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Abstract: Big data is quickly becoming a new area where administrative work can be improved.
Even so, it is still in the early stages of being used in hospitals in countries with less technology.
Therefore, there is an inadequate grasp of the evaluation of big data adoption preparedness in the
healthcare sector as data-point-determined insights become crucially useful in healthcare institutions
in underdeveloped nations. This process, called “digital transformation,” has a lot of benefits; for
example, it helps healthcare organizations to create more efficient processes, offer different services,
give better care, make more money, and cut costs. This paper aims to suggest and assess a conceptual
framework that focuses on technological factors and can assist in determining the readiness of
healthcare institutions in developing nations to utilize big data. Although the study can offer valuable
perspectives on the advantages that can arise from adopting big data in the healthcare sector, it is
important to highlight that leveraging big data analytics in healthcare has the potential to enhance
the efficiency and effectiveness of healthcare services. This, in turn, can indirectly contribute to
sustainability objectives by optimizing the allocation of resources, minimizing waste, and improving
patient outcomes. A total of 328 healthcare workers from Malaysia were subjected to experimental
testing of the model. The collected data were evaluated using the Smart PLS 3 program and the
structural equation model (SEM). The study’s findings supported our hypotheses. The results showed
that technological factors affected the participants’ perception of their readiness for big data, which
ultimately influenced their interest in utilizing it. By concentrating on big data preparedness in the
healthcare industry and ambition to utilize big data, this research provides an important theoretical
contribution. Employees who are “big data ready” would benefit from the study’s results, as, through
their recognition, said employees are more likely to increase the desire to use big data in Malaysia’s
healthcare sectors.

Keywords: technology factors; big date adoption (BDA); technology readiness; healthcare; public
health; psychological wellbeing

1. Introduction

Organizational reinvention using digital technologies to enhance performance and ac-
complish organizational objectives is known as “digital transformation.” Given the urgency
of the global transition to digital healthcare, healthcare transformation is seen as essential.
The benefits and drawbacks of digitization and transformation for contemporary healthcare
companies are many. There have been several in-depth considerations and analyses of
healthcare digitalization, such as the study conducted by [1]. To construct and enhance
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the future of care delivery and establish a patient-centered, evidence-based framework
where value is rewarded over volume, a wide variety of stakeholders have developed a
unified vision for healthcare reform. The fundamental technological advancements that are
driving this shift are freshly created and advancing quickly [2]. Smartphones, sensor-based
technologies, digital health apps, and big data (BD) are all part of this digital transformation.
The healthcare sector is expanding at a faster rate, which is why there are more sources of
healthcare data. Processing more data at once makes it challenging to prevent data loss.
Big data may be used to address data processing problems and do additional analytics on
data, which can be utilized for many different things. Additionally, it enables us to obtain
pertinent data from the data warehouse and utilize it to properly prescribe medication and
provide timely care [3].

The phrase “big data,” which is used to characterize this enormous collection of
information, has been rising dramatically in recent years, which creates both unparalleled
potentials for insight and development and unprecedented obstacles. As a result, it is
thought that artificial intelligence (AI), which is defined as a field of computer science
that focuses on the production of intelligent robots that function and respond like people,
is presents the best course of action by which to address some of the BD difficulties in
healthcare. Initial applications of AI in healthcare have traditionally concentrated on certain
diseases or small groups of patients, but since the industry leans more and more upon
it to analyze and utilize data from vast patient populations, its potential future uses are
limitless [4].

According to [5,6], the term “BD technologies” refers to datasets that are too big for
conventional data-processing tools to handle and need to be processed by new technologies.
In line with this basic description, the term BD can be further defined as a collection of data
that goes above and beyond the capabilities of standard database management software
used in the healthcare industry. There is an urgent need for more current and powerful
software that can process, analyze, and handle the enormous quantity of information and
data that has been gathered and saved because this traditional software is unable to do so.

According to Petersen [7], digital technology has the potential to alter industries,
including the economy, healthcare, and medicine. Emerging technologies can securely
store medical records and keep a copy of the original. Most healthcare providers, including
physicians, hospitals, laboratories, and insurers, might request authorization to access
patient records using developing technology. Patients who have access to their data
have greater power, and doctors may treat patients more effectively because of more
reliable and readily available data. These data include proof of the acts or transactions of
the organization.

2. Related Work

With the effect of BD on policies related to corporate governance and strategic man-
agement on the one side, the separation of administrative roles is another field of focus.
Management necessitates sophisticated and cognitive abilities [8]; hence, on the subject of
the first factor, the challenges raised by BD usage necessitate more research aimed at defin-
ing the cognitive and complex competencies that management needs to learn in order to
effectively face these challenges [8]. Second, it is crucial to consider how the organization’s
articulation of management responsibilities is affected by the proliferation of data and the
deployment of BD analysis (see, for instance, [9]). The most successful organizational learn-
ing models that provide enough transparency at any level of the company with respect to
the strategy implementation process were examined, as were the prerequisites for effective
interaction between the chief data agents and the chief marketing agents [10].

According to [11], BD is a set of frameworks and cutting-edge technologies that have
been designed to extract knowledge and vital information from large volumes of data in
diverse forms, culminating in data processing and high-speed data acquisition. The authors
of [12] came up with a rate based on the number of items on the list, made a structure, and
made a distinction between data store, access, convergence, traditional, and BD. From 2005
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to 2020, data volume will increase from 130 exabytes to 40,000 exabytes [11]. Techniques
for the volume factor of BD are suggested, showing how the data are time-calculated, in
line with the prediction made by the International Data Corporation (IDC) [13]. It uses BD
volume. It also encouraged the departure from the norm to save time [13]. The push for BD
analysis in healthcare and the increasing significance of cloud services have changed how
healthcare is seen [14]. The cloud is quickly obtaining health data, medical practitioners are
exchanging information, and BD medical library analytics are expanding.

The volume increase requires the inclusion of external data-gathering facilities, stor-
age structures, a contemporary environment, and technology capable of accommodating
massive datasets [12]. Because BD applications need a lot of data, storage is an issue that
needs to be thought about as early as possible in the design process. Standard storage
systems would continue to be incapable of accommodating massive quantities of data [15].
For BD analytics to work, you need a modern method, the right skills, and the ability to
capture, process, and understand data using BD-related data-processing techniques such
as Hadoop, Spark, and others. More data management systems, storage structures, and
innovative environments and technologies are needed to satisfy enormous data demands
because of the rise in volume. This latest revolution necessitates effective processes to turn
big data into usable intelligence [15]. BD has shown itself to be one of the most significant
investments for a business, enabling it to discover new concepts and acquire a greater
understanding of hidden values. Given the rapid pace of change in the current world, BD
has a significant impact on an organization’s core components. Before embarking on the BD
path, it is necessary to recognize and tackle a new critical issue that big technology’s new
features and needs have spawned: it is essential to remember that when data quantities
increase, the available technologies, procedures, analysis, and management approaches
might change [16].

2.1. Healthcare in Developing Countries

Healthcare aims to maintain and improve human wellbeing by detecting, aiding
recovery from, and preventing disease. It generates immense amounts of data every
day, inspired by clinical care, auditing, administration, and mandates to conform with
recommendations and requirements. BD will fund several medical and welfare projects,
including support for clinical decision-making, epidemic control, and population health
management [17]. BD analyzes the transition of data and strategies from hierarchical,
semi-structured, and unstructured data collection and terminal settings to a pervasive
cloud-based environment. BD analyses and medicine apps make use of exponentially
growing data volumes to discover similarities, trends, and difficulties of data complexity, as
well as practical lessons for improved decision-making. They also present the possibility of
improving results, thus lowering rising healthcare costs. To take advantage of this potential,
health organizations must invest in insufficient services, facilities, and methods [17,18].

A large-scale, integrated system known as a health information system (HIS) was
created to store, modify, and retrieve administrative and clinical information. It provides
essential data to each management level at the appropriate time, place, suitable form,
and location [19]. Then, effective decisions are made based on this information. Thus,
healthcare plays an important role in making plans, managing, organizing, and controlling
how the hospital sub-systems operate [20,21]. It also provides details on the synergistic
organization. Healthcare will improve the quality of patient care through the evaluation
of data, suggesting better care and encouraging hospitals to examine care quality and
appropriateness concurrently rather than retrospectively.

In healthcare, IS is concerned with how information is processed and how doctors
communicate and engage in medical tasks and practices in addition to education and
research, such as information science and technology [22]. In healthcare organizations,
such as hospitals, IS has been labeled differently, including electronic health records, HIS,
and health record systems [23].
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In developing countries such as Malaysia, the goals of HIS include supporting health-
care services, administration through electronic data processing, improving healthcare
quality, lowering costs, efficient delivery of high-quality health services, and supporting
knowledge-based systems that provide patients with the good analytical provision and
interference for patient care activities [24,25]. Because it offers so many benefits, infor-
mation technology is increasingly being used in the healthcare sector. The purpose of
this research is to look at the IT profiles of small, middle, and enterprise (SME) private
healthcare businesses in Malaysia, as well as the attitudes of their staff members toward
the usage of HIS at work. The benefits of information technology are quickly being used in
the healthcare industry. IT enables healthcare organizations to raise the standard of their
staff members’ efficiency and output, while also improving the facilities and patient care
that they provide [26,27].

Several studies have been carried out in Malaysia. For example, [24] carried out a
qualitative study that focused on implementing healthcare and its user perspective. The
research was based on information gathered from participant opinions, and perspectives
on developing and implementing were shared by two hospitals. Another qualitative study
by [24] aimed to examine users’ level of satisfaction with using healthcare. It was found
that users’ levels of satisfaction with health sectors in Malaysia differed regarding the
quality of healthcare functions, performance of HIS, HIS interface quality, and the quality of
healthcare sectors, which is a combination of the three previous qualities. Thus, healthcare
becomes problematic when users show reluctance and encounter difficulties in using it.
Three analysts with training in qualitative analysis carried out the interviews with the
help of two research assistants. Each interview lasted between 40 and 55 min, and all
participants provided their consent for the session to be recorded. The hospital’s director
gave his approval to the report [27].

2.2. Challenges in Healthcare Implementation in Developing Countries

People in Malaysia are becoming more aware of how important information tech-
nology is to the delivery of public services such as healthcare. The government’s imple-
mentation of innovative ICT policies and plans demonstrates this understanding. Recent
healthcare research suggests transforming health management information systems into
health information management systems to create a statewide comprehensive HIS that
can overcome obstacles and satisfy future needs [28,29]. One of the programs pushed is
the integration of IS into Malaysian public hospitals, as well as the development of ICT
in Malaysia and the government’s 2020 objective to convert Malaysia into a developed
country. However, the implementation and adoption of HIS in Malaysia still face some
obstacles, as identified by some previous studies reviewed in this sub-section [30].

According to Bakar [31], HIS technology and business HIS implementation in Malaysian
public hospitals were investigated. Content analysis of interview data using NOVA showed
that each type of HIS has various stages, but the actions are still the same. Moreover, the
kinds of HIS investigated still encounter different challenging issues, especially concerning
users’ acceptance and satisfaction levels. The challenges identified are high costs; time
consumption; technological and technical challenges, such as the complexity of systems
and system integration; fundamental issues, including users’ lack of computer skills, com-
plicated or challenging tasks, and complicated functions; and finally, issues related to ethics,
such as privacy, certification, and confidentiality.

Other previous studies have also identified several challenges faced by HIS, including
a lack of budget related to IT, a lack of IT skills, a lack of effective leadership, users’
resistance to change, a lack of good infrastructure, and disrupting the structure of the
national economy. Other more difficult factors include a rapidly changing operating
environment in which healthcare quality expectations are rising, no quality nursing is
available, and aged healthcare services are meeting escalating demands, as well as a formal
lack of social security, the fact that insurance products are underdeveloped, and the fact
that savings are limited [32,33].
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Ref. [34] stated that the capital cost needed to equip a hospital with a Total Health
Information System (THIS) is estimated to range from 80 to 100 million Malaysian ringgit
(MR). This significantly high investment suggests that if a project fails to achieve its aims, it
will be a massive loss for the Malaysian government. If challenges are not appropriately
addressed, especially while implementing HIS, such challenges will increase the possibility
of HIS failure in the future. These challenges are knowledge, culture, data, skills, system
quality, and data. Based on this study, it seems that HIS implementation has brought a new
perspective to ICT applications. The complex design of the hospital organization compared
with other organizations is also a more difficult problem for HIS implementation. Moreover,
since hospitals are organizations dealing with human health and life, ICT application and
implementation are vulnerable to challenging issues [35].

The value of data is increasing at an unprecedented rate in a variety of sectors around
the world. As a result of this expansion, there is an immediate need to create a method that
allows for data assimilation and analysis in order to make smarter decisions [36]. According
to [37], there are various procedures for setting up records, including consolidation, sepa-
ration, labeling, lookup, and access to both unstructured and organized data. Data could
grow from a few hundred terabytes to many petabytes. The biggest problem is managing
and analyzing large amounts of data in order to recognize important decision-making
patterns [38,39]. In the past, BD analysis has mostly focused on technological aspects (such
as machine learning or technical algorithms) and the creation of devices.

2.3. Theoretical framework and Development Hypothesis

In this study, the literature was evaluated to identify important findings from previous
research and establish a basis for creating the research framework. The review of the
existing literature revealed that the information technology innovation sector has been
thoroughly explored and is among the most advanced in the industry. According to [40–43]
extensive research has been conducted on the contextual factors that influence the adoption
of BD. Furthermore, [43] suggests that technology adoption is complex and dependent
on various technical, organizational, and environmental factors, which may differ across
different innovations [44].

It is important to take into account the cultural and social backgrounds of users during
the process of adopting innovation, as these factors could potentially impact the technol-
ogy’s future success or failure [45]. The economic and social structures of cloud computing
vary significantly between developed and developing countries. Studies conducted previ-
ously have highlighted the crucial role of sociocultural elements and values in the adoption
of technology across different community methods, regardless of the country’s level of
development [46].

Nowadays, mobile phones and smartphones are becoming more popular, so develop-
ing nations have greater access to modern technologies, which positively influences their
social development [47]. Recent studies have also shown a correlation between smartphone
use and economic growth [48]. From this perspective, previous research has shown that
increasing smartphone use alone would not be sufficient to close the present technological
gap in developing nations [49]. Emerging technology is notably distinct from existing
technology because of its distribution mechanisms and virtualized nature. BD cannot be
evaluated from the perspective of human connection, but it may be evaluated through tech-
nology such as computers and cell phones. Current BD research has a considerable focus
on healthcare [50]. Using BD services, especially electronic health records, is a popular way
for the healthcare industry to reap the benefits of modern technology without incurring
the high-quality and administrative costs often associated with on-premises systems and
capital investments [51].

The research model illustrated in Figure 1 examines the impacts of technology, orga-
nizational and environmental factors, the usability of new technologies, and healthcare
planning on one another. It is expected that the technical background factors of compati-
bility, knowledge level, and device quality would significantly influence the dependent
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variable, BD acceptability, with the backing of senior management. It is hypothesized
that the operational background variables of financial support and training will have a
significant impact on the independent technological preparedness variable. Complexity
and compatibility, governmental IT regulations, government policies, and laws that con-
sider the surrounding environment were predicted to have a considerable influence on the
adoption of BD. The impact of these elements on the acceptance of BD is to be assessed.
The following set of hypotheses was generated by the analysis model.
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Figure 1. The proposed research model for BD adoption in healthcare.

To facilitate model validation via subsequent statistical analysis, a priori assumptions
based on a positive, deterministic philosophical framework were developed. The ideas
focus on the interaction between the dependent variables 2 and 3, which propose to apply
BD, and the independent variable 1, which is the technical model.

2.3.1. Technology–Organization–Environment (TOE)

The TOE framework provides a unique perspective on IT adoption, considering the
technological, organizational, and environmental contexts [52]. An extensive approach to
examining creativity is to analyze contingency variables that impact firm decisions [53].
Infrastructure, TOE, and organizational effects are considerations that can be combined
to justify results in organizations. The TOE system is useful for the structured study of
innovation impact within an organization. According to Tornatzky [54], TOE helps to
differentiate inherent creativity characteristics, organizational abilities and motivations,
and overall environmental factors concerning innovation [55,56]. We have identified four
innovation characteristics and four contextual variables (technology competence, company
size, competitive demand, and partner readiness) as determinants of post-adoption use,
and we postulate that usage serves as an intermediate link to influence firm efficiency. Since
variables in the TOE setting can vary across different contexts, additional variables may
need to be added for enrichment [57,58].

2.3.2. Technology Context

The technological context sheds light on a technology’s endogenous and extrinsic
qualities that are essential for its adoption. Complexity is among the elements [59,60]. The
organization’s propensity to embrace new technology may be strongly impacted by how far
it is regarded as improving a certain organizational performance [61]. The extent to which
a new idea is thought to be especially hard to understand and put into practice [62,63]. It
is appropriate for businesses to examine the benefits of implementing innovations [64],
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showing how BD uptake is affected by technology characteristics including complexity,
compatibility, and opportunism. According to TOE theory, commercial and technical
characteristics affect the adoption of technology (BD readiness) [65]. The three qualities of
innovation (INN) are complexity (CX), compatibility (CT), and optimism (OP) when the
ability of practitioners to perform their tasks is improved by new technology. Therefore,
we propose three categories of BD readiness.

The authors of [62] remarked that a new technology or system would probably not
catch on if it was deemed to be overly grandiose and difficult to implement. The new
technology must be user-friendly to improve the possibility that it will be adopted since
it can be difficult, for instance, to change the processes through which they interact [62].
Employees must quickly become knowledgeable about the technology because the adoption
process becomes more unpredictable and difficult as technology advances.

According to a study, acceptance of innovation depends significantly on its intri-
cacy [66,67]. Decision-makers are thereby confronted with a conundrum about the accep-
tance of the technology [68]. Complexity has a weak link with the uptake of new technology
when compared to other factors of technological advancement [69,70]. Recent studies on
the role of complexity in BD adoption (BDA) have shown that BD complexity negatively
impacts adoption [71,72]. Health organizations will be less likely to implement an innova-
tion if they determine that doing so would not require much work. The researchers believe
that the following hypothesis is plausible.

Hypothesis 1 (H1). Complexity has a negative effect on big data readiness in the healthcare sector.

“Compatibility” refers to the degree to which a new system can be smoothly integrated
with the organization’s existing system [73]. Adopting technology that is compatible with
an organization’s culture and business operations is a positive sign [74], revealing that
compatibility is a key element influencing the adoption of technology. Ref. [74] revealed that
compatibility is a key element influencing the adoption of technology. According to [75],
a lack of information on the commercial value that such investments give was mostly to
blame for the absence of a connection between BD investment and corporate performance.
According to the findings of this study, healthcare organizations are more willing to accept
and apply BD in a variety of organizational elements when they understand that BDA
adoption readiness is compatible with current organizational procedures and standards. In
this work, the following idea is presented.

Hypothesis 2 (H2). Compatibility has a positive effect on big data readiness in the healthcare sector.

Relative advantage is “the degree to which an innovation is deemed to be superior to
the notion it replaces”. The relative advantage encourages the adoption of new technologies.
Through trust, it provides the most traceability and provenance of any technology [76].
According to the proposed model, the frequency with which a company uses a cloud
computing service is determined by its relative benefit and complexity, as they are the most
significant factors. Numerous research studies described the same issue using various
terms. For instance, a variety of phrases, including “cloud computing benefit,” have been
used by academics to characterize the benefits of adopting cloud computing services [77,78].
As a result, considering the nature of cloud computing technology, it is necessary to handle
several issues, including complexity, compatibility, and relative benefit. Based on the
description above, cloud computing may offer a higher benefit than conventional IT services
since it may instantly deliver the necessary computer resources without further investment
in computing equipment [79]. Thanks to big data analytics, users inside and outside
of an organization can now access integrated data from many sources. In this manner,
more components should be included in technological preparedness. It is discovered that
relative advantage, compatibility, and simplicity have a beneficial influence on technical
preparedness in technology adoption. Big data analytics also includes cutting-edge data
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management and storage. Data security is thus crucial to big data [80]. As a result, we
propose the following.

Hypothesis 3 (H3). The presence of a relative advantage has a favorable impact on the readiness of
the healthcare sector for big data.

An optimistic perspective of technology may result in a firm belief that it can control-
lably, adaptably, and efficiently enhance people’s everyday life. Most customers who are
positive employ developing technologies because they like the excitement of control and
the technological experience [81,82]. Prior research has demonstrated that technology readi-
ness (TR) affects an individual’s willingness to adopt a technological product or service.
Positive factors such as optimism and innovativeness act as drivers to increase motivation
to use it, whereas negative factors such as discomfort and insecurity inhibit motivation to
use it [83,84].

Those who are less worried about security, on the other hand, believe that technology
may be used to protect data. TR has been used a lot and in many different fields, such as
self-service technology, construction, wireless technology, internet services, alternative edu-
cation, and healthcare services. TR contains the traits of optimism, creativity, discomfort,
and insecurity. According to Chen [85], after tests and confirmation, added the technology
readiness acceptance model (TRAM). The results showed a strong link between TR and be-
havioral intention in an e-service setting. Other scholars discovered similar results [85–87].
The findings of this study reveal a favorable correlation between technology readiness (TR)
and the intention to persistently use personal cloud services. This outcome is in line with
earlier research on the adoption of e-service and mobile service technologies.

Hypothesis4 (H4). The healthcare sector’s readiness for big data is positively influenced by optimism.

Exhibiting the ability “to be a thinking pioneer and an invention pioneer” [88] is how
you can tell if someone is creative, and it is assumed that a creative buyer would be willing
to take risks when using new ideas. Additionally, since they have an extraordinary level
of technical knowledge and a verifiable ardor for spotting innovation, creative buyers are
assumed to think that innovation is straightforward [88]. Given that innovative buyers
think innovation is intriguing, it stands to reason that innovative buyers would think
self-scanners are more important and easier to use than other technologies. Contrary to
other TR ideas, it appears that modern BDA researchers have not thoroughly investigated
innovativeness.

The TR writing also suggested that for several communicated tests, addressing (i) the
unshakeable quality of the measure and (ii) whether the positive outcome had been com-
pleted. Experimental research has shown that the innovativeness measure is not viable
by any means, primarily because it does not allow for the distinction between general
and area-specific innovativeness. Without a doubt, space-specific innovativeness has been
advanced as being strongly associated with the selection of innovation, while general inno-
vativeness has been advanced as a flimsy signal of innovation acknowledgment. Recent
changes to the innovation preparation record were made in response to this astute issue
Ref. [89] revised the measure’s assessment. It was discovered during the reevaluation that
the measurements’ unwavering legitimacy and quality were of great assistance. Thus, the
following hypothesis is proposed.

Hypothesis 5 (H5). Innovativeness has a positive effect on big data readiness in the healthcare sector.

2.3.3. The Readiness of Healthcare Sectors for Big Data

The expression “technology readiness” pertains to the inclination of customers to use
new technologies to achieve their objectives [90]. Another way to think about technological
readiness is as an open mindset that welcomes even the most impossible challenges [91]. In
other words, a person or organization is more likely to adopt new services and technologies
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if they are service-ready. Refs. [92,93] advanced an number of presumptions about service
readiness and willingness to adopt based on prior research. The technological readiness
of a business is influenced by all these elements. Therefore, companies that are more
technologically prepared will be better able to use cloud computing technology [79].

Hypothesis 6 (H6). Big data readiness has a positive effect on the intention to adopt big data in
the healthcare sector.

3. Research Methodology

To confirm the research hypothesis, the testing variables must be computed. The quan-
titative analysis procedure includes both the design of the survey tool and its evaluation by
academic specialists. Quantitative research design determines the theory using statistical
analysis. The method was used to gather the data for this investigation, and structural equa-
tion modeling employing partial least squares was utilized to analyze the data. Figure 2
depicts a comprehensive diagram of the research design that was implemented.
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3.1. Pilot Test

The pilot research included 55 doctors, nurses, and other healthcare sector/unit staff
who were asked to evaluate the instrument, its general comprehension, and its data-
collection effectiveness, in order to ensure that the questionnaire was suitable for use in
the healthcare setting and to identify any potential issues or areas for improvement before
conducting the formal study. This allowed the researchers to make any necessary modifica-
tions and increase the validity and reliability of the questionnaire. After the pilot research,
the questionnaire was adjusted and disseminated to Malaysian healthcare consumers as
shown in the Table A1. On the other hand, healthcare consumers were selected for the
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formal study so as to understand their perspective on the use of information technology in
healthcare and to evaluate the effectiveness of the proposed intervention from their point
of view. As healthcare consumers are the ultimate beneficiaries of healthcare services, their
opinions and feedback are essential in improving the quality of healthcare delivery.

The data were gathered using an easy sampling technique. There are two different
sampling methods that may be found in the statistics literature: first, probability sampling;
second, non-probability sampling. We had a tremendously difficult time using probability
sampling to acquire data because of the COVID-19 epidemic. As a result, we chose
convenient sampling. Quota sampling and judgment sampling are other divisions of
convenient sampling. We need criteria by which to choose the appropriate audience since
our research evaluated the considerable data preparedness among health professionals.
The judgment sampling process included defining the criteria and gathering the data. The
following are the key standards for choosing an audience.

o Health professionals are required to attend;
o A regular user of technology is required for participation;
o Participants must be somewhat familiar with cutting-edge medical technology.

The literature suggests that the G-Power program must be employed to determine
the upper limit of the dataset when utilizing non-probability sampling. Accordingly,
the researcher conducted a G-Power test to assess the adequacy of the minimal dataset
selection. According to [1], the maximum number of arrows pointing to a construct or the
research model’s independent variables must be taken into account when calculating the
minimal limit of sample size. In this research, a construct may have up to eight arrows
pointing towards it. The medium impact size, the power of 0.80, and the alpha value
of 0.05 (f2 = 0.15) were utilized in the experiment. The majority of social science studies
consider 80% to be the minimum acceptable amount to be utilized in the experiment [94,95].
The minimal dataset recommended by G-power should be 102, as in [96]. Since SEM is
a method for big datasets, the recommended minimum participant number is over 200.
Based on the standards and arguments from the literature, we have chosen the respondents
and gathered the information from 50 hospitals in Malaysia. Medical experts were given
550 questionnaires in total. Out of these, 346 individuals responded, and 328 of their total
responses were considered useful for the final data analysis.

3.2. Measurement Items

The research on public and private healthcare in Malaysia was undertaken using a
simple method called “non-probability sampling”. The measurement of the items used a
5-point Likert scale (1 = never, 2 = seldom, 3 = neutral, 4 = often, 5 = always). The objective
of this research is to establish a model that will assist businesses in Malaysia, a developing
nation, in comprehending the relationships between TOE settings, BD preparedness in
healthcare sectors, and a desire to utilize BD in healthcare [97].

4. Data Analysis and Results

The instrument for this research is separated into two sections: (a) demographic
characteristics; and (b) components that will be utilized to compute the independent,
moderating, and dependent variables. The sections are the result of earlier explorations
(Table 1).

Table 1. Descriptive analysis.

Constructs Mean Standard Deviation T-Statistics

Complexity (CX) 4.350 0.035 1.254
Compatibility (CT) 4.371 0.029 4.566

Relative Advantage (RA) 3.783 0.050 2.628
Optimism (OP) 3.663 0.032 2.678

Innovativeness (IV) 3.768 0.052 4.566
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4.1. Instrument Design

The information used in this study came from survey tools. We ran a descriptive anal-
ysis test first, then a demographic analysis test. Following these, the concept, convergent,
and discriminant validity tests were carried out by the researcher [98]. The assertions were
rated from “strongly disagree” (1) to “strongly agree” (5) on a Likert scale.

4.1.1. Demographic Data

This research tool is split into two parts: (a) characteristics of the population; and
(b) elements that will be used to figure out the independent, influencing, and dependent
variables. Previous experiments were used to create the sections [99]. A complete sample of
the survey instrument is presented. Demographic details of the respondents are presented
in Tables 2–8.

Table 2. Results of the respondents’ professional data.

Demographic
Variable Categories Frequency (n = 328) Percentage (%)

Gender
Male 208 63.41

Female 120 36.58

Table 3. Profile of age range.

Demographic Variable Categories Frequency (n = 328) Percentage (%)

Age

21–32 109 33.2
33–42 75 22.9
43–52 81 24.7
53–64 59 18.0

64 or above 4 1.2

Table 4. Profile of educational level.

Demographic Variable Categories Frequency (n = 328) Percentage (%)

Education

Diploma 38 11.6
Bachelor 73 22.3
Master 131 39.9

Doctorate 86 26.2

Table 5. Profile of position.

Demographic Variable Categories Frequency (n = 328) Percentage (%)

Position

Doctor 65 19.8
Nurse 118 36.0

Technician 74 22.6
IT staff 71 21.6

Table 6. Profile of experience of employees of healthcare.

Demographic Variable Categories Frequency (n = 328) Percentage (%)

Your experience
in the current job

1–6 years 117 35.7
6–16 years 87 26.5

16–26 years 82 25.0
26–36 years 42 12.8
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Table 7. Profile of information technology competence.

Demographic Variable Categories Frequency (n = 328) Percentage (%)

Information technology
competence

Low 87 26.5
High 241 73.5

Table 8. Profile pf daily usage of computers (hours).

Demographic Variable Categories Frequency (n = 328) Percentage (%)

Daily usage of
computers (hours)

4–7 h 146 44.5
8–11 h 123 37.5

More than 11 h 59 18.0

This section shows the results of the respondents’ geographic, age, job, gender, and
level of education information. Furthermore, professional information such as their job title,
years of service, computer usage, and experience with information systems is included.
These results are discussed in the following subsections.

4.1.2. The Results of Personal Information Collected from Participants

A few of the characteristics that are included in the data include the age, gender, and
education level of the people who responded to the survey. As a result, the current study’s
sample size best covers healthcare, which is the healthcare sector with the highest frequency
among Malaysian organizations.

This section provides the background information of the respondents who participated
in this survey. Specifically, it gives demographic information on the respondents, including
age, gender, educational attainment, employment status, and years of experience. The
descriptive analysis used to describe the participants’ BD readiness in healthcare consists
of four major items as follows. As shown in Table 2, most of the participants (63%) were
male teachers, with the remaining 37% being female.

Most respondents, as shown in Table 3, were between the ages of 21 and 32 (33.2%);
22.9% of the population was between the ages of 32 and 42; 24.7% of the population was
between the ages of 42 and 52; 18.0% were between 52 and 64 years old; 18.0% were between
52 and 64 years old; and 2.1% were above 64 years old.

Table 4 presents the four different educational periods, and the study revealed that
the majority of participants held a master’s degree, accounting for 39.9% of the total
sample. Meanwhile, the percentage of respondents with a diploma was the lowest among
all categories, at 11.6%, while 22.3% held a bachelor’s degree and 26.2% held a doctoral
degree. The age categories used in the study were based on previous research [100,101].
Additionally, statistics indicate that the proportion of respondents with a diploma is likely
to be the smallest compared to other educational levels.

The professional information provided by respondents included their position, ex-
perience with computer usage in healthcare, and reasons for not using healthcare. The
distribution of the respondents’ level of position is shown in Table 5, where doctors (65/328,
19.8%), IT staff (71/328, 21.6%), technicians (74/328, 22.6%), and nurses (118/328, 36.8%)
rate it the highest. Nurses were found to be the most frequent respondents in this study
and were predominantly female.

Table 6 demonstrates the duration of work experience of healthcare technology em-
ployees, indicating that the majority of them (35.7%) had work experience ranging from
1 to 6 years in their current position. Respondents with 6 to 16 years of work experience
accounted for 26.5%, while 25.0% of participants had work experience between 16 and
26 years. Only 12.8% of those surveyed had prior work experience of 26 to 36 years.

Table 7 displays the demographic statistics employed in this research, which also
revealed that nurses with 1 to 6 years of experience exhibit higher levels of participation
compared to other experience categories. Furthermore, they are aware of BD in healthcare
at a low rate (26.5) and information technology competence at a high rate (73.5).
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Table 8 demonstrates that the response rate for this study is greater between 4 and
7 h, with 146 respondents reporting frequent computer usage in the Malaysian healthcare
sector. Moreover, 123 respondents reported daily computer usage (hours) in the same
sector, which represents 37.5%. In addition, out of the 59 respondents who reported
using computers in healthcare sectors for more than 11 h daily, 18% were included in the
aforementioned categories.

4.2. Common Method Bias

The study utilized partial least squares (PLS) analysis via the SmartPLS 3.0 software
tool [102]. This approach can be used to analyze the structure and measurement model, and
it is preferred because it does not rely on the assumption of normality, which is often not met
in survey data [103]. Since the data came from a single source [103,104], researchers looked
at the data’s whole collinearity to figure out how likely common technique biases were.
The complete collinearity test, which asserts that there is no bias from the single-source
data collection if the variance inflation factor (VIF) values were less than 3.3, required that
all variables be regressed on a common variable. According to the study, all VIF values are
below Table 9. According to our statistics, a single-source company is thus not a significant
issue. The results of the whole collinearity test are shown in Table 9.

Table 9. Full collinearity test results.

CX CT IN OP RA BDR

1.041 1.030 1.763 1.028 1.720 1.000

4.3. Measurement Framework

The model was measured using Smart-PLS and the partial least squares (PLS) tech-
nique. For the evaluation of measurement models, convergent and discriminant validities
were utilized.

Convergent Validity

First, the measurement model’s factor loading, construct “reliability, and validity”
were assessed. The obtained values for each construct are listed in Table 10. The values of all
indicators should be higher than or equal to the corresponding threshold value. Composite
reliability (CR), which gauges internal consistency, should be greater than the minimal
threshold value of 0.70 [105]. Any concept that has an average variance extracted (AVE)
value greater than 0. 5 is considered to be suitable [106]. Utilizing composite reliability,
the internal consistency was evaluated. All constructs have reliability coefficients over
0.70, proving their dependability for context-specific measurements. Table 10 further
demonstrates that all constructs have AVE values greater than 0.5, which is significant
evidence of convergent validity.

Discriminant validity pertains to the statistical and theoretical variations between
every pair of constructs [106]. It indicates the degree to which each pair of constructs is dis-
tinct from one another in terms of both statistical and theoretical aspects [106]. Heterotrait–
Monotrait (HTMT) was used to assess discriminant validity. HTMT is more accurate than
the other criteria, as the literature indicated [106]. Table 11 demonstrates that every concept
satisfies the requirement for discriminant validity. Ref. [106] demonstrated that the HTMT
number should not be higher than 0.85. Additionally, none of the constructions have an
HTMT score greater than 0.90, indicating that none of the constructs are discriminately
invalid for further investigation. Table 5 displays the HTMT values for each build.
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Table 10. Convergent validity.

Constructs

Reliability

Cronbach’s
Alpha rho_A CR AVE

Complexity (CX) 0.805 0.816 0.862 0.614

Compatibility (CT) 0.848 0.981 0.892 0.673

Relative Advantage 0.747 0.748 0.818 0.575

Optimism (OP) 0.796 0.870 0.852 0.539

Innovativeness (IV) 0.834 0.838 0.889 0.668

BD Readiness (BDR) In Healthcare Sector 0.864 0.869 0.902 0.649

Intention To Adopt BD (ITABD) 0.817 0.860 0.877 0.599

Table 11. Discriminant validity (HTMT).

Construct (1) (2) (3) (4) (5) (6) (7)

Big Data Readiness In
Healthcare 0.806

Compatibility 0.195 0.821
Complexity 0.141 0.119 0.784

Innovativeness 0.434 0.026 0.153 0.817
Intention To Adopt

Big Data 0.765 0.111 0.139 0.35 0.774

Optimism 0.174 0.124 0.043 0.109 0.177 0.734
Relative Advantage 0.367 −0.018 0.057 0.645 0.364 0.074 0.689

4.4. Structural Model Assessment

Using Smart-PLS, hypotheses are examined in this research study. According to [106],
when testing hypotheses, the crucial standards for accepting or rejecting the hypotheses
are determined by the path coefficients, confidence intervals, and corresponding t-values,
which are computed using a bootstrapping method involving a resampling of 5000 indi-
viduals [107]. Furthermore, based on [108], in response to the claim that p-values are not a
good way to judge the importance of a hypothesis, it was suggested that other measures of
statistical significance be used. As in [109], if the p-value is between 0.001 and 0.005, the
t-value is greater than 1.645, and the confidence interval falls within the same range, then
the hypothesis may be accepted. An overview of the criteria we utilized to evaluate the
proposed hypotheses is shown in Table 12 and Figure 3.

Table 12. Hypotheses testing results.

Hypothesis Path Beta-Value (N = 254) t-Value
Deviation p-Value f2 Result

H1 CX -> BDR 0.061 1.332 0.000 0.005 Not Supported
H2 CT -> BDR 0.169 4.456 0.184 0.037 Supported
H3 RA -> BDR 0.162 2.557 0.011 0.020 Supported
H4 OP -> BDR 0.105 2.505 0.013 0.014 Supported
H5 IN -> BDR 0.304 4.395 0.000 0.070 Supported
H6 BDR -> ITABD 0.765 26.716 0.000 1.408 Supported

CX = Complexity; CT = Compatibility; RA = Relative Advantage; OP = Optimism; IN = Innovativeness;
ITABD = Intention to adopt big data; and BDR = Big data readiness.



Sustainability 2023, 15, 11521 15 of 25
Sustainability 2023, 15, x FOR PEER REVIEW 16 of 26 
 

 

Figure 3. Measurements model. 

The results of the data analysis led to the rejection of H1 since the predicted relation-

ship between complexity (CX) and big data readiness (BDR) was not supported by the 

beta value (0.061), non-significant t values, effect size (f2), and confidence intervals at the 

lower and upper bounds. According to [51], the relationship accepts H2 because the beta 

value of 0.169, the t-value of 4.456, and the f2 value of 0.037, which indicate a modest im-

pact size, support the link between CT and BDR. With the same range of confidence inter-

vals for the link between RA and BDR’s beta coefficient value (0.162), t-value (2.557), and 

f2 value (0.020), H3 was accepted. 

The hypothesized relationship between OP and BDR suggested a small effect size, 

which was also found to be significant with a beta value of 0.105, a t-value of 2.505, the 

same range confidence intervals [0.105–0.50], and an f2 value of 0.014, so we accepted H4. 

The significance of the beta value (0.304), t value (4.395), and f2 value (0.070) further sup-

ported H5. For instance, the final relationship’s strong t-value (26.716), positive beta coef-

ficient value (0.765), and positive impact size f2 value (1.408) led to the approval of H6. In 

our study, all of the barriers that we identified are significant, as demonstrated by their 

high average ratings. Even the least highly ranked barrier, “Legal and contractual issues,” 

received a moderately average rating. As a result, we believe the level of response we re-

ceived to be sufficient for this type of research [110,111]. 

5. Discussion 

In this study’s empirical literature, an information system was used to talk about BD 

preparedness in the healthcare field. This research also offered an evaluation of the Ma-

laysian healthcare sector’s preparedness for BD. This research provides a thorough frame-

work that expands and contextualizes BD preparedness in healthcare, utilizing 

Figure 3. Measurements model.

The results of the data analysis led to the rejection of H1 since the predicted relationship
between complexity (CX) and big data readiness (BDR) was not supported by the beta
value (0.061), non-significant t values, effect size (f2), and confidence intervals at the lower
and upper bounds. According to [51], the relationship accepts H2 because the beta value of
0.169, the t-value of 4.456, and the f2 value of 0.037, which indicate a modest impact size,
support the link between CT and BDR. With the same range of confidence intervals for
the link between RA and BDR’s beta coefficient value (0.162), t-value (2.557), and f2 value
(0.020), H3 was accepted.

The hypothesized relationship between OP and BDR suggested a small effect size,
which was also found to be significant with a beta value of 0.105, a t-value of 2.505, the
same range confidence intervals [0.105–0.50], and an f2 value of 0.014, so we accepted
H4. The significance of the beta value (0.304), t value (4.395), and f2 value (0.070) further
supported H5. For instance, the final relationship’s strong t-value (26.716), positive beta
coefficient value (0.765), and positive impact size f2 value (1.408) led to the approval of
H6. In our study, all of the barriers that we identified are significant, as demonstrated by
their high average ratings. Even the least highly ranked barrier, “Legal and contractual
issues,” received a moderately average rating. As a result, we believe the level of response
we received to be sufficient for this type of research [110,111].

5. Discussion

In this study’s empirical literature, an information system was used to talk about
BD preparedness in the healthcare field. This research also offered an evaluation of the
Malaysian healthcare sector’s preparedness for BD. This research provides a thorough
framework that expands and contextualizes BD preparedness in healthcare, utilizing
technological aspects in healthcare sectors to better understand the models of BD therein.
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The comprehensive study’s findings will also aid in the development of a framework,
tailored to the environment, that can be used to investigate BD persistence in the healthcare
industry. The results provide enough proof to back up the claim that apart from complexity,
all technological aspects positively affect workers’ preparedness for big data technologies.

Technology models have been used to explore how the technological context affects BD
readiness, where complexity has a detrimental effect. According to the currently available
literature [84,112], complexity difficulties are more significant in developing countries, and
virtually all the research reported in the literature has shown their detrimental impact on
the readiness of BD technology. Most of the prior research demonstrated that complex
challenges are more common in developing nations, and ease of use encourages develop-
ing nations to accept new technology and innovation [113]. Therefore, H1 has not been
supported since it was out of expectation. In general, complexity can be a significant factor
in determining an organization’s readiness to effectively manage and leverage big data.
The increasing volume, velocity, and variety of data generated in today’s digital landscape
can make it difficult for organizations to effectively collect, store, process, and analyze
these data. This can be particularly challenging for organizations with complex IT systems,
legacy technologies, and siloed data management practices. However, the specific impact
of complexity on big data readiness may vary depending on several factors, such as the
size and scope of the organization, the nature of its IT infrastructure, and the goals and
objectives of the big data initiative. In some cases, complexity may be a significant barrier
to big data readiness; while in others, it may be less significant or even irrelevant.

As a result, BD technology preparedness in the healthcare industry was greatly im-
pacted by its compatibility with BD’s technical qualities [102]; we note the influence of
comparative advantage, partibility, complexity, trialability, and observability. In this study,
we followed [114]’s recommendations for the three most important factors that have a
consistent and meaningful effect on how innovations are used. We investigated the impact
of the fit–viability model variables and information on cloud computing adoption in higher
education institutions. The relative benefits of e-learning based on cloud computing include
vast data storage capacities, access to any application or broadband Internet via any device
from any place, and cultural considerations. The following hypotheses will direct our
future investigation based on the conceptual framework model we have established and
covered previously. Concerning relative advantage, according to [115], an invention’s
“relative advantage” is “the extent to which the innovation is seen as being superior to
the notion it succeeds”. Organizations need to understand that embracing innovation
can either provide answers to current issues or open new production possibilities such as
higher productivity and enhanced operational efficiency.

To make a smart decision about whether to use new technology in a business, you
need to think about what benefits it could bring to the business. When a company sees a
need for a certain technology, they adopt it because they think it will help them narrow a
performance gap or capitalize on a commercial opportunity. Additionally, prior research
has shown that relative advantages influence the adoption of technology [116]. Research
from the past backs up this conclusion, just like how innovation affects the big data of the
participants. These results are explained by the fact that more businesses are turning to big
data systems to promote adoption processes by giving individuals access to the majority of
the tools and resources they need in order to utilize big data applications [88].

The inducers of technological facilities include optimism, which encourages people to
embrace new technology. On the other side, discomfort and insecurity serve as barriers that
discourage or delay the adoption of new technology. The inducing and inhibiting aspects
of technological facilities function separately, even if they coexist inside of us, and each user
may exhibit various combinations of inducing or inhibiting characteristics. To effectively
deploy technology inside an enterprise, the manager should understand and enhance the
TR of users as public consumers. This result is consistent with the literature on technology
adoption that contends that complexity and optimistic characteristics enhance organiza-
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tional performance in the healthcare sector. The data analysis showed that variables related
to the technological setting have a big impact on how healthcare is adopted.

Additionally, they will be crucial in adding actual data to the body of medical literature
on BD. The study will establish the groundwork for a comprehensive framework that
compares big data readiness with the adoption of other emerging technologies in the
healthcare industry and other fields. This research will also aid in the development of a
top-notch organization-level framework for healthcare sector settings and related fields.
Ultimately, this study is expected to contribute to the advancement of the literature in this
domain. Finally, the TOE model was used by the authors in [117] to support their findings
that top optimism and simplicity have a favorable impact on acceptance, while complexity
has a negative impact.

6. Conclusions

This section includes the authors’ concluding comments, the limitations of the study,
theoretical contributions, and implications for practice.

6.1. Theoretical Contribution and Implications

The goal of this research was to pinpoint variables that affect how well-liked BD readi-
ness is in developing nations’ healthcare systems. By merging technological and business
readiness in the healthcare business, a research model was established for this purpose
based on the TOE theory used in earlier research. The empirical study provides several
significant contributions. First, the results showed that BD readiness was positively im-
pacted by compatibility and technical optimism but not by appropriateness. This suggests
that customers may lack confidence in the effectiveness of BD readiness in the healthcare
sector; thus, it is important to enhance their perceptions of BD readiness security gradually.
Furthermore, the study revealed that complexity, compatibility, and optimism can reduce
resistance to the acceptance and readiness of new technologies. It is thus intended to
increase trust among healthcare organizations with respect to their embracing of BD, to
reduce user difficulties, and to improve use quality in Malaysian healthcare sectors. This is
true for both present ICT-related reasons for BD acceptance and BD preparation.

Structural equation modeling was used in this study to analyze the factors that affect
BD’s readiness to improve the services offered by Malaysia’s healthcare sector. The data
results show that the healthcare sector’s readiness for BD had a significant impact on the
healthcare sector in Malaysia. In recent research, the authors demonstrated that readiness
for big data adoption has a significant role in BD preparedness. Additionally, research
shows that a crucial component of the successful adoption of BD in healthcare systems
is the exchange of health information within a vast, interconnected system driven by BD.
One must remember that the goal of introducing and employing BD is to enhance the
whole patient care experience, not to dominate it. The implementation of BD will result in a
considerable decrease in overall IT infrastructure costs, as healthcare providers will not be
required to maintain medical information locally; they will just need reliable and constant
internet connections—preferably a dedicated leased line for added reliability and validity.

6.2. Practical Implications

The study’s conclusions provide important recommendations and considerable ram-
ifications for healthcare practitioners and others who implement BD preparation. The
TOE, TRI, BDR, and BD of the healthcare sectors must be connected to these functions
for them to be effective. The use of BD in healthcare sectors will be advantageous to
practitioners. Second, the results of the research indicate that these distinguishing traits
have a significant influence on the healthcare and BD preparation businesses. This research
also looks at the impact of ambitions to utilize big data on BD preparation in developing
countries’ healthcare sectors. This research will provide information to those responsible
for implementing BD healthcare sectors in underdeveloped countries, and it will provide
suggestions for lowering employee resistance. Finally, this research provides practitioners
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with a place to start when using BD methodologies to profit from cutting-edge technology
in underdeveloped countries such as Malaysia.

It was shown that the relationship between environmental and BD preparation in the
healthcare business is significantly influenced by conducive conditions and government
IT policy. This illustrates that the government’s IT policies are appropriate and help fuel
the desire to use big data. Businesses must be proactive in their pursuit of policy for this
service and in their suggestions for amendments to pertinent laws and procedures with
which to strengthen the government’s preparedness to deliver government IT policy. Only
government legislation and regulations, however, were shown to have a significant impact
on how well-prepared the healthcare sector is for big data. It was proposed that the size of
the healthcare organization affected how much of an impact the government’s information
technology policy had. Therefore, considering that the data were obtained from only one
nation (Malaysia), it is crucial, in evaluating this study, to recognize significant cultural
variations, particularly those that differentiate between developed and developing nations
and influence information system management practices, as well as attitudes towards
technology adoption.

The research framework must be enlarged, and samples must be taken from many
countries to generalize and revise ideas. Moreover, people’s views of certain crucial aspects
of adopting new technologies, such as big data, may change depending on their cultural
background, and further research into BD might result in more definitive hypothesis testing.
While the survey instrument has a sufficient degree of validity and reliability in this area, it
does not adequately capture organizational culture and top management support concepts
since these are broad variables.

This study shows that economic factors related to the expectation of profitability have
a significant impact on the readiness for big data in healthcare sectors, which supports
the findings of a previous study [118] Specifically, the study found that the intention to
adopt big data increases the expectation of higher profits more than current use of dig
data, which affects the readiness for new technologies in healthcare and the intention to
use them. However, complexity did not have a significant effect on readiness for big data
in healthcare sectors, consistent with the results of a previous study by [26]. The study
also suggests that if an organization does not support the goal of embracing dependability
through big data, then the expectations for big data readiness preparation would be lower.
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Appendix A

Table A1. Questionnaire items.

Constructs Items References

Complexity (CX)

BD allows me to manage business operations in an
efficient way. CX1

[119–124]
The use of BD is frustrating. CX2

The skills needed to improve and use the new technologies are
easy for me. CX3

The use of BD requires a lot of mental effort. CX4

Compatibility (CT)

The use of BD is compatible with my healthcare corporate
culture and value system. (CT1)

[119,120,122–126]
The use of BD will be compatible with existing hardware
and software. (CT2)

BD is easy to use and manage. (CT3)

BD is compatible with existing emerging technologies. (CT4)

Relative Advantage (RA)

Cloud-based ERP will enhance the efficiency of our company. (RA1)

[127–129]

Cloud-based ERP will improve the performance of
our company. (RA2)

Cloud-based ERP will provide timely information
for decision making. (RA3)

With cloud-based ERP adoption, we expect to see cost
savings effect. (RA4)

With cloud-based ERP adoption, we will be able to respond
quickly and flexibly to our business expansion and pay only for
what we use.

(RA5)

Optimism (OP)

New technologies contribute to a better quality of life. (OP1)

[130–134]

Technology gives me more freedom of mobility. (OP2)

Technology gives people more control over their daily lives. (OP3)

Technology makes me more productive in my personal life. (OP4)

Technology makes me more efficient in my occupation. (OP5)

Innovativeness

Innovativeness its big data Opinion leader

[126,135]

Innovativeness tries to use new technology

Our organization top management actively pursues
Innovativeness ideas.

Our organization gives us a penalty if the proposed idea does
not work.

Our organization accepts Innovativeness well.

BD Readiness (BDR) in Healthcare Sector
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Table A1. Cont.

Constructs Items References

The healthcare management understands how they can be used
in the healthcare sector. (BDR1)

[120,126,136–139]

The healthcare IT infrastructure is good (internet
service/devices)
and can be used for big data.

(BDR2)

The healthcare management already promoted the usage of the
BD to the staff very well. (BDR3)

The healthcare staff have the right skills to work with big data. (BDR4)

The healthcare IT department and the healthcare management
have the right skills to lead the healthcare transformation, and
they give very good support to help the staff.

(BDR5)

Intention to adoption BD (ITABD)

BD adoption is effective to enhance the behavioral intentions to
use the BD analytics system in healthcare. (ITABD1)

[126,136,137,140]

BD technology adoption will increase the performance and
effectiveness of healthcare. (ITABD2)

I would use BD technology adoption to gather health data. (ITABD3)

I would use the services provided by use BD technology
adoption. (ITABD4)

I would not hesitate to provide information for use BD
technology adoption (ITABD5)
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