption of technologies, as individual human influences 

become more evident, having proven models and structures to be implemented in various 

environments enables researchers to draw on this and related studies more effectively. in other 

areas including personality characteristics and adoption of technologies can also offer ample 

avenues of legitimate research. Related studies using this approach to evaluate and verify the effect 

of trust, technology fits and benefit expectation on the implementation of emerging technologies 

should also be considered. 

 

This research also focuses on investigating the intention of the user to embrace BDA, which 

completely neglects the implementation of the system. Future researchers could therefore identify 

the intentions of the developers/architects in developing and implementing BDA systems. Finally, 

the research is focused on cross-sectional settings that reduce the calculation of the accuracy of 

respondent actions and the study needs to be conducted in a longitudinal setup to eliminate this 

discrepancy and to greatly add to the information. 
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5. CONCLUSION 

 

While big data adoption can offer many government advantages, organizations can consider and 

address the complexities of big data adoption before it can bring value to their programs. The 

method of implementation of big data consists of several interrelated variables that may influence 

the activities of agencies. The optimal use of big data within organisations can be facilitated by 

knowing these variables explicitly. Therefore, the production and application of big data requires 

a systematic structure. 

 

The need to control government data and activities in real time also makes the task features fit into 

the task technology. With BDA, policy programs can be enforced and funded. Therefore, task-

technology adaptation is effective for the behavior of the users. Finally, the limited number of 

skilled IT practitioners with required BDA and IT skills has brought about the attractiveness of 

BDA to facilitate analysis by reducing workforce costs and automating the processes. Despite the 

time and skills of BD using analytics, success expectations have had a positive influence on the 

conduct of users.  

 

Additionally, in this study BDA provides the ability to process information securely and reduce 

operational risks and labor shortages. Individuals do not risk making decisions and the work 

processes become more efficient and structured. Therefore, IT professionals may recognize that 

structural assurance affects their initial trust. Computer processing power is required to understand 

and view patterns in the data to assist in decision making and problem solving. The process and 

data analysis performed on this network is safe and reliable. Based on the findings, this new trust 

model should be tested to measure the significant impact on the intentions of the respondents. 
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