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ABSTRACT

Aim/Purpose This study aims to propose and empirically validate a model and investigates the
factors influencing acceptance and use of Software as a Services cloud compu-
ting services (SaaS) from individuals’ perspectives utilizing an integrative model
of Theory of Planned Behavior (TPB) and Technology Acceptance Model
(TAM) with modifications to suit the objective of the study.

Background Even though SaaS cloud computing services has gained the acceptance in its ed-
ucational and technical aspects, it is still expanding constantly with emerging
cloud technologies. Moreover, the individual as an end-user of this technology
has not been given the ample attention pertaining to SaaS acceptance and adop-
tion (AUSaaS). Additionally, the higher education sector needs to be probed re-
garding AUSaaS perception, not only from a managerial stance, but also the in-
dividual. Hence, further investigation in all aspects, including the human factor,
deserves deeper inspection.

Methodology A quantitative approach with probability multi-stage sampling procedure con-
ducted utilizing survey instrument distributed among students from three public
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Malaysian universities. The valid collected responses were 289 Bachelor’s degree
students. The survey included the demographic part as well as the items to
measure the constructs relationships hypothesized.

The empirical results disclosed the appropriateness of the integrated model in
explaining the individual’s attitude (R? = 57%), the behavior intention (R? =
64%), and AUSaa$ at the university settings (R? = 50%). Also, the study offers
valuable findings and examines new relationships that considered a theoretical
contribution with proven empirical results. That is, the subjective norms effect
on attitude and AUSaaS is adding empirical evidence of the model hypothe-
sized. Knowing the significance of social effect is important in utilizing it to
promote university products and SaaS applications — developed inside the uni-
versity — through social media networks. Also, the direct effect of perceived
usefulness on AUSaaS is another important theoretical contribution the SaaS
service providers/higher education institutes should consider in promoting the
usefulness of their products/services developed or offered to students/end-us-
ers. Additionally, the research contributes to the knowledge of the literature and
is considered one of the leading studies on accepting SaaS services and applica-
tions as proliferation of studies focus on the general and broad concept of
cloud computing, Furthermore, by integrating two theories (i.e., TPB and
TAM), the study employed different factors in studying the perceptions towards
the acceptance of SaaS services and applications: social factors (i.e., subjective
norms), personal capabilities and capacities (i.e., perceived behavioral control),
technological factors (i.e., perceived usefulness and perceived ease of use), and
attitudinal factors. These factors are the strength of both theories and utilizing
them is articulated to unveil the salient factors affecting the acceptance of SaaS
services and applications.

A statistically positive significant influence of the main TPB constructs with
AUSaaS was revealed. Furthermore, subjective norms (SN) and perceived use-
fulness (PU) demonstrated prediction ability on AUSaaS. Also, SN proved a
statically significant effect on attitude (ATT). Specifically, the main contributors
of intention are PU, perceived ease of use, ATT, and perceived behavioral con-
trol. Also, the proposed framework is validated empirically and statistically.

The findings expected to support decision makers at universities, government
higher education authorities, and cloud providers by highlighting the vital role
of the factors that emerged in the study.

The proposed model is highly recommended to be tested in different settings
and cultures. Also, recruiting different respondents with different roles, occupa-
tions, and cultures would likely draw more insights of the results obtained in the
current research and its generalizability

Participants from private universities or other educational institutes suggested in
future work as the sample here focused only on public sector universities. The
model included limited number of variables suggesting that it can be extended
in future works with other constructs such as trialability, compatibility, security,
risk, privacy, and self-efficacy. Comparison of different ethnic groups, ages, gen-
ders, or fields of study in future research would be invaluable to enhance the
findings or reveal new insights. Replication of the study in different settings is
encouraged.
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INTRODUCTION

A growing demand for high capability computing devices, high speed networks, and large storage ca-
pacity, combined with high memory capacity requirements, have made technology advancements a
requirement to cope with these rapid changes in modern life. Additionally, the daily immense use of
applications and services on computers or other smart devices (e.g, tablets, handphones, smart TVs,
fridges, water boiler, ovens, etc.), have changed the way that technology is directed. Therefore, re-
searchers, practitioners, and professionals have been considering a technology that can compete with
these challenges. With the advent of virtualization, these challenges became manageable, especially
with the growing high speed and smart network developments that have taken the burden of trans-
porting the immense data volumes to meet the high demands. As an outcome, the cloud computing
paradigm surfaced as a solution that utilizes virtualization at its core (Taufiq-Hail et al., 2017a). This
technology made Software as a Service (SaaS) cloud computing accessible from anywhere, available at
any time or place, reliable, and cost-effective, fostering a plausible solution to these issues with the
new paradigm of pay-as-per-usage for the user.

The higher education sector converted to be an essential element in building modern societies, inno-
vating industrial technologies, improving life standards by preparing future generations that would
change the way of living. Therefore, higher education became a competitive and promising market
(Dwaikat, 2020; Wilkins, 2020) that requires a lot of new innovative technology to meet the substan-
tial demand of IT infrastructure, the increasing number of users, the enhancement of their process
performance, education quality and services (Qasem et al., 2020). To cope with these new challenges,
the role of cloud computing surfaced and became crucial as an integral element of higher education
institutes due to its flexibility, innovation, reliability to meet the demand of the pedagogical process
through its application (Ali et al., 2018). These features of cloud computing with its new paradigm
made it easy for individuals as well as organizations to overcome the enormous running cost of hav-
ing to periodically upgrade their devices and offer the mobility and flexibility of accessing online
courses especially during disasters and pandemics.

BACKGROUND OF THE RESEARCH PROBLEM

Numerous studies have investigated the issues of cloud computing with regard to the contextual fac-
tors affecting its adoption (Oliveira et al., 2019), a specific service or model of cloud computing (Wu
et al., 2011), or technological aspects of cloud computing adoption, such as complexity, compatibility,
trust and privacy, interoperability, reliability, security requirements, and future expectancy of cloud
computing (Low et al., 2011). Moreover, notwithstanding its popularity, usability, accessibility, and
cost effectiveness, cloud computing technology is still in the infancy stage, and both the SaaS cloud
computing users and providers face a steep learning curve (Lee et al., 2013). In addition, unlike other
information technology services, the cloud computing phenomenon is at a relatively early stage of its
existence in the majority of developing countries (Sharma et al., 2016) and has not reached a maturity
level that needs further exploration on different aspects (Oliveira et al., 2019; Taufiq-Hail et al.,
2017a). More importantly, although there are several studies covering cloud computing and its adop-
tion, the minority of these studies derived the attention towards SaaS services and applications using
a well-defined methodology, model, theory, or framework especially in the higher educational sector
that suffers from a paucity of empirical studies (Senyo et al., 2018).

Cloud computing consists of three major service models, i.e., Software as a Service (SaaS), Platform
as a Service (PaaS), and the Infrastructure as a Service (IaaS). SaaS services are less customizable,
simple, and require less technical background to run by end users, while the other two service models
require highly technical IT professionals to configure and customize (Schneider & Sunyaev, 2016).
For this reason, it is assumed that the factors influencing SaaS adoption by far resemble the other
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two (i.c., IaaS and PaaS) due to its nature of simplicity and usage by the end user. The recent works
in literature asserted the lack of comprehensive studies and suggest developing sufficient understand-
ing, enhancing our knowledge of this topic, and studying this nascent technology of Saa$ from dif-
ferent angles (Oliveira et al., 2019). Additionally, Senyo et al. (2018) pointed out that the issues of
cloud computing with respect to companies have been explicated and investigated in academia; how-
ever, the individual’s view and attitude towards using cloud computing were overlooked. To explain,
the majority of previous works in literature addressed the trends of SaaS cloud computing from or-
ganizational perspectives, migration process, and its developments (Jede & Teuteberg, 2016; Oliveira
et al., 2019; Tomas et al., 2018; van de Weerd et al., 2016); however, the individual’s perception is far
less focused upon. For instance, Oliveira et al. (2019) addressed the importance of SaaS cloud com-
puting and its dominance in the IT service delivery model based on the tangible benefits financially
and operationally that garnered the interest. The authors tested in their research the contextual fac-
tors (i.e., technological, environmental, and organizational factors) influencing the adoption of Saa$S
cloud services in firms by utilizing technology-organization-environment (TOE) framework. How-
ever, their research did not turn the theoretical lenses towards the user’s influential factors of adopt-
ing this technology. Another study by Tomas et al. (2018) proposed an integrated model of three the-
ories to explain the adoption of SaaS cloud computing in firms. Firstly, constructs from the technol-
ogy-organization-environment (TOE) were used to explain the intra-organizational factors; secondly,
the institutional theory (INT) was used to explain the inter-organizational factors; and finally, the
process virtualization theory (PVT) was utilized to test the processes’ effect in the migration towards
Saa$S cloud computing, Although their results shadow the influential factors of the adoption of this
innovative technology, they contend the need to intensively explore other factors. Also, their study
overlooked the actual user of the technology and focused on the higher level of acceptance, i.e., the
mezzo-level or the organizational level.

Furthermore, van de Weerd et al. (2016) investigated in their work the factors impacting the adoption
of SaaS in Indonesia as perceived by companies. The outcome of the study shows that the small to
medium-sized enterprises are adopting SaaS more than the larger ones. Also, top management sup-
port has been found to be an enabler of the adoption, whereas the organizational readiness is not.
Despite these findings, the user perceptions in terms of technology usage, easiness, usefulness, atti-
tude, or social factors were neglected. Additionally, the work of Jede and Teuteberg (2016) focused
on the IT professionals in organizations before and after SaaS cloud computing implementation as
well as the end users. They utilized a mixed method; firstly, they examined the perception of the IT
professionals before and after the implementation, and then conducted interviews with a group of
users and I'T professionals. The results shed light on the socio-technical effects on the job outcome
and individual performance. Also, the focus of their study turned into exploring the change of the
interface configuration, IT architecture change, organizational change, and IT technical radicality
change. However, their work investigated the early stage of using the technology and did not reach to
probe the real factors influencing the adoption nor the easiness, usefulness, and the attitude of the
end-user toward the acceptance. Hence, their research is focused on the organization interest not
end-user interest and perceptions.

Based on these delineated examples on the organizational level of acceptance of the SaaS adoption
and acceptance, it is clear that the higher education sector and the end-user were lent less attention in
terms of the salient factors affecting the acceptance. Specifically, the comprehensive review of litera-
ture conducted by Senyo et al. (2018) addressed the dire need to conduct more research on the higher
education sector and to direct more attention toward the individuals. In addition, former works be-
lieve the notion that challenges surrounding cloud computing adoption are not the technical-based
aspects, but user-based behavior aspects (Kayali & Alaaraj, 2020). Therefore, a number of studies in-
vestigated the behavioral factors from business organizational perspectives and less attention turned
to higher education universities (Gohary et al., 2013; Kayali & Alaaraj, 2020; Lim et al., 2015). Be-
sides, the role of cloud computing in the learning process is apparent at universities as students ac-
cess different resources, upload their assignments, and communicate with other peers or exchange
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thoughts and experience in group-assignment tasks inside or outside the campus. Additionally, they
can interact with courses-related tasks and assignments from any device, anywhere, and any time to
continue the pedagogical process inside or outside the campus. Further, using the services provided
by SaaS cloud computing enables the students to access their online courses and lecturers to manage
the contents of the offered courses, the student activities, and the evaluation of the students’ perfor-
mance (L.-Y.-K. Wang et al., 2019). More importantly, when identifying the factors that engender the
acceptance of SaaS cloud-based applications and services that are used in the daily tasks by the stu-
dents, this would create the opportunities to further develop the pedagogies that are aligned with
SaaS cloud technology to serve the development of the educational institutes. This view has been ar-
ticulated by H. H. Yang et al. (2019) as students’ involvement is vital and their learning gains from
such SaaS cloud-based services are critical to the success of the educational process. Despite these
benefits for the higher educational institutes and students, studying the adoption factors as perceived
by the university students remains scarce or in the early phases in developing countries (Huang, 2016;
Kayali & Alaaraj, 2020; Okati et al., 2014; Ratten, 2013; Sabi et al., 2016; H. H. Yang et al., 2019). As
such, it is indispensable and plausible to explore these factors that warrant more efforts to explore
and gain more insights.

THE RATIONALE BEHIND STUDYING THE STUDENTS’ PERCEPTIONS OF
SAAS ACCEPTANCE

In principle, the selection focuses on university communities represented by students, as these com-
munities with a mixture of different races, cultures, languages, and beliefs, offer respondents from
different areas in Malaysia. These cultural differences are more likely to influence the perceptions, at-
titudes, and behaviors of the individuals (Hofstede, 1984). In this way, the differences in culture cre-
ates differences in the way that an individual thinks and acts and, accordingly, affects behaviors that
are socially acceptable or not (Sang et al., 2015). Consequently, the respondents from universities of-
fer an appropriate mixture that can be expected to provide a clear clue of the phenomena investi-
gated because different cultures provide different perceptions, opinions, and attitudes towards a be-
havior (i.e., adopting and using SaaS cloud computing services). In other words, the opinions gained
from this study would likely provide a wider view of different perceptions from different social and
ethnic groups regarding acceptance and adoption factors. This would, in turn, help SaaS venders,
higher education authorities, and universities to focus on the main factors affecting the adoption and
acceptance of this innovative technology. Furthermore, the students are one of the main pillars that
intensely use SaaS innovative technologies inside or outside the campus to access the various re-
sources, interact with online courses, and their learning gains from such SaaS cloud-based services
are critical to the success of the educational process (H. H. Yang et al., 2019). Moreover, when the
students inculcate the SaaS cloud computing culture, education, knowledge combined by skills and
opportunities offered at the university campus, this would urge them — when leaving the university —
to use and encourage others to adopt these services and applications. Also, it is more likely that once
they join the cadre in different organizations, this culture would be reflected in their working envi-
ronment and urge the management to use such handy, affordable, flexible, and reliable services pro-
vided by SaaS providers. Consequently, this would increase the likelihood of dispersing cloud compu-
ting usage, acceptance, and adoption and, therefore, would create multifold benefits for the SaaS
cloud computing service vendors, the organization adopting it, and the users who are already familiar
and have accepted this innovative technology. From a different perspective, the researchers may con-
sider that the low adoption rate of cloud computing services would be likely improved, and the ser-
vice providers can obtain more revenue in a win-to-win strategy if the salient factors are known from
different people with a variety of beliefs, cultures, backgrounds, and mindset. This proliferation can
be found at university campuses and concentrated in student communities. Noteworthy, major theo-
ries in information technology (i.e., Diffusion of Innovation theory (DOI), the decomposed theory
of planned behavior (DTPB), and TAM) that focus on the usage, acceptance, and adoption of
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systems have been developed in campus, which infer that students are a testbed and an important ele-
ment in perception studying and diffusion of innovative systems.

Drawing on the extant cloud computing literature reviews discussed so far, the main objective of this
study is to fill the abovementioned issues highlighted to provide more attention — especially in the
higher education sector represented by universities — by developing and evaluating a framework. In
addition, the researchers argue that the inclusion of social factors (i.e., subjective norms), personal
capabilities and capacities (i.e., perceived behavioral control), technological factors (i.e., perceived use-
fulness and perceived ease of use), and attitudinal factors in the current model is worthwhile to ex-
plore their expected vital roles in the acceptance process of SaaS cloud computing. To accomplish
the inclusion of these constructs to attain the intended hypotheses, the researchers employed two
theories, i.e., TAM and TPB. The rationale behind the selection is that both theories gained popular-
ity and dissemination in various assortments of users and technologies in various empirical studies.
However, each has its own limitations. That is, TAM posits that intention is determined jointly by at-
titude and perceived usefulness and that perceived ease of use affects the usefulness and attitude to-
wards the adoption of technology under consideration. However, TAM in its original form overlooks
the requisite resources or skills needed for performing the behavior (i.e., Perceived Behavior Control)
and the influence of others (i.e., subjective norms) in the social circle of individuals on performing
the behavior under study. TPB, on the other hand, included these two constructs to overcome the
limitations of TAM but neglects the crucial role and significant effect of perceived ease of use
(PEU) and perceived usefulness (PU) in shaping the attitude of individuals to adopt innovative tech-
nologies. Therefore, the integrated model suggested utilizes TAM (Davis, 1989) and TPB (Ajzen,
1985) constructs and is tested empirically to determine its applicability in the higher education setting
at Malaysian university campuses. Also, it uses the strength of both theories in achieving the goal of
the study. More precisely, this paper is an endeavor to explore the factors influencing the acceptance
and adoption process from the individual’s perspective as no deep substantial focus on individual’s
perception — especially students at higher education institutes — has yet been made to investigate the
usage and adoption process of SaaS cloud computing by this category.

Other sub-objectives include the exploration of the relationships between subjective norms and atti-
tude towards intention and the direct relationship of perceived usefulness and the adoption of SaaS
cloud computing. These relationships have not been included in the original theories’ framework and
scarcely used in the prediction of cloud-based acceptance models. This is considered one of the
unique contributions, to the best of the researchers’ knowledge, in the area of SaaS cloud computing
adoption models. Besides, the scope of this current research includes university students from three
public universities resides in northern Malaysian context.

The last objective considered is to conduct intensive and rigorous survey design and analysis beyond
the regular analysis followed in previous empirical research by not only examining the direct effects
of the respective constructs, but also the detailed analyses that cover, where many previous works ne-
glect due to paper length, the measurement and structural model analyses, such as the inclusion of
Heterotrait-Monotrait ratio of correlation, and approximate model fit analysis. Furthermore, com-
mon method bias analysis is overlooked in many recent empirical studies in education, technology,
banking, and business. Hence, this study explains these issues related to it briefly and summarized its
role in empirical studies. In this way, this research paper is considered one of the leading comprehen-
sive studies in the field of empirical studies in the context of SaaS cloud computing. The results that
emerge in this current study is expected to contribute to the body of knowledge and draw more in-
sights for the business strategists, the government legislators, cloud providers, and the university rec-
tors for building their future plans, as well as the higher education authorities. The remainder of the
paper is structured as follows. First, the literature review provides an overview of the theoretical
background, followed by the background of cloud computing concept and its classification. Then,
the hypotheses development with constructs of the model are delineated. After that, the
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methodology section is presented, followed by findings and discussion. Implications and limitations
and future directions sections are presented along with conclusion.

LITERATURE REVIEW

THEORETICAL BACKGROUND

Notwithstanding that a number of theories and models used to investigate the adoption of technol-
ogy or information system innovations — such as theory of reasoned action (TRA) (Fishbein &
Ajzen, 1975), TAM (Davis, 1989), and TPB (Ajzen, 1991) — are apparently similar, they seem to have
distinctive variables to explain and predict the behavior of interest (Piischel et al., 2010). TRA was a
leading approach and inspired many theories and models that are based on it with extensions. For ex-
ample, TAM was primarily aimed at predicting the adoption of information systems, and TPB was
developed to provide a special focus on the intention and subsequent behaviors in using IS (Infot-
mation System) (Glavee-Geo et al., 2017). In addition, Leung and Chen (2017) reported the im-
portance of the concept that the prudent considerations of available information and motivations
from the perspective of the adopter are elements that drive human behavior, which TRA and TPB
are derived from. Moreover, TPB is considered as an augmentation of TRA (Ajzen & Fishbein,
1977) and was developed to overcome its limitations as emphasized by Alzahrani et al. (2017). There-
fore, TPB extended TRA with perceived behavioral control, which gave it strength over TRA and
provided further insight to explain the behavior under consideration.

An extensive literature review shows a well-documented explanation in which theories are integrated
in many studies (Hsu et al., 2014; M. Jain et al., 2014; Joglekar, 2014) as they complement each other,
provide richer and potentially more explanatory power (Hsu et al., 2014), and therefore provide a
wider view and more insights of the innovative technology acceptance, usages, or adoption under
consideration. Glavee-Geo et al. (2017) pointed out that the integration provides more exploratory
power and predictability over the individual use of a single theory and further identifies cross-corre-
lation of the predictive variables of the investigated behavior (Pischel et al., 2010). Hence, the sug-
gested integrated model of the current study, using a single model framework, provides the estimated
strength of both theories and enhances our standing regarding the behavior of interest, taking ad-
vantage of both theories with a wider view of different factors.

Based on the above, the theoretical framework proposed departs from TPB and is augmented by in-
cluding constructs from TAM, i.e., the perceived ease of use and perceived usefulness, and their rela-
tionships to bring insightful understanding on the innovative services of SaaS cloud computing and
better understand the perception of individuals regarding the adoption and acceptance of this tech-
nology.

Also, other new relationships not in these original theories cover various beliefs and aspects of the
individual and give strength of the research framework. They cover the technological, social, attitudi-
nal beliefs in addition to personal capabilities. This holistic model that includes this variety is ex-
pected to introduce a wider scope of the phenomenon under investigation.

BACKGROUND ON CLOUD COMPUTING

Cloud computing is, in its simplest definition, an IT-related capability that is provisioned as a service,
which has advantages of higher performance, scalability, and availability, together with a low-cost ser-
vice that has better features compared with conventional data centers (Bhardwaj et al., 2010; Sarea &
Taufiq-Hail, 2021). These data centers connect many of its servers together locally and connect with
other data centers together by the Internet and cloud computing technology to provide IT services
and resources to consumers. The consumers may be close or far away from these scattered data cen-
ters, without having knowledge of the underlying technology infrastructure. The proliferation of
smart mobile devices, the increasing need for high performance computing, the high growth of the
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Internet usage with Internet of Things (IoT), and the need to reduce cost and energy paved the way
for a new and different computing model that provisioned IT-related resources as a utility (Bhardwaj
et al,, 2010). More importantly, the cloud concept shadows the green computing concept, in which a
cluster of servers can be built near inexpensive electricity sources (Marston et al., 2011).

In another aspect, various studies in the area of cloud computing adopted the definition of the U.S.
National Institute of Standards and Technology (NIST) from its final draft (Ghosh et al., 2012;
Mitchell & Meggison, 2014; Sarea & Taufiq-Hail, 2021; Simamora & Sarmedy, 2015). In this study,
the definition of cloud computing is also adopted from NIST, which defines it as, “a model for ena-
bling ubiquitous, convenient, on demand network access to a shared pool of configurable computing
resources (e.g, networks, servers, storage, applications, and services) that can be rapidly provisioned
and released with minimal management effort or service provider interaction. This cloud model is
composed of five essential characteristics, three service models, and four deployment models” (Mell
& Grance, 2011), which are explained in the following section.

CLoOUD COMPUTING CLASSIFICATIONS

Cloud computing is classified based on two models, i.e., the deployment model and the service
model. In the service model, there are three types. First, Software-as-a-Service (SaaS) is the topmost
layer of this classification and is simply explained as using the applications on the cloud infrastruc-
ture of the service provider by the consumer (Mell & Grance, 2011). In addition, SaaS applications,
which are provided through a technology coined as multi-tenancy technology, provision the software
and data to many users at the same time on a single instance of the software (Bhardwaj et al., 2010).
More importantly, SaaS services garnered the attention of researchers, practitioners, and I'T business
and became an online-centric functional software entity (Tomas et al., 2018).

The second layer of the service model is the Platform as a Service (PaaS), which is the middleware
layer, where programmers can have more control over it and use the programming tools and pack-
ages to develop software. Finally, the Infrastructure as a Service (IaaS) is the bottom layer of the ser-
vice level model, where users can have control over the hardware resources, such as memory, disk
space or processors to use or release on the basis of pay-as-you-use. The invention of virtualization
made it possible for these hardware resources to be used, shared, managed, and scaled up or down as
needed by the consumer.

The second classification of cloud computing is the deployment model, of which there are four
types. First, public cloud computing allows access to the data center from an outsider. In the public
cloud, the infrastructure and services are provisioned for open use by the general public over the In-
ternet on the basis of pay-per-use (W. Y. C. Wang et al., 2011). This model of cloud computing is
owned, managed, administered, and operated by organizations in government, academic institutions,
or businesses (Mell & Grance, 2011). The next type of deployment model is private cloud compu-
ting, where access is limited to insiders of an exclusive organization that has different business units
(Mell & Grance, 2011; WL Y. C. Wang et al,, 2011) and offers more security. The third type of deploy-
ment model is community cloud computing, in which different entities having the same interests —
such as security requirements, shared policies, and common mission interests — are connected in a
way to share resources among the members of this community (Jlelaty & Monzer, 2012; W. Y. C.
Wang et al., 2011). Finally, hybrid cloud computing is a mixture of any of the abovementioned de-
ployment models.

It is noteworthy that many services implemented at universities are deployed at the top of the SaaS
cloud computing layer with hybrid cloud computing. These services include but are not limited to
hosting services for university students as well as academic and non-academic staff, e-learning re-
sources, digital archiving of records, and portals that cater to the students, academic staff, and admin-
istration and non-academic staff.
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HYPOTHESES DEVELOPMENT AND RESEARCH MODEL

Behavior intention (BI)

Behavior intention is considered the major factor that predicts the behavior in question, and it gauges
the person’s relative strength to perform a certain behavior (Shin, 2013). Reviewing the literature, dif-
ferent definitions for BI in different contexts can be identified. For example, the following definition
in the context of cloud computing defines BI as “the degree to which a student has formulated con-
scious plans to use or not use cloud services in the future” (Arpaci et al., 2015, p. 95). Another more
comprehensive and adopted definition is reported by Taufig-Hail et al. (2017a, p. 38) in which they
defined BI as, “the degree in which the individual, student & academic staff, using SaaS cloud com-
puting services has formulated conscious plans to use/accept ‘or adopt’ SaaS cloud computing set-
vices in their academic studies or communications with others inside or outside the campus.” It is
worthwhile to note that behavior intention (BI) is widely adopted in the literature in different con-
texts and models and is found to be a strong and significant predictor of behavior, adoption process,
or acceptance of certain services or technologies (Alalwan et al., 2017; Dong et al., 2017). Addition-
ally, the inclusion of BI is apparent in many models and theories; for example, TRA (Fishbein &
Ajzen, 1975), TAM (Davis, 1989), TPB (Ajzen, 1991), and the decomposed theory of planned behav-
ior (DTPB) (Taylor & Todd, 1995), in which they affirm that BI is the main driver of behavior.
Hence, the following hypothesis is postulated:

H 1. BI positively and significantly impacts accepting and using SaaS' clond computing.

Subjective norms (SN)

Considerable work has been done in the literature to investigate the impact of subjective norms in
the social sciences and was given special attention in academia. It has been identified as “a specific
individual expects one to perform or not to perform the behavior combined with one’s motivation to
comply with these specific individuals” (Bagozzi, 1992, p. 180). In the context of this study, the sub-
jective norms (SN) construct is defined as the extent to which the SaaS services users urge others to
adopt/accept (ot not to adopt/accept) SaaS cloud computing services in their daily academic rou-
tine/tasks combined with the motivation that those others would comply with them.

In adopting innovative technologies, Pedersen (2005) explained that the role of SN was not compre-
hensively explained and well-defined in ICT research due to the nature and type of applications and
services provided or offered of innovative technologies. This role may vary from one type of tech-
nology to another. Apart from that, colleagues, classmates, friends, and lecturers who are in the same
social circle inside/outside the university campus can be potential users/adopters of SaaS cloud-
based services. They may exhibit a significant influence on the student to use, accept, or adopt the
services and applications offered freely in the campus portal or in the internet space. Based on hu-
man nature, when one expects risks or a potential uncertainty and fear, he/she may seck a second
opinion from others and not relying on one’s own opinion (Sharma et al., 2017), especially when it
comes to a new technology service such as SaaS cloud-based applications. Therefore, students in
their daily academic life tend to gather together to listen, learn, discuss, and exchange new experi-
ences, ideas, practices, and knowledge within their social circle in addition to the role of supervisors
and lecturers to open their minds and asking to adhere to use such technology to comply with uni-
versity regulations in using online SaaS cloud-based portals.

Reviewing the literature shows that there is a paucity of studying the direct relationship between SN
and the actual behavior in general, and specifically in the area of SaaS cloud computing, However,
there are a limited number of studies that have postulated the significant effect of SN on the actual
behavior. The findings emerged from these studies with no significant relationship between the two
constructs. For example, Janmaimool (2017) postulated that individuals will engage in waste manage-
ment behavior (WMB) if others (i.e., referents) will be engaged in WMB. On the other hand, the
findings did not reveal a significant direct impact with WMB; rather, it shows this significance
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indirectly through organizational norms, which is a category of social norms. Similarly, another study
by Mafabi et al. (2017) conducted in the area of knowledge sharing revealed that the relationship SN
— knowledge sharing (i.e., the actual behavior) appears to be nonsignificant against the hypothesis
of the researchers. Therefore, these findings draw more ambiguity on the direct relationship between
SN and behavior in what is posited and what is empirically found. In comparison, a study conducted
by Alzahrani et al. (2017) found a significant and positive direct relationship between SN and the ac-
tual use of online game playing;

Based on the above literature review and justifications, the researchers argue that the effect of SN
has a crucial influence on the decision to adopt SaaS cloud-based services and applications; hence,
the following hypothesis is presented:

H2-1 The SN latent construct is excpected to have a direct, positive, and statistically significant effect with AUSaas.

In another aspect, some previous work investigated the relationship between SN and attitude (ATT)
of the respondents. For instance, H. C. Yang and Zhou (2011), in their study on mobile viral market-
ing utilizing young American consumers, found that SN exert an empirically significant and positive
relationship with the consumers’ attitude. Likewise, another study conducted by Hamari and Koivisto
(2013) to investigate the role of social factors on the attitude towards gamification services, revealed
a significant and positive effect of SN on ATT. In the same token, a study conducted to investigate
the influence of SN on ATT towards buying organic food found a statistical and significant positive
correlation between the two constructs (Al-Swidi et al., 2014). Similarly, Pedersen (2005) in his work
indicated the importance of adding SN — AT'T relationship in the modified version of decomposed
theory of planned behavior (DTPB) toward the adoption of mobile services and the final model re-
vealed a statistical positive and significant relationship between SN and ATT. Interestingly, more re-
cent studies (Arpaci, 2016; Taufig-Hail et al., 2017a) confirmed the positive and significant role of
SN on ATT towards the adoption of cloud computing services.

In the context of the current study, the researchers articulate that the students are assumed to adopt
Saa$S cloud computing services as a result of receiving positive feedback from their friends and com-
panions who are using it, talking about it positively, touching the tangible benefits, and urging them
to use these innovative services (Hernandez et al., 2011). Consequently, as a result of this social influ-
ence in their university community circle, students would be more willing and more likely to accept,
use, and adopt SaaS services and applications. In principle, in collectivist societies, people rely on
other referents to do specific behavior, especially when it comes to decision taking. The fear of risk
in doing the specific behavior is mitigated or at least avoided when other referents in the social circle
had a positive outcome of practicing the behavior in question. Malaysian culture is in this category
where social influence is strong and in general collectivist societies tend to exchange experiences
among its individuals. Based on the abovementioned literature review, the researcher assumes that the
said relationship has received strong support and the conceptual reasoning underlying the relation-
ship between SN and ATT. Accordingly, the following hypothesis is formulated:

H2-2. The SN latent construct is expected to have a direct significant and positive relationship with ATT.

Perceived behavior control (PBC)

The intention to use any technology is driven and predicted by three different beliefs: attitudinal be-
lief, normative belief, and control beliefs, as stipulated in TPB (Ajzen, 1991) and DTPB (Taylor &
Todd, 1995). PBC can be said to be, “the perceived ease or difficulty of performing the behavior and
it is assumed to reflect past experience as well as anticipated impediments and obstacles.” (Ajzen,
1991, p. 188). For the purpose of this research, PBC can be defined as the perceived ease or difficulty
in performing different tasks using SaaS cloud computing services, and it is assumed to reflect the
past experience of the university student to use technology skills they possess, in addition to the an-
ticipated obstacles to perform such tasks with SaaS cloud-based services.
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Moreover, PBC has received theoretical support in TPB (Ajzen, 1991) and DTPB (Taylor & Todd,
1995) theories, respectively, as well as empirical support in different contexts (Chang et al., 2016;
Yeap et al., 2016), in which a significant and positive directional relationship PBC — Bl is estab-
lished. However, other previous works in the literature reveal a nonsignificant relationship between
PBC and BI (S. Jain et al., 2017; Renda dos Santos & Okazaki, 2016). These inconsistencies raise a
cautionary concern to investigate the said relationship in the context of the Malaysian higher educa-
tion sector, represented by the students at a university level in the area of SaaS cloud computing.

Reviewing the literature with respect to the relationship PBC — actual behavior, it is found that there
is a scarcity of previous works that study this direct relationship of PBC — as a single construct — em-
pirically, although theoretically supported by TPB. In addition, a majority of research papers ne-
glected and overlooked the direct relationship from PBC — AUSaaS (i.e., the actual behavior) and
only focused on its relationship with Bl instead of studying both directions; that is, PBC — BI and
PBC — AUSaaS. However, some studies revealed the positive and significant relationship between
PBC and the actual use or behavior (Alzahrani et al., 2017; Cheung & To, 2016; S. Jain et al., 2017).
Additionally, the results of the study by Mafabi et al. (2017), in which the results reveal full mediation
between PBC and the actual behavior, implies a nonsignificant relationship between PBC and the ac-
tual behavior because, in the full mediation case, the mediator tries to absorb the direct effect be-
tween PBC and the actual behavior (Hair et al., 2014; Nitzl et al., 2016). Therefore, we assume a non-
significant relationship between PBC and the actual behavior in this research. In addition, it is worth
understanding that PBC is determining both the intention and the interested behavior because when
doing something is easier, within the ability, and under control, the behavior perceived would be
more likely to influence future behavior or have the intention to perform that behavior or adopt the
behavior in question (Smith & McSweeney, 2007). Based on the contradictory findings combined
with the scarcity of studying the PBC effect on AUSaaS directly, this study postulates the following
two hypotheses:

H3-1 The PBC latent construct is expected to have a nonsignificant relationship with AUSaaS.
H3-2. The PBC latent construct is expected to have an empirically significant relationship with BI.

Attitude (ATT)

Attitude is given a remarkable amount of attention for predicting BI and actual behavior in different
theories; namely, TRA (Fishbein & Ajzen, 1975), TPB (Ajzen & Fishbein, 1980), DTPB (Taylor &
Todd, 1995), and TAM (Davis, 1989). It is defined as “the degree to which a person has a favorable
or unfavorable evaluation of the behavior in question.” (Ajzen & Madden, 1980, p. 454). Aligned
with the above definition, ATT is defined in the current study as the degree of favorable or unfavora-
ble assessment felt by the individual at the university level regarding the adoption, acceptance, or us-
age of SaaS cloud computing services and applications. In addition, TPB by Ajzen (1991) implies
that the positive ATT that the individual possesses forms the future intention to embrace a specific
behavior. Additionally, ATT is found to be a strong and robust antecedent of BI in various studies,
especially those related to ICT and innovative technologies, and it exerts a positive and significant re-
lationship with BI (Arpaci, 2016; Gao & Huang, 2019; Salahshour Rad et al, 2019; Taufig-Hail et al.,
2017Db). It is worthwhile to note the positive advantages of SaaS cloud computing to the students of
this innovative technology for accomplishing their academic tasks, which would most likely shape
their intention towards the adoption of this technology. That is, the context of SaaS cloud compu-
ting online services, the around the clock access to applications, storage, and other SaaS services —
regardless of location, time, or device — make it advantageous compared with other conventional
methods. Hence, these tangible benefits of SaaS services presumed by the students in their academic
life would likely affect their ATT and, therefore, influence their intention to perform the behavior in
question. Following this line of reasoning, this hypothesis is considered:

H4 ATT has a direct and positive influence on Bl to use, accept, and adopt Saa$' clond computing services and ap-
Plications by the nniversity students in their academic work.
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Perceived usefulness (PU)

Perceived usefulness (PU) is defined as “the degree to which a person believes that using a particular
system would enhance his or her job performance” (Davis, 1989, p. 320). In other words, when there
is a higher perceived usefulness of an innovative technology, such as SaaS cloud computing services,
there is also a higher possibility that users will be quickly driven towards the actual adoption or ac-
ceptance of SaaS cloud computing innovation technology. In the context of cloud computing, Park
and Kim (2014, p. 378) define PU as, “the degree to which users believe that using mobile cloud ser-
vices improves their job performance and predicts that it will have similar positive effects on attitude
toward and intention to use mobile cloud services.” Drawing on the previous definitions, this study
defines PU as the degree in which university students believe that SaaS cloud computing services’ us-
age, acceptance, or adoption improve and enhance their performance in academic achievements and
are perceived to be better usable, understandable, and reliably accessible compared with the conven-
tional methods — e.g., storing/uploading/sharing different data in a local computer or inside a local
server — that would eventually lead to positive effects on attitude and the usage, acceptance, or adop-
tion of Saa$ cloud computing services and applications.

PU has emerged as one of the significant and dominant factors influencing and determining the
adoption of cloud-based applications and services owing to outstanding and exceptional characteris-
tics inherited (Sharma et al., 2016). These features include, but not limited to, the low cost, accessibil-
ity, variety of IT resources, flexibility, reliability, and pay-as-you-use paradigm regardless of location,
time, or device, as long as one has means of connectivity to the cloud. Owing to these perceived use-
ful features, one’s job is assumed to be more efficient, and productivity would likely increase. The ra-
tionale behind the inclusion of the PU — AUSaaS relationship in the current research rests on the
students’ perception on the usefulness of using, accepting, or adopting SaaS services and applications
— e.g,, exchange and sharing files using social media applications, Dropbox, Google Drive, Microsoft
OneDirive, etc. that leverage the conventional I'T methods — in their academic life inside or outside
the university campus, which would eventually improve their academic work and increase their pet-
formance and academic productivity. In this case, it is more likely that this positive perception of
usefulness would be reflected in their usage, acceptance, or adoption SaaS services.

Based on the review of previous works in the existing literature, it can be observed that a majority of
research on technology adoption and acceptance models and their extensions focus on the relation-
ship PU—BI (Besbes et al., 2016; Dong et al., 2017; Huang, 2016; Venkatesh & Davis, 2000) and less
attention is given to PU — actual behavior. However, there is a limited number of previous works
which identified that PU has been validated and included in models with a causal linkage from PU to
the actual use, acceptance, or adoption of technology. Consequently, based on the above arguments
and the dearth of studies in the relationship PU — AUSaaS, the following is hypothesized:

H5-1. PU is believed to have a direct, strong, positive, and statistically significant relationship with AUSaaS.

In addition, reviewing the previous works in the literature, a consensus in academia that PU is a
strong influencer of ATT can be identified. This notion is supported by a large body of research
(Baturay et al., 2017; Besbes et al., 2016; Huang, 2016; Ma et al., 2016). Furthermore, this relationship
confirmed its theoretical foundation by TAM in studying the individual’s behavior (Davis et al., 1989)
and DTPB (Taylor & Todd, 1995). For example, Davis (1989) emphasized the pronounced and
stronger effect of PU on ATT compared with that of perceived ease of use. Davis explained further
that adopting an application in a system is at the utmost priority accomplished by its usefulness (i.e.,
the function it performs for them) and then by how easy or hard to get the system to perform these
functions (i.e., the ease of use). To put things together, the researchers assume the strong support of
the relationship PU —ATT empirically and theoretically that the situation holds for this relationship
in the context of the current study and expect to find an important effect of PU in driving respond-
ents’ ATT to accept, use, or adopt SaaS Cloud computing services and applications. To further ex-
plain, when the students feel that SaaS services and applications are useful in their daily academic
tasks, it will be more likely to influence their attitude to use it, as this will create a positive perception
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in that it will reflect in their performance and productivity in their academic achievements. Hence,
the following is hypothesized:

H5-2. PU is believed to have a direct, positive, and statistically significant relationship with ATT of respondents to
use, accept, or adopt SaaS' cloud compnting.

Perceived ease of use (PEU)

Perceived ease of use (PEU) has its theoretical foundation in theories such as TAM (Davis et al.,
1989) and DTPB (Taylor & Todd, 1995). It is defined as, “the degree to which a person believes that
using a particular system would be free of effort” (Davis, 1989, p. 320). In particular, Davis added,
“This follows from the definition of ‘ease’ freedom from difficulty or great effort”. In other words,
Davis is pointing to the feelings of being free from worries, difficulties, or effort to achieve the per-
ceived performance when using the innovative system. More precisely, the more easily that the tech-
nology or innovation is perceived, the more likely is this technology influencing the ATT. Drawing
on the above, the study defines PEU as the degree in which the SaaS cloud computing services’
adoption, acceptance, or usage is believed to be easy and free from worries, difficulties, or effort to
achieve the perceived performance by the individuals (i.e., students) and is readily understandable.
Further, the relationship PEU — ATT has gained empirical support in the literature by various works
in different contexts (Dong et al., 2017; Huang, 2016; Richad et al., 2019; Smith, 2008), in which the
results reveal a positive and significant relationship with ATT.

In addition, drawing upon TAM, PEU appeared to be a significant influencer and has a direct effect
on PU because the easier the technology to use, the more useful the individual would perceive its use
(Venkatesh, 2000). Moreover, the findings affirm the association between PEU and PU by the study
of Venkatesh (2000). This finding is further supported with a large body of literature (Arpaci, 2016;
Dong et al.,, 2017; Huang, 2016; Richad et al., 2019). However, other findings are not aligned with
abovementioned results. Agarwal and Karahanna (2000), for example, found an inconsistent result in
their study that demonstrates that PEU is not associated with PU. Another study by Smith (2008) re-
vealed similar findings in the nonsignificant statistical effect of PEU on PU in finding the products
while searching on the web sites. Agarwal and Karahanna (2000) referred to the search and not the
purchase of goods on the web sites that led to the reduction of the impact of PEU on PU. Based on
these inconsistencies in previous works the researchers articulate to investigate this relationship in the
context of the current study and explore this relationship in the area of SaaS cloud computing.
Moreover, when a technology is perceived difficult to be understood, used, or accessed, it is unlikely
to be used, accepted, or adopted, as a negative perception is created. In contrast, when it is easy, ac-
cessible, and understandable, it would likely increase the students’ acceptance and productivity in
their tasks and assignments in academic life. Consequently, this creates a positive perception on them
of its usefulness. Therefore, the following is hypothesized:

H6-1 PEU has a direct and positive influence on ATT to use, accept, or adopt Saa$' clond computing services and
applications by the university students in their academic work.

H6-2. PEU has a direct and positive influence on PU to use, accept, or adopt SaaS' clond computing services and ap-
Pplications by the university students in their academic work.

In summary, after developing the hypotheses, the researchers propose the conceptual framework
with the relations postulated in the study (refer to Figure 1). All constructs are represented in reflec-
tive mode, where arrows pointing from latent constructs to the items (or indicators).

METHODOLOGY

THE POPULATION AND SAMPLE

The population of the study is the student in the higher education sector of public and private uni-
versities. The sample frame is the students in degree level at public universities in Malaysia, and
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finally, the sample is the students drawn from three public universities in the northern part of Malay-
sia. The researchers took into account the variety of the respondents to be from different schools
and geographical locations. Having this variety in mind would presumably cover different groups of
the community with different cultures, perceptions, and ethnicity. In principle, the selection of the
sample focused on university communities represented by students, as these communities — with a
mixture of different races, cultures, languages, and beliefs — offer respondents from different areas in
Malaysia. These cultural differences are more likely to influence the perceptions, attitudes, and behav-
iors of the individuals (Hofstede, 1984). In this way, the differences in culture creates differences in
the way that an individual thinks and acts and, accordingly, affects behaviors that are socially accepta-
ble or not (Sang et al., 2015). Therefore, the respondents from universities offer an appropriate mix
that can be expected to provide a clear clue of the phenomena investigated because different cultures
provide different perceptions, opinions, and attitudes towards a behavior (i.e., adopting and using
Saa$S cloud computing services). In other words, the opinions gained from this study would likely
provide a wider view of different perceptions from different social and ethnic groups regarding the
acceptance and adoption factors. This would, in turn, help SaaS venders, higher education authorities,
and universities to focus on the main factors affecting the adoption and acceptance of SaaS services
and applications.

MEASUREMENTS SURVEY INSTRUMENT

A survey instrument was used in a quantitative research approach to explore and evaluate the rela-
tionships in the model postulated. The respondents (i.e., the unit of sampling) of the study are stu-
dents from three public north Malaysian universities (sample frame). A structured questionnaire with
two parts was designed. The first part was the demographics that are pertinent to age, gender, and
race, and the second part (see the Appendix) covered the different beliefs of the respondents with
the constructs related to the current study. For simplicity in understanding the questions, pictures of
Saa$S cloud computing services were added in the survey. These pictures facilitated the comprehen-
sion of the services in a visualized way and made answering the survey enjoyable.

The items were borrowed from the well-established and published former works and based on differ-
ent models or theoties. Also, the instrument adapted, their construct validity and internal consistency
and reliability (i.e., Cronbach’s alpha and construct validity based on Hair et al. (2017)) were tested,
validated, and proven its scales. The items were scored using a five-point Likert scale (Likert, 1932),
where 1 = strongly disagree to 5 = strongly agree. Modifications were made to suit the context of the
study. Afterwards, the questionnaire instrument was sent to a group of experts to confirm its content
validity, i.e., the suitability, the meanings of the questions reflecting what is intended by the research-
ers, and the simplicity in understanding the questions without difficulty or misinterpretation. The
group of experts are professionals in the field of questionnaire development and empirical studies
that focus on the interaction between technology and innovation. On the other hand, they possess
expertise in studies that focus on human behavior such as acceptance, adoption, and usage of inno-
vative systems in different fields. Based on their recommendation amendments were made. SmartPLS
3.2.7 (Ringle et al., 2015) partial least squares structural equation modeling (PLS-SEM) software was
used as a main analytical tool to analyze the validity of the items used and to assesses the hypotheses
of the current study. SPSS version 21 was used to analyze the respondents’ demographic profile.

SAMPLE SIZE AND SAMPLING PROCEDURE

In practice, it is not logical to select each member of the targeted population; therefore, the need for
a sample in the targeted population is crucial. The sample is defined as, “a subgroup of the target
population that the researcher plans to study for generalizing about the target population” (Creswell,
2012, p. 142). A sample is a representative of the whole population under investigation and is a sub-
set of the population. In other words, “It comprises some members selected from it (i.e., some not
all elements of the population)” (Sekaran, 2003, p. 266). For these reasons, the researchers studied
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the sample to draw a conclusion that could be generalized to the whole population under study
(Sekaran, 2003). The sample frame or targeted population is selected to be the students from the
public universities in the northern Malaysia.

More importantly, the selection of the north part of Malaysia for sampling is based on the following
notions. Firstly, Malaysia represents Asia with all its varieties of different cultures (i.e., Chinese, In-
dian, and Malay), languages, beliefs, and it is considered truly Asia (Ndubisi, 2012). Secondly, Malaysia
is a multi-ethnic and multi-cultural country that can present many of the cultures in Asia (Thien et
al., 2014). More importantly, the culture values have an influence on how the people think and be-
have when it comes to the introduction of an innovative new technology such as SaaS services (Choi
et al,, 2014). Thirdly, Thien et al. (2014) demonstrated the three dominant ethnic groups in Malaysia
that consist of Malay, Chinese, and Indians in which they have distinguished cultures, languages, be-
liefs, religions, and values. These unique differences influence the perceptions of these groups and
assure the importance of this variety of differences that are based on Hofstede’s cultural values
(Thien et al., 2014). This view is also in line with Cohen’s (2007) in which he pointed out the role of
culture in influencing a specific behavior and commitment within the same country. Fourthly, in Ma-
laysia the students enrolled in any university have to come from different districts and areas of Ma-
laysia. The government implements a specific strategy to mix the students from different ethnic
groups and geographical areas (i.e., different districts) aimed to impose the harmony in Malaysian so-
ciety that includes universities. More importantly, universities are the source of imparting the
knowledge and technological skills for the community it resides in and are a microcosm that encom-
passes diversity of cultures and social groups (Sabi et al., 2016). Therefore, when studying the ac-
ceptance, usage, or adoption of SaaS services inside the universities, we are actually studying the
whole community that is representative of the society of the Malaysian context.

In principle, sampling is divided into two types; namely, probability sampling and non-probability
sampling. The probability sampling is the most rigorous way of sampling in quantitative research as
the sample is representative of the population under study and therefore can be generalized (Cre-
swell, 2012). Further, probability sampling can be defined with four types; namely, simple random
sampling, systematic sampling, cluster sampling, and stratified sampling (Creswell, 2012). In fact, the
study conducted a complex multistage cluster sampling, then stratified proportionate sampling and,
finally, on its last stage for testing respondents, the random sampling was conducted.

To explain more, firstly, the cluster sampling in its concept aims to divide the large population into
groups with diverse characteristics within groups and common characteristics among these groups
(Sekaran, 2003). The definition of cluster sampling is referring to “Groups or chunks of elements
that, ideally, would have heterogeneity among the members within each group (and) are chosen for
study in cluster sampling” (Sekaran, 2003, p. 274). In this study, the researchers assume that heteroge-
neity resides within the different three parts of the Malaysian Peninsula based on geographical loca-
tion (i.e., the first condition), and homogeneity that exists among the groups of the cluster as the re-
spondents are students studying at the universities (i.e., the second condition). Moreover, the cluster
sampling can be either single stage (Sekaran, 2003) or multiple stage (Creswell, 2012; Sekaran, 2003).
In principle, in this current research, the researcher adopts the multi-stage probability sampling that is
given by Sekaran (2003, p. 275) as in the following example, “if we were to do a national survey of
the average monthly bank deposits, cluster sampling would first be used to select the urban, semi-ur-
ban, and rural geographical locations for study. At the next stage, particular areas in each of these lo-
cations would be chosen. At the third stage, banks within each area would be chosen”. The study fol-
lows the example explained and three stage cluster sampling strategy is implemented in the higher
level of sampling: (1) Malaysian Peninsula is divided into three geographical locations (i.e., Northern,
Middle, and Southern part); (2) then selecting the Northern part of the Malaysian Peninsula as a sec-
ond step; (3) after that, this cluster is divided into smaller clusters (i.e., universities); and finally (4) the
students are sampled.
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Secondly, the second sampling step is employed by utilizing stratified sampling. Stratified sampling is
a probability sampling in which the population is stratified or divided into chunks or stratum (i.e., sin-
gle of strata) based on specific characteristic. Sekaran (2003, p. 256) asserts in this sampling “each im-
portant segment of the population is better represented, and more valuable and differentiated infor-
mation is obtained with respect to each group.” Sekaran also explains that it suits different scenarios
to be used and the population can be stratified according to the size of company, geographical area
(region), gender, age, department, function, or a combination of these elements. An example of the
stratification is given by studying the consumer preferences for a specific product, where market seg-
ments, gender, age, geographical area are possible stratum where differences or heterogeneity do exist
(Sekaran, 2003). In the same vein, if we study the perceptions of the students pertaining the SaaS
adoption, acceptance, or usage, it is plausible to divide the university into different schools or stratum
(i.e., this is congruent with the previous example of market segment and function that represent dif-
ferent schools of the university). Furthermore, there are two conditions in this regard: the homoge-
neity within the group, and heterogeneity among groups (Sekaran, 2003). To explain, the universities
were divided into different groups or strata, where each school is regarded as one stratum and heter-
ogeneity among different schools is conspicuous as they offer different fields of study as explained
carlier. On the other hand, homogeneity within each stratum or school is obvious as the unit of sam-
pling is the student studying at the same school of the same university. Accordingly, the selection of
the stratified sampling is the second stage of sampling, after clustering phase (i.e., three clusters of
Malaysian Peninsula — selection of Northern part as one cluster). To summarize the sampling pro-
cedures — and based on the foregoing argumentation — in this study, the population is divided into
three geographical clusters and one cluster is chosen, i.e., northern part of Malaysian Peninsula. After
that, the universities (i.e., the strata in the selected cluster) with different schools were chosen with
stratified sampling based on the size and field of study. Finally, in its last stage for testing respond-
ents (i.e., the student), the random sampling is conducted to collect responses as recommended by
the literature (Sekaran, 2003).

Pertaining the identification of the sample size, there are number of methods, such as the rule of 10
where the maximum number of indicators in formative or reflective construct or the maximum num-
ber of structural paths towards a specific construct in the model are multiplied by 10 (Hair et al.,
2017). Also, rules provided by Cohen’s statistical power analysis and the G*Power statistical power
analyses software package are other methods to identify the minimum sample size (Hair et al., 2017).
However, based on the recommendations of Hair et al. (2017), the G*Power statistical power anal-
yses program was utilized. Hence, for an effect size of 0.15 (medium), an alpha error probability of
0.05, and a statistical power of 0.80, the minimum sample size required found to be 98. However, a
larger sample size provides a better statistical power and expands our insights of the phenomenon
under study. Therefore, the researchers articulated to collect as many responses as possible within
different resources available. After collecting the responses, the total valid number of responses was
289, out of 450 distributed questionnaires, which achieved 0.99 statistical power.

FINDINGS AND DISCUSSIONS

DATA SCREENING AND COMMON METHOD BIAS ANALYSIS

The total number of questionnaires distributed was 450. The collected number of questionnaires was
378 responses. The screening phase started after the collection of the responses. The procedure con-
ducted to eliminate the unfilled and uncompleted responses, the ones with similar response’s patterns
or stylistic and nondifferentiated manner, and finally the outliet’s analysis and removal of these re-
sponses were conducted. Consequently, the valid number of responses of the current study obtained
was 289 with response rate of 64.22%.

Pertaining to common method bias (CMB), it is widely agreed in academia that the measurement
method error is the cause of the common method variance bias and not the constructs per se that
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were measured by these items (Podsakoff et al., 2003). In principle, method bias has a critical effect
on items’ validity and reliability as well as the covariation between constructs (Mackenzie & Pod-
sakoff, 2012). To evaluate the common method bias variance, the researchers performed Harman’s
one-factor test, which is the most widely used technique in academia (Podsakoff et al., 2003). This
technique is performed by loading all the items into an exploratory factor analysis (EFA). The unro-
tated component principal factor analysis with one fixed factor to extract was used. Then the varimax
was used to simplify the factor structure for each data set (Podsakoff et al., 1984).

If a single factor emerged from this analysis or one factor found to account for the majority of the
covariance of all items included in the analysis (Podsakoff et al., 2003), then common method vari-
ance does exist. Hence, it is presumed problematic and threatens the validity of the conclusion of the
relationships among items or indicators of the measurement used. In other words, measurement er-
rors are the main source of method biases (Podsakoff et al., 1984). Consequently, common method
bias (CMB) was investigated before proceeding to the analysis of the model.

Fortunately, the analysis conducted revealed more than one factor and no factor explains the substan-
tial amount of the covariance of the variables entered. The largest value obtained from the first vari-
able was 48%, which is less than the suggested threshold. Therefore, no general (or single) factor that
represents all or the majority of the variables (i.e., items) was found. That is to say, no single factor
emerged to fit all dataset.

Notwithstanding ruling out the possibility of CMB by using such analysis is not the optimal solution
as argued by Podsakoff et al. (2003), it offers some post hoc evidence and a clue for its absence (Kart-
jaluoto et al., 2002). Besides, there was not a single source for data collection in the current study —
i.e., data gathered from different sources, e.g. respondents of different educational level, ages, races,
and different schools — and that further diminish the probability for CMB as noted by Mattila and
Enz (2002). After conducting the above initial procedures, the investigation revealed no issues of
common method bias; so, the researchers proceeded with the analysis in the following subsections.

DESCRIPTIVE STATISTICS

When analyzing the demographics, the results show a majority of females (72.3%) over males
(27.7%). Furthermore, by referring to the group distribution on Table 1, the results show that Group
1 (18-206) consisted of 95.5% of the respondents, followed by Group 2 (27-35) with 2.8%, and
Group 3 (36-44) with 1.7%. As the demographics data show, the majority of the respondents are fe-
male (which reflect the actual population of the Malaysian society), and the dominant age is in Group
1 (i.e., 18-26), where the young generation’s perception of the current study is obtained. Different
races were identified with different ethnicities, showing that 60.6% were Malay, 26% Chinese, 10.7%
Indians, and 2.8% the other ethnicities. These statistics reflect the actual society in Malaysia. Interest-
ingly, with the clear diversity of the respondents, this would likely provide more views of the differ-
ent races and highlight the aspects related to the adoption, usage, and acceptance of the SaaS cloud
computing area of research. Table 1 summarizes the results.

Table 1. Demographic profile descriptive analysis

Category Frequency Mean Std. Deviation Percentage
Gender 1.72 0.448
Female 209 72.3%
Male 80 27.7%
Age group 1.06 0.305
Group 1: 18-26 276 95.5%
Group 2: 27-35 8 2.8%
Group 3: 36-44 5 1.7%
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Category Frequency Mean Std. Deviation Percentage
Ethnic gronp 1.71 0.305
Malay 175 60.6%
Chinese 75 26%
Indian 31 10.7%
Others 8 2.8%

MEASUREMENT MODEL ASSESSMENT

First and most importantly, the assessment of the measurement model should be performed before
proceeding to examine the hypotheses of the model. If no issues arise in the measurement model
assessment, then proceeding with the analysis is warranted. The procedure included evaluation of
three steps, namely: (1) the convergent validity; (2) the internal consistency and reliability; and finally
(3) the discriminant validity. Meeting these three steps makes it possible to proceed to the structural
model analysis (i.c., the hypotheses testing).

The first step in the measurement model assessment is to check the convergent validity, which in-
cludes the assessment of the average variance explained (AVE) and the loadings of the items (indica-
tors). The loadings should be within the range of the threshold, 0.7 or above, as well as AVE for all
constructs should be 0.5 or above as indicated by Hair et al. (2017). It is worth mentioning that load-
ings between 0.4 and 0.7 are considered for deletion only if their deletion results in an increase in
composite reliability (CR) and AVE as stressed by Hair et al. (2017). By referring to Table 2 results, it
is clear that there are no issues of the convergent validity, as all indicators have loadings range of 0.7
-0.9 and exceeds the recommended threshold of 0.7. After that, AVE is examined against the thresh-
old of 0.5. Results show that AVE values range between 0.5-0.8 for all constructs, which meets the
requirements. Additionally, tho A range is 0.7-0.9, which is within the threshold of the recommended
value 0.7 (Latan et al., 2018). By meeting the thresholds of AVE and items’ loadings, the convergent
validity is established (Hair et al., 2017). The second step in the measurement evaluation process is to
test the internal consistency and reliability, where CR can be in the range of 0.6 to 0.7 in exploratory
research, as is the case of the current study (Hair et al., 2017), and Cronbach’s alpha is preferably to
be above 0.7. The results of CR are in congruent with the critical values where the values range (0.8-
0.9) exceeds the threshold. After that, the Cronbach’s alpha is checked against the threshold. Table 2
shows that the obtained values range (0.7-0.9) is falling within the recommended cut-off values. By
meeting the two criteria, the internal consistency and reliability for the constructs are established as
indicated by the literature (Hair et al., 2017). It is worth mentioning that CR is the upper limit of the
reliability and Cronbach’s alpha is the lower limit of reliability and reporting both is essential based
on the recommendations of Hair et al. (2017).

Table 2. Internal consistency, reliability, and convergent validity

Latent Variable Items Loadings rho_A | Ave Cr Cronbach’s «
>=07 >=07 [>=05|>=07 ]0.6-0.9
AUSaaS AUSaaS1 0.7 0.7 0.5 0.8 0.7
AUSaaS2 (0.7
AUSaaS3 (0.8
AUSaaS4 |0.7
BI BI1 0.9 0.9 0.8 0.9 0.9
BI2 0.9
BI3 0.9
BI4 0.9
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Latent Variable Items Loadings rho_A | Ave Cr Cronbach’s a
>=07 >=07 [>=05|>=0.7 ]0.6-0.9
ATT ATT1 0.9 0.9 0.7 0.9 0.9
ATT2 0.8
ATT3 0.9
ATT4 0.9
SN SN1 0.9 0.9 0.8 0.9 0.9
SN2 0.9
SN3 0.9
SN4 0.9
PBC PBC1 0.9 0.9 0.7 0.9 0.9
PBC 2 0.9
PBC3 0.9
PBC 4 0.8
PEU PEU1 0.8 0.9 0.8 0.9 0.9
PEU2 0.9
PEU3 0.9
PEU4 0.9
PU PU1 0.8 0.9 0.7 0.9 0.9
PU2 0.9
PU3 0.9
PU4 0.9

The third step in the analysis of the measurement model is to check the discriminant validity of the
constructs. Following these considerations, the discriminant validity is assessed in a three-step ap-
proach by investigating the different coherent and complete analysis of: (1) Fornell and Larker’s
(1981) criterion; (2) cross-loadings, and (3) HTM Ty (Heterotrait-Monotrait ratio of correlation).
To explain further, the Fornell-Larker criterion is investigated in which the diagonal values should be
larger than all off-diagonal values (i.e., the diagonal values are the values of the squate root of AVE).
As can be seen in Table 3, the loadings in bold are the correlations of each construct with itself,
which should be higher than any values with other constructs to achieve the discriminant validity.
This criterion is met, and no violations found. Following that, the cross-loadings assessment is per-
formed. The rule of thumb is that the loadings of each item with its respective latent construct
should be higher than other loadings with other constructs in order to reflect its appropriateness to
reflect its own construct; if they are other than that, its inclusion with the respective construct may
need to be reconsidered (Chin, 1998). As seen in Table 3, the results show no violations for this
measure. Hence, the Fornell-Larker criterion is checked, and no violations appear to be applicable in
this step. Finally, HTMT sz is assessed to further augment our analysis of the discriminant validity,
as it is a new and coherent approach to assess the discriminant validity, especially when considering
the drawbacks of the Fornell-Larker criterion and the cross-loadings as indicated in the literature
(Henseler et al., 2015). Therefore, if HTMT sz does not have a value of 1 in its lower and higher
boundaries of the confidence interval (i.e., for 95% bias-corrected and accelerated bootstrapping
procedure, 2.5% and 97.5% are the boundaries) for all combinations of the constructs (Hair et al.,
2017), then the HTMT e is significantly different than 1. Looking at Table 4, the value range is
0.41-0.91, which is less than the value of 1. Thus, this result speaks in favor of discriminant validity
of the two constructs, where the two constructs are distinct.
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Table 3. Discriminant validity with Fornell-Larker criterion analysis

Construct ATT AUSaaS BI PBC PEU PU SN
ATT 0.86

AUSaaS 0.60 0.72

BI 0.78 0.64 0.89

PBC 0.56 0.52 0.59 0.84

PEU 0.67 0.55 0.67 0.66 0.87

PU 0.72 0.58 0.69 0.63 0.75 0.85

SN 0.49 0.55 0.5 0.62 0.52 0.53 0.89

Note. Values at the diagonal represent squared root of AVE; however, the other values represent the
correlations of the constructs.

Table 4. Discriminant validity with HTMT ntreac. results

Path Path Coefficients CI at 2.50% CI at 97.50%
AUSaaS -> ATT 0.77 0.65 0.86
BI-> ATT 0.87 0.81 0.91
BI -> AUSaaS 0.81 0.71 0.89
PBC -> ATT 0.64 0.51 0.75
PBC -> AUSaaS 0.68 0.52 0.80
PBC -> BI 0.66 0.54 0.76
PEU -> ATT 0.75 0.65 0.83
PEU -> AUSaaS 0.69 0.56 0.81
PEU -> BI 0.74 0.64 0.82
PEU -> PBC 0.76 0.66 0.83
PU -> ATT 0.82 0.74 0.89
PU -> AUSaaS 0.75 0.64 0.85
PU -> BI 0.77 0.67 0.85
PU -> PBC 0.72 0.62 0.81
PU -> PEU 0.85 0.76 0.91
SN -> ATT 0.55 0.41 0.67
SN -> AUSaaS 0.68 0.56 0.78
SN -> BI 0.54 0.42 0.66
SN -> PBC 0.70 0.58 0.80
SN -> PEU 0.58 0.46 0.69
SN -> PU 0.59 0.47 0.70

Note. Values of confidence interval (CI) do not cross the zero value in its range; thus, achieving the
discriminant validity of the criterion HTM Tifrence.

Based on the above findings in the three steps, the measurement model has established its internal
consistency reliability, convergent validity, and discriminant validity. Hence, evaluating the structural
model in the next section is warranted and justified. As a visualized summary of the measurement
model assessment, Figure 1 provides insights of the findings.
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Figure 1. Measurement model assessment

STRUCTURAL MODEL EVALUATION AND HYPOTHESES TESTING

The evaluation of the structural model is examined by using bootstrapping, with settings that include
the bias-corrected and accelerated options in the Smart PLS 3.2.7 program (Ringle et al., 2015) and a
5000 resample. To start with the assessment process of the hypotheses, checking the collinearity is-
sues is a prerequisite before departing to the structural model analysis as emphasized by Hair et al.
(2017). Therefore, each set of predictor variables is checked against collinearity issues with their de-
pendent variable. To do that, the variance inflation factor (VIF) is the sign of collinearity and is
checked to find out if VIF > 5. In case VIF revealed to be higher than 5, collinearity issue arises and
to overcome this issue the possibilities are: (1) to remove the constructs, (2) to merge them, or (3) to
create high-order construct (Hair et al., 2017). By referring to Table 5, the results revealed and con-
tirm that no value of more than 5 exists in VIE. The values range (1.46-2.42) < 5 affirms that the
model does not have any critical collinearity issues. Following that, the determination coefficient R? is
checked for each endogenous construct and the effect size £ of every driver construct (or predictor)
on its endogenous construct is analyzed.

Table 5. Collinearity issues analysis testing of VIF

Latent Variables | ATT AUSAAS BI PBC PEU PU SN
ATT 1.46

AUSaaS

BI 2.07

PBC 213 1.46

PEU 2.41 1

PU 2.42 2.26

SN 1.46 1.74

Note. Values do not violate the ctiterion of variance inflation factor (VIF > 5).
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Before probing into the analysis of R?, it is noteworthy to understand that R? is the variance ex-
plained by the exogenous constructs of the endogenous constructs and thereby is considered a meas-
ure of the model’s predictive accuracy (i.e., in-sample prediction) (Sarstedt et al., 2014). The accepta-
ble values for R? can be described as weak (0.19), moderate (0.33), or substantial (0.67 or above)
(Chin, 1998). Also, there is a related measure to R? that is the effect size £. To explain, the effect size
F is a measure used to test the impact of an exogenous construct on an endogenous construct when
it is in the model or omitted. This value is evaluated to test the change of R?in both cases. The
thresholds of £are small (0.02), medium (0.15), or large effect sizes (0.35) (Chin, 1998).

By scrutinizing the values in Table 0, it is clear that the results demonstrate moderate to highly mod-
erate values of R2in all dependent constructs (or exogenous construct) that range from 0.50 to 0.64.
The final outcome of this model —i.e., AUSaaS — has an explained variance of R?= 0.50 by the driver
constructs B, PU, SN and PBC, which is considered a promising value in this exploratory study. Ad-
ditionally, the explained variance of ATT by PU, PEU, and SN is highly moderate (R? = 0.57) and af-
firms its predictive accuracy in the model. This value suggests that the inclusion of these variables
with the postulated relationship in exploring the salient factors for using and adopting SaaS cloud
computing among university students is validated. Furthermore, the explained variance of PU (R? =
0.56) is contributed by PEU, which not surprising in the field of the current study and is congruent
with other research in innovative technologies. Interestingly, BI has shown the highest pronounced
variance (R2 = 0.64) that is explained by ATT and PBC. In addition, the effect size 2 analysis reveals
that PEU has a very large effect size (7 = 1.28) on PU. This reflects the strong effect of PEU on PU
which is supported theoretically by TAM. Furthermore, ATT exerted the highest effect size on BI (#
= 0.82, large effect), followed by PBC (# = 0.09, small effect). This means the influence of ATT on
BI is dominant. In addition, the effect size on AUSaaS by Bl is the highest (= 0.14, medium effect),
whereas SN, PU, and PBC exert a small to no effect sizes (# = 0.07 and % = 0.03 with small effect,
and /= 0.002 with no effect size, respectively). This result draws the conclusion of the dominant
role of BI on AUSaaS more than any other constructs. Further, the effect of SN shows its strength
over PBC and PU on AUSaaS. This means the social norms should not be neglected in explaining the
adoption of AUSaaS. Moreover, PU emerged as a new player in explaining the acceptance, adoption,
and usage of SaaS services and applications that should be given attention in acceptance SaaS cloud
computing acceptance studies. Also, there is a strong evidence that PBC has no effect on AUSaaS,
which contradicts with its inclusion in TPB theory. Finally, the effect size on PU by PEU is obviously
high (¥ = 1.28). This relationship is supported empirically by this model in the context of SaaS cloud
computing adoption model. Also, it indicates that including the relationship PEU towards PU is justi-
tied in the model suggested by this study.

Table 6. Coefficients of determination R?and effect size 2

Latent Constructs ATT AUSAAS | BI PU
Coefficient of Determination R? 0.57 0.50 0.64 0.56
Effect Size ATT 0.82

BI 0.14

PBC 0.002 0.09

PEU | 0.06 1.28

PU 0.22 0.03

SN 0.02 0.07

After the initial checking of collinearity and coefficient of determination, the next step is to evaluate
the significance and strengths of the relationships of the model. As seen in Table 7, the results reveal
that BI has the highest effect on AUSaaS, with a positive pronounced value of § = 0.38, which is sig-
nificant (p < 0.05, t = 5.81), followed by SN with a positive = 0.24 path coefficient and the
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corresponding significant values (p < 0.05, t = 4.23), and finally PU with a weak correlation (§ =
0.17) but significant effect on AUSaaS (p < 0.05, t = 2.62).

To further augment the analysis, the 95% confidence interval is analyzed. While inspecting the 95%
confidence interval (CI) with bias-corrected and accelerated (BCa) settings, the results show a strong
and significant effect of BI on AUSaaS. That is, both boundaries of CI, the lower 2.5% and the up-
per 97.5% boundaries, do not include zero (Table 7). Similarly, CI values corroborate the results ob-
tained for the significant and positive role of SN and PU on AUSaaS. Therefore, H1, H2-1, and H5-
1 are supported. On the other hand, PBC exerts a very weak correlation (8 = 0.04) with AUSaaS and
a nonsignificant value (p = 0.55, t = 0.59). Additionally, CI with BCa further confirms this result,
given that zero exists in its range [-0.10 — 0.17]. Consequently, H3-1 is supported.

To further proceed with hypotheses analyses, as seen in Table 7, the results reveal that ATT exerts a
pronounced value of 8 = 0.66, being the highest positive correlation with a significant statistic with
BI (p <0.05, t = 16.91), followed by PBC, with a relatively weak (8 = 0.22) correlation with BI but a
positive and significant relationship (p < 0.05, t = 5.06). While inspecting the 95% confidence inter-
val (CI), the results show the significant effect of ATT and PBC on BI, as no zero value is found in
cither of the intervals. Hence, H3-2 and H4 are empirically supported in the model postulated. Be-
sides, the ATT effect on the BI dependent construct emerged as the dominant construct that ex-
posed more influence on it than other driver construct (PBC). This gives an indication of the signifi-
cant and dominant role of attitudinal behavior on the intention to adopt/accept the SaaS services
that translates the technological elements (i.e., PU and PEU) into behavior that impacts one’s inten-
tion to adopt the SaaS services and applications.

Table 7. Path coefficients and hypotheses testing

Path (Mean/SD) Path Coefficients | ¢ p CI 2.50% | CI 97.50%
TT -> BI (0.66/0.4) 0.66 16.91 | 0.00%** 0.58 0.73
BI -> AUSaaS (0.38/0.07) 0.38 5.81 0.00%** 0.25 0.50
PBC -> AUSaa$ (0.05/0.07) | 0.04 0.59 0.55 -0.10 0.17
PBC -> BI (0.22/0.04) 0.22 5.06 0.00%** 0.14 0.30
PEU -> ATT (0.25/0.07) 0.25 3.86 0.00%** 0.12 0.38
PEU -> PU (0.75/0.04) 0.75 18.53 | 0.00%** 0.66 0.82
PU -> ATT (0.48/0.006) 0.48 7.43 0.00%** 0.34 0.59
PU -> AUSaaS (0.17/0.07) | 0.17 2.62 0.01%** 0.05 0.30
SN -> ATT (0.11/0.05) 0.11 2.08 0.04* 0.01 0.21
SN -> AUSaaS$ (0.24/0.06) | 0.24 4.23 0.00%** 0.13 0.35

Note. ¥ p < 0.05; ** p < 0.001)

Following that, the effects of PU and PEU on ATT are analyzed. As seen in Table 7, the results high-
light the significant and positive correlations of both latent constructs (i.e., PU and PEU) towards
ATT with a pronounced 8 = 0.48 and the corresponding statistics (p < 0.05, t = 7.43, and CI =
[0.34-0.59]), and B = 0.25 with the corresponding statistics (p < 0.05, t = 3.86, and CI = [0.12-0.38]),
respectively. Therefore, the results affirm the support of the two hypotheses H5-2 and H6-2 in the
current research. The final assessment in this section is given for the last hypothesis H6-1. Looking at
the results in Table 7, PEU is found to exert a high correlation with PU with a pronounced § = 0.75
and significant related statistics (p < 0.05, t = 18.53, and CI = [0.66-0.82]). Therefore, hypothesis
H6-1is supported. Additionally, the results confirm the role of PEU on PU in the context of the
study and goes in line with TAM theory relationships. That explains the inclusion of these relation-
ships in the proposed model to help the research in revealing the salient factors that explains the
adoption of SaaS services (refer to Figure 2 for structural model analysis summary).
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Figure 2. Structural model assessment and hypothesis paths highlighted by H number

The final step in our analysis takes into consideration the analysis of predictive relevance (QQ?) of the
model, where values less than 1 and higher than 0 are considered acceptable (Hair et al., 2014); hence,
the model shows its predictive relevance (Latan et al., 2018). Additionally, the effect size ¢?is ob-
tained to further support the results of Q2 and can be described as having small (4° = 0.02), medium
(g% = 0.15), or large (¢ = 0.35) effects. To proceed with the analysis, Table 8 explicates the results ob-
tained and shows that all the endogenous constructs have values considerably above zero (i.e., values
in the range 0.24-0.48 for cross-validated redundancy). Moreover, the effect size ¢ for the relation-
ships PEU — ATT is considered small (¢? = 0.033); for PU — ATT is almost medium (4? = 0.11);
and for SN — ATT is almost small (¢? = 0.013). In addition, the effect size 4 for the relationships BI
— AUSaaS is small (¢? = 0.05), and for SN — AUSaaS is a small effect (¢* = 0.03), whereas PU and
PBC — AUSaaS have the smallest effect size (¢° = 0.01). Furthermore, no effect size found in the
relationship SN — BI (g% = 0.00), whereas BI — AUSaaS has a small effect size (¢° = 0.08) as well as
SN — AUSaaS (0.03). To summarize, the model has proven its predictive relevance and its appropri-
ateness for the field of study, SaaS cloud computing usage, acceptance, and adoption.

Table 8. Predictive relevance Q7

Latent Variables Predictive Relevance Effect Size ¢°

©?(=1-SSE/SSO) ATT AUSaaS
ATT 0.39 0.05
AUSaaS 0.24
BI 0.48
PBC 0.01
PEU 0.033
PU 0.11 0.01
SN 0.013 0.03
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APPROXIMATE MODEL FIT ASSESSMENT

Originally, PLS-SEM is designed to have a prediction-oriented nature not a theory-testing nature.
However, a growing call for extending its capabilities to include theory testing by developing model
fit indices to judge a well-specified from an ill-specified model is sought by researchers; that is, how
well the hypothesized model fits the empirical data. The goodness-of-fit (GoF) is one of the indices
proposed (Tenenhaus et al., 2004; Tenenhaus et al., 2005) to validate PLS models. In other words, it
is assumed to be applied for model selection or model validation, thereby the model with higher fit is
better and valid ((Henseler & Sarstedt, 2013). However, this measure is refuted by Henseler and Sar-
stedt (2013) empirically and conceptually and their research shows that GoI does not represent
goodness-of-fit criterion for PLS-SEM and cannot represent formative models (Hair et al., 2017).
Also, their research shows that it is not a suitable measure for model validation as it is unable to sepa-
rate the valid model from the invalid model and researchers would be misled if they interpret the
higher GoF as an indicator of a better model. Besides, GoF does not penalize overparameterization
efforts. Consequently, the absolute measure of fit, which is the standardized mean square residual
(SRMR) between the observed and the model implied correlations, is an alternative recommended
measure of fit (Hair et al., 2017). When its value is less than 0.10, or of 0.08 as a more conservative
cut-off value, the model can be assumed of having a good fit. It is worthwhile to demonstrate that
SRMR is not reported in numerous empirical studies in different disciplines in the academia and
widely neglected in reporting it in PLS-SEM studies. This could be referred to the less interest of the
measure by the majority of researchers or the results obtained do not support the results obtained.
Another possibility could be referred to the extra analysis that might distort the results obtained.
However, to augment the current study, the researchers articulate to include it as a rigorous measure
to validate the model postulated in the area of SaaS cloud computing adoption and to be among the
pioneers to include such advance analysis in the PLS-SEM area of research.

To obtain SRMR in SmartPLS 3.2.7, two values are calculated, i.e., the saturated value and the esti-
mated value of SRMR. To explain more, in the saturated model, the correlation between all con-
structs is assessed and this model is the previous model assumed. On the other hand, the estimated
model is dependent on the total effect scheme and considers the model structure. For the purpose of
the assessment of the overall model, the SRMR in the estimated model is assessed and should be less
than 0.08 to be acceptable. For the measurement assessment, the saturated model is assessed and
should be less than 0.08 to be acceptable.

The root mean squared residual covariance matrix of the outer model residuals (RMSs) is another
criterion suggested by Lohmoller (1989) and advocated by a number of scholars (Hair et al., 2017;
Henseler et al., 2014; Henseler et al., 2016) to measure the good fit in PLS-SEM models. RMS., can
distinguish a well-specified model from ill-specified model (Hair et al., 2017; Henseler et al., 2016).
The suggested values of RMS . lie between 0.12 and 0.14 (Henseler et al., 2014); however, the lower
the value the better (i.e., below 0.12). To conclude, the SRMR and RMS., are the approximate model
fit criteria recently recommended measures that can be used to test the good fit in PLS-SEM models
when theory testing is considered; however, more research is needed to unveil their measures’ behav-
ior across model constellations and a range of data (Hair et al., 2017).

As an extended analysis in the current research, the model fit analysis is assessed to find out SRMR
and RMS., as reporting them is lacking in the current empirical studies research. After running the
analysis in SmartPLS software and performing the evaluation, the SRMS values obtained were in the
recommended range. That is, RMS.. obtained is 0.13, which is less than the threshold of 0.14. Also,
the values of SRMR obtained in the range 0.05- 0.06, which is less than the recommended threshold
of 0.08; thus, our model achieves a good fit. In this case, the reseatch revealed the good fit of the
model postulated in the current study and further augments the previous results in the former sec-
tions. Hence, the model of the research is proven in its accuracy, relevance, and good fit. Table 9 il-
lustrates the results obtained.
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Table 9. Approximate model fit assessment

Assessment SRMR (< 0.08) RMS e, (0.12-0.14)
Ouverall model 0.13
Approximate model fit (estimated) 0.06
Measurement model
Approximate model fit (saturated) 0.05
DISCUSSION

The current study seeks to underpin the salient factors influencing the acceptance and adoption of
SaaS cloud computing applications and services that are accessed, used, and practiced during the
daily errands in students’ academic lives at the university. The framework is based on TPB with its
main constructs (i.e., attitudinal, normative, and control beliefs) and augmented by two critical con-
structs of TAM (i.e., perceived ease of use and perceived usefulness) that are relevant to the context
of SaaS cloud computing and meet the purpose of the study.

The results present the direct determinants of ATT, BI, and the final outcome of the study, which is
the acceptance and adoption of SaaS cloud computing services and applications. The findings are
discussed in detail below.

Behavior intention (BI)

While investigating the role of BI of the respondents on accepting and adopting SaaS cloud compu-
ting services and applications, the results shed more light on the crucial role of BI in shaping the be-
havior of the students and in forming future plans to continue using, accepting, and adopting this
innovative technology. Not surprising, the findings are in concert with former works in the field of
innovative technologies and the adoption process of innovative services or applications (Alalwan et
al., 2017; Dong et al., 2017). In addition, the findings are aligned with different theories that affirm
the role of BI in the actual behavior such as: TRA, TAM, and TPB. However, the findings contribute
to the area of SaaS services acceptance and adoption as there is a dearth of studies cover the topic
under investigation. Additionally, the findings contend the importance of including BI in the model
suggested to unveil the salient factors of SaaS acceptance at the universities.

Subjective norms (SN)

Regarding subjective norms, SN revealed to have a positive and significant relationship with ATT on
using, accepting, and adopting SaaS applications and services. This finding indicates that the students
by being in groups create a sense of belonging to that group and that, in turn, creates a reciprocal re-
lationship with others to exchange ideas, concerns, benefits, skills, and knowledge of the best prac-
tices to improve their academic performance. Hence, this sense of belonging motivates them to use
Saa§ services when they realize its importance to their academic achievements. Not surprisingly, the
tindings are congruent with the limited previous works regarding the positive and significant relation-
ship with ATT (Al-Swidi et al., 2014; Arpaci, 2016; Hamari & Koivisto, 2013; Huang, 2016; Pedersen,
2005; Taufig-Hail et al., 2017a). However, the results shadow its importance in the context of the
study and contributes to its importance.

Additionally, SN emerged as an important predictor of AUSaaS with a significant effect, which
showed that the surrounding social relationships have an influence on the decision of students to ac-
cept, use, or adopt an innovative technology such as SaaS cloud computing. Although there is a
dearth of works pertaining to this relationship, the findings are aligned with the empirical results re-
vealed by the work of Alzahrani et al. (2017), where SN exerts a significant and positive attitude to-
wards the actual behavior (i.e., actual usage of games). In addition, the sense of belonging to groups,
especially in group assignments inside classes or joining groups of the same race outside the classes
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with companions and colleagues, motivates the students to practice new innovations that can be re-
tlected on their academic achievements. This happens, in particular, when they perceive that signifi-
cant others are gaining attention and being successful in their academic work when using new ser-
vices that are SaaS based applications.

To summarise, it is noteworthy to highlight the effect of significant others in influencing and chang-
ing the attitude and behavior of others within the social environment especially in collectivistic soci-
ety such as Malaysia. That is, the students apt to group inside university campuses based on their
needs to perform some classwork, group assignments or according to cultural or belief inclination.
Hence, the role of SN is crucial to change one’s attitude and behavior to adopt SaaS cloud-based
technology.

Perceived behavior control (PBC)

The PBC is not significantly correlated with AUSaaS and contradicts with the findings of other pre-
vious works that revealed a positive and statistically significant relationship between the two con-
structs (Alzahrani et al., 2017; Cheung & To, 2016; S. Jain et al., 2017). The result obtained suggests
that the students may currently do not have a strong trust of their capabilities and skills to directly
use new and innovative technology. They are more or less apt to think of the future usage, practice,
acceptance, or adoption of this technology than to directly tackle the difficulties with a new technol-
ogy (i.e., the actual use behavior). This also might shed light on the fact that students at this age and
at the degree level have less knowledge and experience in life, generally, and in encountering new
challenges that led to less confidence on their capabilities and self-esteem. Consequently, they are
more unlikely to directly practice the behavior under study, although inner feeling for future usage or
acceptance is created.

Conversely, the results attained show a strong and positive linkage between perceived behavior con-
trol and the behavior intention. This can be interpreted as the students weighing their skills and con-
sidering them to be sufficient and strong enough to practice new innovative ideas, such as those pro-
vided by different SaaS services; and this creates a sense of self-esteem and confidence to plan future
practices, such as continuing to use, accept, or adopt Saa$ services and applications. In addition, the
sense of confidence is converted to a psychological and emotional positive motivator to think and
plan for the future usage of SaaS. These findings are attested to by previous works (Chang et al.,
2016; Cheung & To, 2016; Yeap et al., 2016) and are in accord with them. However, in the context of
the study, this is regarded as another contribution that warrant attention in future studies on Saa$S ser-
vices or alike.

Attitude (ATT)

The reported results presented in the findings section reveal a positive and significant relationship of
ATT towards BI. This goes in concert with previous works especially those related to ICT (Peng et
al.,, 2012) and innovative technologies (Arpaci, 2016; Gao & Huang, 2019; Salahshour Rad et al.,
2019; Taufig-Hail et al., 2017b). It is worthwhile to note the positive advantages of SaaS cloud com-
puting perceived by the students in accomplishing their academic tasks. These perceived advantages
create a positivity that is reflected by their attitude that most likely would shape their intention to-
wards the adoption and acceptance of this technology. In other words, the advantages of SaaS cloud
computing online services outweigh the conventional methods. In the conventional methods of us-
ing IT resources, the drawbacks can be summarized as: (1) the access of computer resources are lim-
ited to inside office and during office times; (2) the storing or accessing data via USB stick, which is
apt to malfunction; and (3) the limited sharing capabilities inside premises/campus. However, the ad-
vantages of SaaS services and applications include: (1) around the clock access to applications, stor-
age, and other SaaS cloud computing services; (2) freedom accessibility regardless of location, time,
ot device; (3) vatiety of free application and services that are updated/offered all the year around;
and (4) freedom of worries in crashing the systems/applications as the services offered are
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maintained by the SaaS providers themselves. Hence, these tangible benefits of SaaS services pre-
sumed by the students in their academic life would likely affect their ATT and, therefore, influence
their intention to perform the behavior in question. In addition, the three constructs of PEU, PU,
and SN appear to have jointly appropriate correlation toward predicting ATT, as they explain 57% of
the variance of ATT, which is considered substantial in this explorative study. This means that the
inclusion of the three constructs from two different theories enhanced our understanding of the sali-
ent factors affecting the adoption of Saa$S services. Also, it means that the relationship SN towards
ATT is collectively with PU and PEU direct the attitude of students towards the acceptance and
adoption of Saa$S services.

Perceived usefulness (PU) and perceived ease of use (PEU)

Based on the aforementioned findings, where PU and PEU appear to have a positive and significant
relationship with ATT, PU appeared to have a more influential effect on ATT than PEU, despite the
direct stronger effect of PEU on PU toward ATT. This, in essence, can provide a clue that the pri-
mary driver of the students’ attitude towards accepting and using SaaS services and applications is
PU. This can be interpreted as the degree of intellectual capabilities that one possesses to petceive
the usefulness of different SaaS applications and services leads to the attitude of using these services
as a result of prior cognition and belief that these services would be beneficial to enhance one’s job
performance. Also, it can be said that when the user of SaaS services perceives these services as bet-
ter to use, understand, and reliably access compared with the conventional methods — such as storing,
uploading and sharing different data in a local computer or inside a local server — this would most
likely urge them to use and adopt these services and applications to enhance their performance in
tasks assigned to them.

In other words, when a person is a novice at any technological or practical undertaking, they are
more likely to be reluctant and hesitant in practicing the intended behavior, and they become more
concerned about its usefulness. On the other hand, when they are familiar with it and gain the confi-
dence of the appropriateness and usefulness of the cloud services and applications, they become
more aware of its usefulness in achieving their tasks. In the same vein, this cognition leads students
to use and adopt these innovative technologies to perform well in their academic achievements.

Additionally, the effect of PEU on PU appears to be very strong with an extremely high correlation;
hence, this provides more insights of the connectedness between PEU and PU. These different find-
ings are in accordance with previous studies; namely, in the relationships of PU — ATT (Besbes et
al,, 2016; Gao & Huang, 2019; Ma et al., 2016; Taylor & Todd, 1995), PEU — ATT (Huang, 2017;
Richad et al., 2019), and PEU — PU (Besbes et al., 2016; Islam & Sheikh, 2019). However, including
this relationship has proven its role in the context of SaaS cloud computing context.

Moreovet, the role of PU —AUSaaS is proven to gain significance in the current research. This find-
ing is in line with the findings of previous research conducted on university students in Pakistan (Ali
et al., 2018). This result can be interpreted as the students highly perceive the practical benefits of
Saa$S cloud services in their academic works and achievements, where they can gain immediate access
to many resources from the university library or directly from the internet, store their data online,
share their results and findings with other colleagues, and meet the requirements in academic classes
by uploading their assignments through portals. Also, the usefulness is perceived by the university
students in saving numerous time and efforts to register for the semester, view their results and pay
fees online. Thus, time, effort, money, and academic productivity are the core perceived benefits
when applying SaaS cloud services and applications in the academic life of university student. That is
to say, the perceived usefulness has a direct impact and explains why the students adopt SaaS services.
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IMPLICATIONS, LIMITATIONS, AND FUTURE DIRECTIONS

Methodological and theoretical implications

This research provides an understanding of the factors influencing the acceptance and usage of SaaS
cloud computing applications and services from the perspective of university students with an ade-
quate skill set and knowledge. The current research offers methodological, theoretical and practical
implications that envisage a contribution to the body of literature and the audience of SaaS cloud
computing represented by the government educational sector, SaaS service providers, as well as tech-
nology managers and decision makers.

Pertaining the methodological aspect, the study followed the thorough, rigorous, and cohesive analy-
sis and survey design that is scarcely followed in the academic studies as it constitutes lengthy re-
search reporting that is avoidable in such empirical surveys. These methods include: (1) the compre-
hensive literature review to refine the most expected factors to influence the adoption; (2) the selec-
tion of factors from two theories to utilize the strength of the two theories; (3) the postulation of
new relationships; (4) the data screening and analysis phase that employed common method bias, rig-
orous measurement and structural analysis; and (5) the analysis of approximate model fit assessment
that lacks in majority of empirical studies in IS/I'T employing PLS-SEM analyses. The procedures
used justify meeting one sub-objective of the study in leading a comprehensive analysis on the re-
search.

On the theoretical side, the framework suggested is formed by the integration of two well-known
theories, i.e., TAM and TBP, with modifications of some relationships that exist in TPB and TAM.
That s, firstly, the direct relationship between SN and the BI is changed to be between SN and
AUSaaS, where few research papers exist to explore the effect of SN on the actual behavior. Sec-
ondly, the relationship between SN and ATT is scarcely investigated in academia pertinent to SaaS
cloud computing acceptance and adoption as well as other innovative technology or behavior adop-
tion studies. Thirdly, the direct link between PU and ATT is investigated in breadth in many previous
works; however, the current study focuses on the exploration of its direct influence on the actual be-
havior, which is not present in the actual TAM model. All the new relationships have empirically
proven their appropriateness and inclusion in the model suggested and exerted statistical significance.

Practical implications

On the practical side, the outcome of the present study provides empirical support for the appropri-
ateness of the model to explore the salient factors influencing the adoption of SaaS cloud computing
at the university campus. The results show that the different relationships explained 50% of the vari-
ance of dependent variable AUSaaS in the model postulated. This warrants meeting the main objec-
tive of the study to produce and validate the model. Also, it is envisaged that university rectors, gov-
ernment higher education sector’s management, different private and public organizations, SaaS busi-
ness providers, and software development firms would benefit from the outcome of the study to fo-
cus on the factors that showed significance in the relationships investigated. In addition, the afore-
mentioned entities should pay adequate attention when providing SaaS services, developing software
packages/setvices, or even developing a syllabus for students. This means that when providing or de-
veloping these services, attention should be steered towards these two factors, as the students are
more relaxed in using SaaS services when they perceive its easiness and get acquainted with it. Conse-
quently, PU becomes more influential in the acceptance and adoption process and the results prove
this relationship with AUSaaS. Hence, another sub-objective of the study is met by exploring this re-
lationship directly between PU and AUSaaS.

Pertinent to the influential factors in the current explorative study, the findings emerged that PEU
and PU are key elements in predicting the attitude towards the acceptance process. This means that
when providing or developing these services, attention should be steered towards these two factors,
as the students are more relaxed in using SaaS services when they perceive its easiness, and when they
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get acquainted with it. Therefore, its usefulness becomes more influential in the acceptance and
adoption process.

As another sub-objective of the study, by exploring the direct relationship between PU and AUSaaS,
PU emerged to be a significant influencer on the usage, acceptance, or adoption of SaaS cloud-based
applications. The SaaS providers as well as university management should devote more efforts in de-
veloping, promoting, and updating new or existent packages and encourage university students to use
them frequently as a result of their tangible benefits perceived. More importantly, as a practical con-
tribution, the researchers highlight the benefit of using the university students as a testbed for new
emerging and innovative technologies developed or updated as they are the building bricks of the fu-
ture success in any community. By doing so and based on their eagerness to discover the new and in-
novative technologies, the results fall under a win-win relationship as the students would satisfy their
desire to unveil the pros and cons of the new SaaS applications and services, on the one hand. On
the other hand, the SaaS providers or the higher education institutes would get the feedback from the
students to enhance new versions and overcome shortcomings of the services provided in future re-
leases.

In light of the results obtained, SN also has proven its vital influence on ATT from one side, and on
AUSaaS on the other side, which these two relationships are hardly studied in the academic research.
By examining and validating these relationships, another sub-objective of the study is met. Addition-
ally, it is worthwhile to pay considerable attention to the social factor in the attitude of the students
and its impact on the adoption process. That is, if the decision makers at universities decide to imple-
ment these services, they should pay attention to the vital role of social influence. Furthermore,
when the students are performing their tasks or assignments, they have a sense of being connected
with colleagues, social groups, or even with the academic staff. This sense of connectedness is pet-
ceived virtually, which leads to the acceptance and usage and invokes the students’ attitudes to use
these innovative services or applications that emerge on social media with SaaS cloud-based technol-
ogy. Hence, whenever a new application or service embarks on the cloud and the providers need it to
be publicly accepted and used, this application or service would be more likely to be disseminated
and going viral if it is perceived easy to use, useful, and meets the social connectivity demand of the
current young generation.

Regarding PBC construct, the outcome of the study sheds light on its predictive influence on the in-
tention to use and accept SaaS services. The direct relationship of PBC was not shown to be a signif-
icant factor, although it showed an indirect effect on the adoption process through BI. This can im-
ply that the students first acquire the skills and knowledge in performing certain tasks that would ini-
tially incite their intention to use the SaaS based applications, and then this intention would be a fu-
ture direction towards the acceptance of this technology. This result warrants that the decision mak-
ers at the university, for example, inculcate the professional skills of students and make them ready
for the future work environment. Once they graduate, their skills and capabilities would be reflected
in the job. In addition, when they reach the managerial level, they would make decisions to support
and advocate the adoption of SaaS cloud computing services and application. Consequently, a sense
of loyalty is created and cultivated and this, in turn, would increase the adoption rate dramatically by
the enthusiastic and technologically savvy generation. By getting the aforementioned insights, another
sub-objective of the study is met.

In summary, all the factors seem to have a vital influence on BI and AUSaaS to use, accept, or adopt
SaaS innovative technology as revealed by their total effects in the results. Hence, these factors
should be considered in drawing any future plans to build or provide this technology, while at the
same time, the providers should build these networks to meet the expectations and perceived perfor-
mance, availability, security, flexibility, manageability, affordability, scalability, accessibility, and durabil-
ity with full technical support. More importantly, the strong intention towards accepting and using
Saa$S applications and services is clearly outstanding and encouraging the management of universities
and higher education sectors’ authorities to develop more applications, services for students, and

242



Taufig-Hail, Alanzi, Mohd Yusof, & Alruwaili

syllabi that are electronic-based and compatible with SaaS technology. Another worthy point is that
the universities could form a community cloud university consortium to exchange research develop-
ments and facilities, exchange data, and form a space for students to exchange ideas. This, conse-
quently, would help both the businesses (i.e., service providers) to obtain revenue and the universities
to reduce the cost of upgrading their systems from time to time.

Managerial implications at universities and higher education sector

More importantly, the strong intention towards accepting and using SaaS applications and services is
cleatly outstanding and encouraging the management of universities and higher education sectors’
authorities to develop more applications, services for students, and syllabi that are electronic-based
and compatible with SaaS technology. Another worthy point is that the universities could form a
community cloud university consortium to exchange research developments and facilities, exchange
data, and form a space for students to exchange ideas. This, consequently, would help both the busi-
nesses (i.e., service providers) to obtain revenue and the universities to reduce the cost of upgrading
their systems from time to time. Also, the outcome of the study shed the significant role of SN;
therefore, it is advisable to utilize the social network to promote the applications of services devel-
oped in-house to students. Moreover, PU is another importing finding that shadows the importance
of knowing the usefulness of SaaS products and applications. This finding infers to the role of pro-
moting developed services and applications by highlighting their key benefits and how they could
make significant improvements in the tasks or activities conducted. Lastly, the higher education insti-
tutes should emphasize the promotion of online SaaS cloud-based courses and blended education as
they eliminate the intermittent of the education process during difficult times — such as Covid-19
pandemic, disasters, or natural catastrophic events — and reduce the cost for universities and students
as well. SaaS cloud-based curriculum is getting its hype especially in the current pandemic of Covid-
19; thus, the administration of universities should pay attentive attention toward shifting the peda-
gogical education towards the cloud.

LIMITATIONS AND FUTURE DIRECTIONS

Notwithstanding the insights of the results gained, limitations are present in the current study. First,
the students at the bachelor level were recruited as respondents of the study, while not considering
the master or doctoral students or even the lecturers. This is because this category of respondents is
technology savvy and is the majority of university campus. Also, the bachelot’s degree students,
based on their young age, are frequently eager to explore things and find out their pros and cons. Ad-
ditionally, the bachelor level students are active on the university campus, are energetic, and have a
consuming passion for technological devices, services, and applications. Also, the sample frame in the
current study focused on the public-sector universities in Malaysia; therefore, participants from pri-
vate universities or other educational institutes are suggested in future work as they may reflect other
perceptions.

In addition, the model proposed is a modification of TPB and TAM with a limited number of varia-

bles. However, it has proven its applicability and appropriateness empirically, suggesting that it can be
extended in future works with other constructs such as trialability, compatibility, security, risk, privacy,
and self-efficacy. In addition, the analysis of this research did not take the differences between ethnic
groups, ages, genders, or fields of study into account due to paper length constraints, and these could
be a recommended direction for future work.

CONCLUSION

Although cloud computing has gained popularity in the past decade, it is still not mature and many
aspects that cover human behavior and interaction with cloud technologies still need to be probed.
Meanwhile, cloud computing is expanding at a steady pace with the emergence of Internet of Things
(IoT), Block Chain technology (BC), Artificial Intelligence (Al), and many forms of cloud computing
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services. Therefore, it needs further investigation in all aspects that not only cover the technical, pro-
cedural, or legal aspects, but also the human factor, which is the vital element of the usage chain.
This study aimed to investigate the influential effects of different constructs using an integrative
model of TPB and TAM, where the model proposed proved its appropriateness and its predictive
accuracy and predictive relevance. Also, the comprehensive analysis of approximate model fit has fur-
ther confirmed the suitability of the model proposed in explaining the issue under study. Further, the
results revealed that PEU is a vital predictor of PU and ATT. In addition, BI, PU, SN, and ATT are
found to be the strongest contributors of AUSaaS, respectively. The study offers valuable findings,
highlights relationships such as the direct link between PU and AUSaa8, and SN towards ATT. This
brings new insights to the forefront of further research in different contexts. Moreover, the study
presented methodological, theoretical, and practical implications. Lastly, in light of the results, these
findings can facilitate decision makers at universities, government higher education sector authorities,
and Saa$S cloud computing providers to focus their attention on the vital factors that have emerged in
the adoption process.

REFERENCES

Agarwal, R., & Karahanna, E. (2000). Time flies when you’re having fun: Cognitive absorption and beliefs
about information technology usage. MILS Quarterly, 24(4), 665. https://doi.org/10.2307/3250951

Ajzen, L. (1985). From intentions to actions: A theory of planned behavior. In J. Kuhl & J. Beckmann (Eds.),
Alction control (pp. 11-39). Springer. https://doi.org/10.1007/978-3-642-69746-3 2

Ajzen, 1. (1991). The theory of planned behavior. Organizational Bebavior and Human Decision Processes, 50(2), 179-
211. https://doi.org/10.1016/0749-5978(91)90020-T

Ajzen, 1., & Fishbein, M. (1977). Attitude-behavior relations: A theoretical analysis and review of empirical re-
search. Psychological Bulletin, 84(5), 888-918. https://doi.org/10.1037/0033-2909.84.5.888

Ajzen, 1., & Fishbein, M. (1980). Understanding attitudes and predicting social behavior. Prentice-Hall.

Ajzen, 1., & Madden, T. J. (1986). Prediction of goal-directed behavior: Attitudes, intentions, and perceived be-
havioral control. Journal of Experimental Social Psychology, 22, 453-474. https://doi.org/10.1016/0022-

1031(86)90045-4
Alalwan, A. A., Dwivedi, Y. K., & Rana, N. P. (2017). Factors influencing adoption of mobile banking by Jorda-

nian bank customers: Extending UTAUT2 with trust. International Journal of Information Management, 37(3),
99-110. https://doi.org/10.1016/j.ijinfomgt.2017.01.002

Ali, Z., Gongbing, B., & Mehreen, A. (2018). Understanding and predicting academic performance through
cloud computing adoption: A perspective of technology acceptance model. Journal of Computers in Ednca-
tion, 5(3), 297-327. https://doi.org/10.1007/s40692-018-0114-0

Al-Swidi, A., Mohammed Rafiul Huque, S., Haroon Hafeez, M., & Noor Mohd Shariff, M. (2014). The role of
subjective norms in theory of planned behavior in the context of organic food consumption. British Food
Journal, 116(10), 1561-1580. https://doi.org/10.1108/BF]-05-2013-0105

Alzahrani, A. I., Mahmud, I., Ramayah, T., Alfarraj, O., & Alalwan, N. (2017). Extending the theory of planned
behavior (TPB) to explain online game playing among Malaysian undergraduate students. Telematics and In-
Sformatics, 34(4), 239-251. https://doi.org/10.1016/j.tele.2016.07.001

Arpaci, I. (2016). Understanding and predicting students’ intention to use mobile cloud storage services. Coz-
puters in Human Behavior, 58, 150-157. https://doi.org/10.1016/4.chb.2015.12.067

Arpaci, I, Kilicer, K., & Bardakci, S. (2015). Effects of security and privacy concerns on educational use of
cloud services. Computers in Human Bebavior, 45, 93-98. https://doi.org/10.1016/j.chb.2014.11.075

Bagozzi, R. (1992). The self-regulation of attitudes, intentions and behavior. Social Psychology Quarterly, 55(2),
178-204. https://doi.org/10.2307 /2786945

244


https://doi.org/10.2307/3250951
https://doi.org/10.1007/978-3-642-69746-3_2
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1037/0033-2909.84.5.888
https://doi.org/10.1016/0022-1031(86)90045-4
https://doi.org/10.1016/0022-1031(86)90045-4
https://doi.org/10.1016/j.ijinfomgt.2017.01.002
https://doi.org/10.1007/s40692-018-0114-0
https://doi.org/10.1108/BFJ-05-2013-0105
https://doi.org/10.1016/j.tele.2016.07.001
https://doi.org/10.1016/j.chb.2015.12.067
https://doi.org/10.1016/j.chb.2014.11.075
https://doi.org/10.2307/2786945

Taufig-Hail, Alanzi, Mohd Yusof, & Alruwaili

Baturay, M. H., Gokgearslan, S., & Ke, F. (2017). The relationship among pre-service teachers’ computer com-
petence, attitude towards computer-assisted education, and intention of technology acceptance. Interna-
tional Journal of Technology Enbanced Learning, 9(1), 1-13. https://doi.org/10.1504/1]TEI..2017.084084

Besbes, A., Legohérel, P., Kucukusta, D., & Law, R. (2016). A cross-cultural validation of the tourism web ac-
ceptance model (T-WAM) in different cultural contexts. Journal of International Consumer Marketing, 28(3),
211-226. https://doi.org/10.1080/08961530.2016.1152524

Bhardwaj, S., Jain, L., & Jain, S. (2010). An approach for investigating perspective of cloud Software-as-a-Ser-
vice (SaaS). International Journal of Computer Applications, 10(2), 44-47. https://doi.org/10.5120/1450-1962

Chang, I.-C., Chou, P-C,, Yeh, R. K.-],, & Tseng, H.-T. (2016). Factors influencing Chinese tourists’ intentions
to use the Taiwan Medical Travel App. Telematics and Informatics, 33(2), 401-409.
https://doi.org/10.1016/].tele.2015.09.007

Cheung, M. E. Y., & To, W. M. (2016). Service co-creation in social media: An extension of the theory of
planned behavior. Computers in Human Bebavior, 65, 260-266. https://doi.org/10.1016/j.chb.2016.08.031

Chin, W. W. (1998). The partial least squares approach to structural equation modeling, In G. A. Marcoulides
(Ed.), Modern methods for business research (pp. 295-336). New Jersey, NJ: Lawrence Erlbaum Associates.

Choi, J., Lee, H. ], Sajjad, I, & Lee, H. (2014). The influence of national culture on the attitude towards mobile
recommender systems. Technological Forecasting and Social Change, 86, 65-79. https://doi.org/10.1016/j.tech-

Cohen, A. (2007). An examination of the relationship between commitments and culture among five cultural
groups of Israeli teachers. Journal of Cross-Cultural Psychology, 38(1), 34-49.
https://doi.org/10.1177/0022022106295440

Creswell, J. W. (2012). Educational research: Planning, conducting, and evalnating quantitative and qualitative research (4th
ed). Pearson.

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information technol-
ogy. MIS Quarterly, 13(3), 319. https://doi.org/10.2307/249008

Davis, F. D,, Bagozzi, R. P., & Warshaw, P. R. (1989). User acceptance of computer technology: A comparison
of two theoretical models. Management Science, 35(8), 982-1003. https://doi.org/10.1287/mnsc.35.8.982

Dong, X., Chang, Y., Wang, Y., & Yan, J. (2017). Understanding usage of Internet of Things (IoT) systems in
China: Cognitive experience and affect experience as moderator. Information Technology & Pegple, 30(1), 117-
138. https://doi.org/10.1108 /ITP-11-2015-0272

Dwaikat, N. Y. (2020). A comprehensive model for assessing the quality in higher education institutions. The
TOM Journal. Advance online publication. https://doi.org/10.1108/TQM-06-2020-0133

Fishbein, M., & Ajzen, 1. (1975). Belief, attitude, intention, and bebavior: An introduction to theory and research. Addison-
Wesley Publishing Company.

Fornell, C., & Latker, D. F. (1981). Evaluating structural equation models with unobservable variables and
measurement errot. Journal of Marketing Research, 18(1), 39-50. https://doi.org/10.2307/3151312

Gao, B., & Huang, L. (2019). Understanding interactive user behavior in smart media content service: An inte-
gration of TAM and smart service belief factors. He/yon, 5(12), €02983. https://doi.org/10.1016/j.heli-

von.2019.e02983

Ghosh, A., Chakraborty, A., Saha, S., & Mahanti, A. (2012). Cloud computing in Indian higher education. IIM
Kozhikode Society & Management Review, 1(2), 85-95. https://doi.org/10.1177/2277975213477271

Glavee-Geo, R., Shaikh, A. A., & Karjaluoto, H. (2017). Mobile banking services adoption in Pakistan: Are
there gender differences? International Journal of Bank Marketing, 35(7), 1090-1114.
https://doi.org/10.1108/1JBM-09-2015-0142

Gohary, M. M., Hussin, C., & Razak, A. (2013). Human factors’ impact leveraging cloud-based applications
adoption. Journal of Information Systems Research and Innovation, 5, 87-97.

245


https://doi.org/10.1504/IJTEL.2017.084084
https://doi.org/10.1080/08961530.2016.1152524
https://doi.org/10.5120/1450-1962
https://doi.org/10.1016/j.tele.2015.09.007
https://doi.org/10.1016/j.chb.2016.08.031
https://doi.org/10.1016/j.techfore.2013.08.012
https://doi.org/10.1016/j.techfore.2013.08.012
https://doi.org/10.1177/0022022106295440
https://doi.org/10.2307/249008
https://doi.org/10.1287/mnsc.35.8.982
https://doi.org/10.1108/ITP-11-2015-0272
https://doi.org/10.1108/TQM-06-2020-0133
https://doi.org/10.2307/3151312
https://doi.org/10.1016/j.heliyon.2019.e02983
https://doi.org/10.1016/j.heliyon.2019.e02983
https://doi.org/10.1177/2277975213477271
https://doi.org/10.1108/IJBM-09-2015-0142

Software as a Service: Empirical Study

Hair, J. F, Hult, G. T. M., Ringle, C. M., & Sarstedt, M. (2014). A primer on partial least squares structural equation
modeling (PLS-SEM). SAGE Publications, Inc.

Hair, J. E, Hult, G. T. M., Ringle, C. M., & Sarstedt, M. (2017). A primer on partial least squares structural equation
modeling (PLS-SEM) (2nd ed.). SAGE Publications, Inc.

Hamari, J., & Koivisto, ]. (2013). Social motivations to use gamification: An empirical study of gamifying exer-
cise. Proceedings of the 21st Enropean Conference on Information Systems (ECIS), 1-12.
http://aisel.aisnet.org/ecis2013/122

Henseler, J., Dijkstra, T. K., Sarstedt, M., Ringle, C. M., Diamantopoulos, A., Straub, D. W/, Ketchen, D. .,
Hair, J. F, Hult, G. T. M., & Calantone, R. J. (2014). Common beliefs and reality about PLS: Comments on
Ronkko and Evermann (2013). Organizational Research Methods, 17(2), 182-209.
https://doi.org/10.1177/1094428114526928

Henseler, J., Hubona, G., & Ray, P. A. (2016). Using PLS path modeling in new technology research: Updated
guidelines. Industrial Management & Data Systems, 116(1), 2-20. https://doi.org/10.1108 /IMDS-09-2015-
0382

Henseler, J., Ringle, C. M., & Sarstedt, M. (2015). A new criterion for assessing discriminant validity in variance-
based structural equation modeling, Journal of the Academy of Marketing Science, 43(1), 115-135.
https://doi.org/10.1007/s11747-014-0403-8

Henseler, J., & Sarstedt, M. (2013). Goodness-of-fit indices for partial least squares path modeling. Computational
Statistics, 28(2), 565-580. https://doi.org/10.1007/s00180-012-0317-1

Hernandez, B., Montaner, T., Sese, E J., & Urquizu, P. (2011). The role of social motivations in e-learning: How
do they affect usage and success of ICT interactive tools? Computers in Human Bebavior, 27(6), 2224-2232.
https://doi.org/10.1016/j.chb.2011.07.001

Hofstede, G. H. (1984). Culture’s consequences: International differences in work-related values (2nd ed). Sage Publica-
tions.

Hsu, P-F, Ray, S., & Li-Hsich, Y.-Y. (2014). Examining cloud computing adoption intention, pricing mecha-
nism, and deployment model. International Journal of Information Management, 34(4), 474-488.
https://doi.org/10.1016/j.ijinfomgt.2014.04.006

Huang, Y.-M. (2016). The factors that predispose students to continuously use cloud services: Social and tech-
nological perspectives. Computers & Education, 97, 86-96. https://doi.org/10.1016/j.compedu.2016.02.016

Huang, Y.-M. (2017). Exploring the intention to use cloud services in collaboration contexts among Taiwan’s
private vocational students. Information Development, 33(1), 29-42.
https://doi.org/10.1177/0266666916635223

Islam, A. Y. M. A., & Sheikh, A. (2019). A study of the determinants of postgraduate students’ satisfaction of
using online research databases. Journal of Information Science, 1-15.
https://doi.org/10.1177/0165551519834714

Jain, M., Khalil, S., Johnston, W. J., & Cheng, ]. M. S. (2014). The performance implications of power-trust rela-
tionship: The moderating role of commitment in the supplier-retailer relationship. Industrial Marketing Man-
agement, 43(2), 312-321. https://doi.org/10.1016/j.indmarman.2013.09.001

Jain, S., Khan, M. N,, & Mishra, S. (2017). Understanding consumer behavior regarding luxury fashion goods in
India based on the theory of planned behaviot. Journal of Asia Business Studies, 11(1), 4-21.
https://doi.org/10.1108/JABS-08-2015-0118

Janmaimool, P. (2017). The role of descriptive social norms, organisational norms and personal norms in ex-
plaining solid waste management behaviours in workplaces. Journal of Organizational Change Management,
30(2), 184-198. https://doi.org/10.1108/JOCM-12-2016-0265

Jede, A., & Teuteberg, F. (2016). Understanding socio-technical impacts arising from software-as-a-service us-
age in companies: A mixed method analysis on individual level data. Business & Information Systenss Engineer-
ing, 58(3), 161-176. https://doi.org/10.1007/512599-016-0429-1

246


http://aisel.aisnet.org/ecis2013/122
https://doi.org/10.1177/1094428114526928
https://doi.org/10.1108/IMDS-09-2015-0382
https://doi.org/10.1108/IMDS-09-2015-0382
https://doi.org/10.1007/s11747-014-0403-8
https://doi.org/10.1007/s00180-012-0317-1
https://doi.org/10.1016/j.chb.2011.07.001
https://doi.org/10.1016/j.ijinfomgt.2014.04.006
https://doi.org/10.1016/j.compedu.2016.02.016
https://doi.org/10.1177/0266666916635223
https://doi.org/10.1177/0165551519834714
https://doi.org/10.1016/j.indmarman.2013.09.001
https://doi.org/10.1108/JABS-08-2015-0118
https://doi.org/10.1108/JOCM-12-2016-0265
https://doi.org/10.1007/s12599-016-0429-1

Taufig-Hail, Alanzi, Mohd Yusof, & Alruwaili

Jlelaty, M., & Monzer, Y. (2012). Factors in cloud computing adoption (Unpublished Master’s thesis, Lund University,
Sweden). https://lup.lub.lu.se/student-papers/search/publication /2796971

Joglekar, V. (2014). The effects of gender, age, and education on cloud computing adoption: A correlational study (Doctoral
dissertation, Capella University, USA). ProQuest Dissertations & Theses Global. (UMI No. 3630425).

Karjaluoto, H., Mattila, M., & Pento, T. (2002). Factors underlying attitude formation towards online banking in
Finland. International Journal of Bank Marketing, 20(6), 261-272.
https://doi.org/10.1108/02652320210446724

Kayali, M., & Alaaraj, S. (2020). Adoption of cloud based e-learning in developing countries: A combination of
DOI, TAM and UTAUT. International Journal of Contemporary Management and Information Technology, 1(1), 1-7.
https://www.researchgate.net/publication /346206501 Adoption of Cloud Based E-learning in Devel-

oping Countries A Combination of DOI TAM and UTAUT

Latan, H., Ringle, C. M., & Jabbour, C. J. C. (2018). Whistleblowing intentions among public accountants in In-
donesia: Testing for the moderation effects. Journal of Business Ethics, 152(2), 573-588.
https://doi.org/10.1007/s10551-016-3318-0

Lee, S.-G., Chae, S. H., & Cho, K. M. (2013). Drivers and inhibitors of SaaS adoption in Korea. International
Journal of Information Management, 33(3), 429-440. https://doi.org/10.1016/j.jjinfomgt.2013.01.006

Leung, L., & Chen, C. (2017). Extending the theory of planned behavior: A study of lifestyles, contextual fac-
tors, mobile viewing habits, TV content interest, and intention to adopt mobile TV. Telematics and Informat-
ics, 34(8), 1638-1649. https://doi.org/10.1016/j.tele.2017.07.010

Likert, R. A. (1932). A technique for the measurement of attitudes. Archives of Psychology, 140, 4-53.

Lim, N., Grénlund, A., & Andersson, A. (2015). Cloud computing: The beliefs and perceptions of Swedish
school principals. Computers & Edncation, 84, 90-100. https://doi.org/10.1016/j.compedu.2015.01.009

Lohmoller, J.-B. (1989). Latent variable path modeling with partial least squares. Physica-Verlag HD.
https://doi.org/10.1007/978-3-642-52512-4

Low, C., Chen, Y., & Wu, M. (2011). Understanding the determinants of cloud computing adoption. Industrial
Management & Data Systems, 111(7), 1006-1023. https://doi.org/10.1108/02635571111161262

Ma, C.-C., Kuo, K.-M., & Alexander, J. W. (2016). A survey-based study of factors that motivate nurses to pro-
tect the privacy of electronic medical records. BMC Medical Informatics and Decision Making, 16(1), 13.
https://doi.org/10.1186/512911-016-0254-y

Mackenzie, S. B., & Podsakoff, P. M. (2012). Common method bias in marketing: Causes, mechanisms, and pro-
cedural remedies. Journal of Retailing, 88(4), 542-555. https://doi.org/10.1016/j.jretai.2012.08.001

Mafabi, S., Nasiima, S., Muhimbise, E. M., Kasekende, I, & Nakiyonga, C. (2017). The mediation role of inten-
tion in knowledge sharing behavior. VINE Journal of Information and Knowledge Management Systems, 47(2),
172-193. https://doi.org/10.1108/VJIKMS-02-2016-0008

Marston, S., Li, Z., Bandyopadhyay, S., Zhang, J., & Ghalsasi, A. (2011). Cloud computing — The business pet-
spective. Decision Support Systems, 51(1), 176-189. https://doi.org/10.1016/4.dss.2010.12.006

Mattila, A. S., & Enz, C. A. (2002). The role of emotions in service encounters. Journal of Service Research, 4(4),
268-277. https://doi.org/10.1177/1094670502004004004

Mell, P, & Grance, T. (2011). The NIST definition of cloud computing. Recommendations of the National In-
stitute of Standards and Technology. National Institute of Standards and Technology.
https://doi.org/10.6028 /NIST.SP.800-145

Mitchell, R. B., & Meggison, P. F. (2014). Strategies for integrating cloud computing concepts. Journal of Applied
Research for Business Instruction, 12(2), 1-6.

Ndubisi, N. O. (2012). Relationship quality: Upshot of mindfulness-based marketing strategy in small organisa-
tions. International Journal of Quality & Reliability Management, 29(6), 626-641.
https://doi.org/10.1108/02656711211245638

247


https://lup.lub.lu.se/student-papers/search/publication/2796971
https://doi.org/10.1108/02652320210446724
https://www.researchgate.net/publication/346206501_Adoption_of_Cloud_Based_E-learning_in_Developing_Countries_A_Combination_of_DOI_TAM_and_UTAUT
https://www.researchgate.net/publication/346206501_Adoption_of_Cloud_Based_E-learning_in_Developing_Countries_A_Combination_of_DOI_TAM_and_UTAUT
https://doi.org/10.1007/s10551-016-3318-0
https://doi.org/10.1016/j.ijinfomgt.2013.01.006
https://doi.org/10.1016/j.tele.2017.07.010
https://doi.org/10.1016/j.compedu.2015.01.009
https://doi.org/10.1007/978-3-642-52512-4
https://doi.org/10.1108/02635571111161262
https://doi.org/10.1186/s12911-016-0254-y
https://doi.org/10.1016/j.jretai.2012.08.001
https://doi.org/10.1108/VJIKMS-02-2016-0008
https://doi.org/10.1016/j.dss.2010.12.006
https://doi.org/10.1177/1094670502004004004
https://doi.org/10.6028/NIST.SP.800-145
https://doi.org/10.1108/02656711211245638

Software as a Service: Empirical Study

Nitzl, C., Roldan, J. L., & Cepeda, G. (2016). Mediation analysis in partial least squares path modeling: Helping
researchers discuss more sophisticated models. Industrial Management & Data Systems, 116(9), 1849-1864.
https://doi.org/10.1108/IMIDS-07-2015-0302

Okai, S, Uddin, M., Arshad, A., Alsaqour, R., & Shah, A. (2014). Cloud computing adoption model for univer-
sities to increase ICT proficiency. SAGE Open, 4(3). https://doi.org/10.1177/2158244014546461

Oliveira, T., Martins, R., Sarker, S., Thomas, M., & Popovic¢, A. (2019). Understanding SaaS adoption: The mod-
erating impact of the environment context. International Journal of Information Management, 49, 1-12.
https://doi.org/10.1016/}.ijinfomgt.2019.02.009

Park, E., & Kim, K. J. (2014). An integrated adoption model of mobile cloud services: Exploration of key de-
terminants and extension of technology acceptance model. Telematics and Informatics, 31(3), 376-385.
https://doi.org/10.1016/}.tele.2013.11.008

Pedersen, P. E. (2005). Adoption of mobile internet services: An exploratory study of mobile commerce early
adopters. Journal of Organizational Computing and Electronic Commerce, 15(3), 203-222.
https://doi.org/10.1207/s15327744joce1503 2

Peng, T.-Q., Zhu, J. ]. H., Tong, J.-J., & Jiang, S.-J. (2012). Predicting internet non-users’ adoption intention and
adoption behavior: A panel study of theory of planned behavior. Information, Communication & Society,
15(8), 1236-1257. https://doi.org/10.1080/1369118X.2011.614628

Podsakoff, P. M., MacKenzie, S. B, Lee, ].-Y., & Podsakoff, N. P. (2003). Common method biases in behavioral
research: A critical review of the literature and recommended remedies. Journal of Applied Psychology, 88(5),
879-903. https://doi.org/10.1037/0021-9010.88.5.879

Podsakoff, P. M., Todot, W. D., Grover, R. A., & Hubert, V. L. (1984). Situational moderators of leader reward
and punishment behaviors: Fact or fiction? Organizational Behavior and Human Performance, 34(1), 21-63.
https://doi.org/10.1016/0030-5073(84)90036-9

Pischel, J., Afonso Mazzon, J., & Mauro C. Hernandez, . (2010). Mobile banking: Proposition of an integrated
adoption intention framework. Infernational Journal of Bank Marketing, 28(5), 389-409.
https://doi.org/10.1108/02652321011064908

Qasem, Y. A. M., Abdullah, R., Yaha, Y., & Atana, R. (2020). Continuance use of cloud computing in higher
education institutions: A conceptual model. Applied Sciences, 10(19), 6628.
https://doi.org/10.3390/app10196628

Ratten, V. (2013). Cloud computing: A social cognitive perspective of ethics, entrepreneutship, technology mat-
keting, computer self-efficacy and outcome expectancy on behavioural intentions. Awustralasian Marketing
Journal, 21(3), 137-146. https://doi.org/10.1016/j.ausmj.2013.02.008

Renda dos Santos, L. M., & Okazaki, S. (2016). Planned e-learning adoption and occupational socialisation in
Brazilian higher education. Studies in Higher Education, 41(11), 1974-1994.
https://doi.org/10.1080/03075079.2015.1007940

Richad, R., Vivensius, V., Sfenrianto, S., & Kaburuan, E. R. (2019). Analysis of factors influencing millennial’s
technology acceptance of chatbot in the banking industry in Indonesia. International Journal of Management,
10(3). https://doi.org/10.34218/1]M.10.3.2019.011

Ringle, C. M., Wende, S., & Becker, J. M. (2015). Smart PLS (M3). SmartPLS GmbH.

Sabi, H. M., Uzoka, F.-M. E., Langmia, K., & Njeh, F. N. (2016). Conceptualizing a model for adoption of
cloud computing in education. International Journal of Information Management, 36(2), 183-191.
https://doi.org/10.1016/}.ijinfomgt.2015.11.010

Salahshour Rad, M., Nilashi, M., Mohamed Dahlan, H., & Ibrahim, O. (2019). Academic researchers’ behav-
ioural intention to use academic social networking sites: A case of Malaysian research universities. Infor-
mation Development, 35(2), 245-261. https://doi.org/10.1177/0266666917741923

Sang, Y, Lee, J.-K., Kim, Y., & Woo, H.-]. (2015). Understanding the intentions behind illegal downloading: A
comparative study of American and Korean college students. Telematics and Informatics, 32(2), 333-343.
https://doi.org/10.1016/j.tele.2014.09.007

248


https://doi.org/10.1108/IMDS-07-2015-0302
https://doi.org/10.1177/2158244014546461
https://doi.org/10.1016/j.ijinfomgt.2019.02.009
https://doi.org/10.1016/j.tele.2013.11.008
https://doi.org/10.1207/s15327744joce1503_2
https://doi.org/10.1080/1369118X.2011.614628
https://doi.org/10.1037/0021-9010.88.5.879
https://doi.org/10.1016/0030-5073(84)90036-9
https://doi.org/10.1108/02652321011064908
https://doi.org/10.3390/app10196628
https://doi.org/10.1016/j.ausmj.2013.02.008
https://doi.org/10.1080/03075079.2015.1007940
https://doi.org/10.34218/IJM.10.3.2019.011
https://doi.org/10.1016/j.ijinfomgt.2015.11.010
https://doi.org/10.1177/0266666917741923
https://doi.org/10.1016/j.tele.2014.09.007

Taufig-Hail, Alanzi, Mohd Yusof, & Alruwaili

Sarea, A., & Taufig-Hail, G. A. (2021). Evaluation of compatibility of cloud-based applications, credibility, and
trust perceptions on the adoption of cloud technology: A review. In A.-E. Hassanien, K.-C. Chang, & T.
Mincong (Eds.), Advanced machine learning technologies and applications (pp. 889-907). Springer International
Publishing. https://doi.org/10.1007/978-3-030-69717-4 83

Sarstedt, M., Ringle, C. M., Smith, D., Reams, R., & Hair, J. F. (2014). Partial least squates structural equation
modeling (PLS-SEM): A useful tool for family business researchets. Journal of Family Business Strategy, 5(1),
105-115. https://doi.org/10.1016/].jfbs.2014.01.002

Schneider, S., & Sunyaev, A. (2016). Determinant factors of cloud-sourcing decisions: Reflecting on the I'T out-
sourcing literature in the era of cloud computing. Journal of Information Technology, 31(1), 1-31.
https://doi.org/10.1057/jit.2014.25

Sekaran, U. (2003). Research methods for business: A skill building approach (4th ed.). John Willey & Sons, Inc.

Senyo, P. K., Addae, E., & Boateng, R. (2018). Cloud computing research: A review of research themes, frame-
works, methods and future research directions. International Journal of Information Management, 38, 128-139.
https://doi.org/10.1016/j.ijinfomgt.2017.07.007

Sharma, S. K., Al-Badi, A. H., Govindaluri, S. M., & Al-Kharusi, M. H. (2016). Predicting motivators of cloud
computing adoption: A developing country perspective. Computers in Human Bebavior, 62, 61-69.
https://doi.org/10.1016/}.chb.2016.03.073

Sharma, S. K., Govindaluri, S. M., Al-Muharrami, S., & Tarhini, A. (2017). A multi-analytical model for mobile
banking adoption: A developing country perspective. Review of International Business and Strategy, 27(1), 133-
148. https://doi.org/10.1108 /RIBS-11-2016-0074

Shin, D. H. (2013). User centric cloud service model in public sectors: Policy implications of cloud services.
Government Information Quarterly, 30(2), 194-203. https://doi.org/10.1016/].¢iq.2012.06.012

Simamora, B. H., & Sarmedy, J. (2015). Improving services through adoption of cloud computing at Pt Xyz in
Indonesia. Journal of Theoretical & Applied Information Technology, 73(3), 395-404.

Smith, J. R., & McSweeney, A. (2007). Charitable giving: The effectiveness of a revised theory of planned be-
haviour model in predicting donating intentions and behaviout. Journal of Community & Applied Social Psy-
chology, 17(5), 363-386. https://doi.org/10.1002/casp.906

Smith, T. J. (2008). Senior citizens and e-commerce websites: The role of perceived usefulness, perceived ease
of use, and web site usability. Informing Science: The International Journal of an Emerging Transdiscipline, 11, 59-
83. https://doi.org/10.28945/440

Taufiq-Hail, G. A., & Ibrahim, H. (2018). Environmental & Green IT practices’ awareness role on driving users
towards adopting SaaS cloud computing services: A Malaysian university context. Journal of Telecommunica-
tion, Electronic and Computer Engineering, 10(1-10), 99-102.

Taufiq-Hail, G. A., Ibrahim, H., & Yusof, S. A. M. (2017a). Attitude’s mediating effect on intention to use SaaS
cloud computing services as a means of Green I'T: Malaysian university setting. Journal of Information System
and Technology Management, 2(4), 35-51.

Taufig-Hail, G. A., Ibrahim, H., & Yusof, S. A. M. (2017b). SaaS cloud computing as a means of Green IT ac-
ceptance model: A theory of planned behavior model at Malaysian public universities” context. Journal of
Information System and Technology Management, 2(4), 1-17.

Taylor, S., & Todd, P. A. (1995). Understanding information technology usage: A test of competing models.
Information Systems Research, 6(2), 144-176. https://doi.org/10.1287 /isre.6.2.144

Tenenhaus, M., Amato, S., & Vinzi, V. E. (2004). A global Goodness-of-Fit index for PLS structural equation
modelling, Proceedings of the X111 SIS Scientific Meeting, 1, 739-742. http://old.sis-statis-
tica.org/files/pdf/atti/RSBa2004p739-742.pdf

Tenenhaus, M., Esposito Vinzi, V., Chatelin, Y. M., & Lauro, C. (2005). PLS path modeling. Computational Statis-
tics & Data Analysis, 48, 159-205. https://doi.org/10.1016/j.csda.2004.03.005

249


https://doi.org/10.1007/978-3-030-69717-4_83
https://doi.org/10.1016/j.jfbs.2014.01.002
https://doi.org/10.1057/jit.2014.25
https://doi.org/10.1016/j.ijinfomgt.2017.07.007
https://doi.org/10.1016/j.chb.2016.03.073
https://doi.org/10.1108/RIBS-11-2016-0074
https://doi.org/10.1016/j.giq.2012.06.012
https://doi.org/10.1002/casp.906
https://doi.org/10.28945/440
https://doi.org/10.1287/isre.6.2.144
http://old.sis-statistica.org/files/pdf/atti/RSBa2004p739-742.pdf
http://old.sis-statistica.org/files/pdf/atti/RSBa2004p739-742.pdf
https://doi.org/10.1016/j.csda.2004.03.005

Software as a Service: Empirical Study

Thien, L. M., Thurasamy, R., & Abd Razak, N. (2014). Specifying and assessing a formative measure for Hof-
stede’s cultural values: A Malaysian study. Quality & Quantity, 48(6), 3327-3342.
https://doi.org/10.1007/s11135-013-9959-5

Tomas, S., Thomas, M., & Oliveira, T. (2018). Evaluating the impact of virtualization characteristics on SaaS
adoption. Enterprise Information Systems, 12(3), 259-278. https://doi.org/10.1080/17517575.2017.1355484

van de Weerd, 1., Mangula, 1. S., & Brinkkemper, S. (2016). Adoption of software as a service in Indonesia: Ex-
amining the influence of organizational factors. Information & Management, 53(7), 915-928.
https://doi.org/10.1016/4.im.2016.05.008

Venkatesh, V. (2000). Determinants of perceived ease of use: Integrating control, intrinsic motivation, ac-
ceptance model. Information Systems Research, 11(4), 342-365. https://doi.org/10.1287 /isre.11.4.342.11872

Venkatesh, V., & Davis, F. D. (2000). A theoretical extension of the technology acceptance model: Four longi-
tudinal field studies. Management Science, 46(2), 186-204. https://doi.org/10.1287/mnsc.46.2.186.11926

Wang, L.-Y.-K., Lew, S.-L., Lau, S.-H., & Leow, M.-C. (2019). Usability factors predicting continuance of inten-
tion to use cloud e-learning application. Helyon, 5(6), 11. https://doi.org/10.1016/j.heliyon.2019.¢01788

Wang, W. Y. C., Rashid, A., & Chuang, H.-M. (2011). Toward the trend of cloud computing. Journal of Electronic
Commerce Research, 12(4), 238-242. https://doi.org/10.4304/jsw.6.7.1230-1234

Wilkins, S. (2020). The positioning and competitive strategies of higher education institutions in the United
Arab Emirates. International Journal of Educational Management, 34(1), 139-153.
https://doi.org/10.1108/1JEM-05-2019-0168

Wu, W.-W,, Lan, L. W,, & Lee, Y.-T. (2011). Exploring decisive factors affecting an organization’s SaaS adoption:
A case study. International Journal of Information Management, 31(6), 556-563. https://doi.org/10.1016/j.ijinfo-

mgt.2011.02.007
Yang, H. C., & Zhou, L. (2011). Extending TPB and TAM to mobile viral marketing: An exploratory study on

American young consumers’ mobile viral marketing attitude, intent and behavior. Journal of Targeting, Meas-
urement and Analysis for Marketing, 19(2), 85-98. https://doi.org/10.1057/5t.2011.11

Yang, H. H,, Feng, L., & MacLeod, J. (2019). Understanding college students’ acceptance of cloud classrooms
in flipped instruction: Integrating UTAUT and connected classroom climate. Journal of Educational Compn-
ting Research, 56(8), 1258-1276. https://doi.org/10.1177/0735633117746084

Yeap, J. A. L., Ramayah, T., & Soto-Acosta, P. (2016). Factors propelling the adoption of m-learning among stu-
dents in higher education. Electronic Markets, 26(4), 323-338.
https://doi.org/10.1007/s12525-015-0214-x

APPENDIX

QUESTIONNAIRE ITEMS
1. Accepting and using SaaS cloud (AUSaaS)

Item No. | Desctiption

AUSaaS1 | 1. I prefer online SaaS cloud computing services (e.g;, store my data on a web storage
such as Google Drive, calling friends using Tango or imo, using university portal,
etc.) than using conventional methods (e.g., using USB drive or calling my friends
using telephone).

AUSaaS2 | 2. I frequently use online SaaS cloud computing services for my academic studies
(e.g., uploading my data/accessing e-mail, sharing my files, opening Pdf files
online, uploading my assignments, etc.).

AUSaaS3 | 3. I believe that I could tell others the advantages of using SaaS cloud computing
services in my academic study.
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Item No. | Desctiption

AUSaaS4 | 4. I would have no difficulty explaining why SaaS cloud computing services may or
may not be beneficial.

Sources (Renda dos Santos & Okazaki, 2016; Sharma et al., 2017; Taufiq-Hail & Ibrahim,

2018; Taylor & Todd, 1995)

2. Behavior

intention (BI)

Item No. | Description

BI1 1. Intend to continue using SaaS cloud computing online services in my academic
studies.

BI2 2. I will strongly recommend online services (e.g, accessing university library re-
sources, uploading my assignments to the portal, registering for the semester,
viewing my results) from SaaS cloud computing providers to others inside my
university with colleagues or outside in my social network.

BI3 3. I plan to continue using SaaS cloud computing services frequently this term and
onward.

Bl4 4. Assuming that I have access to Internet, I intend to continue using SaaS cloud
computing services.

Sources (Huang, 2016; Renda dos Santos & Okazaki, 2016; Taylor & Todd, 1995)

3. Attitude (ATT)

Item No. | Description

ATT1 1. Using SaaS cloud Computing services is a good idea.

ATT2 2. Using SaaS cloud Computing services is a wise idea.

ATT3 3. 1like the idea of using SaaS cloud computing services.

ATT4 4. Using SaaS cloud computing online services is beneficial to my academic stud-
ies/work.

Sources (Huang, 2016; Renda dos Santos & Okazaki, 2016; Taylor & Todd, 1995)

4. Perceived ease of use (PEU)

Item No. | Desctiption

PEU1 1. It would be easy for me to become skilled in using online SaaS cloud computing
services (e.g., university portal, e-mail, Dropbox, Google Drive, Microsoft
OneDrive, etc.).

PEU2 2. Learning to use online SaaS cloud computing services is easy for me (e.g., access-
ing university library resources, uploading my assignments to the portal, register-
ing for the semester, viewing my results.

PEU3 3. I would find the online SaaS cloud computing services easy to use.

PEU4 4. Using SaaS cloud computing online services is clear & understandable.

Sources (Davis, 1989; Huang, 2016; Renda dos Santos & Okazaki, 2016; Taylor & Todd,

1995)
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5. Perceived usefulness (PU)

Item No. | Description

PU1 1. Using online SaaS cloud computing services (e.g., university portal, e-mail, Drop-
box, Google Drive, Microsoft OneDrive, etc.) would facilitate achieving my du-
ties in academic studies.

PU2 2. Using online SaaS cloud computing services would provide access to useful aca-
demic information.

PU3 3. Using online SaaS cloud computing services would save my time when working
with electronic information (e.g.,, online reading, downloading articles, accessing
university library resources, uploading my assignments to the portal, registering
for the semester, viewing my results, etc.).

PU4 4. Using SaaS cloud computing online services increases my productivity by access-
ing my data anytime and anywhere.

Sources (Davis, 1989; Huang, 2016; Renda dos Santos & Okazaki, 2016; Taylor & Todd,

1995)

6. Subjective norms (SN)

Item No. | Description

SN1 1. People who influence my behavior would think that I should use SaaS cloud
computing services in my academic studies.

SN2 2. People who are important to me would think that I should use SaaS cloud com-
puting services inside or outside the university.

SN3 3. People who are important to me would recommend using SaaS cloud computing
online services to accomplish different university tasks efficiently and on time.

SN4 4. People who are important to me would find using SaaS cloud computing online
services beneficial and practical.

Sources (Huang, 2016; Renda dos Santos & Okazaki, 2016; Taylor & Todd, 1995)

7. Perceived behavior control (PBC)

Item No. | Description

PCB1 1. I'would be able to use Saa$ cloud computing services & applications.

PCB2 2. Using SaaS cloud computing services is entirely within my control and capability.

PCB3 3. Ihave the resources and the ability to make use of SaaS cloud computing facili-
ties and services.

PCB4 4. 1 have the knowledge to use SaaS cloud computing services.

Sources (Renda dos Santos & Okazaki, 2016; Taylor & Todd, 1995)
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