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Abstract—Technological progress has resulted in constant change of social
structures and led to continuous evolution of attitudes and values. Thus, a time-
ly and comprehensive integrated technology acceptance framework was estab-
lished, and factors predicting intention to use Cloud e-learning were empirically
identified. A total of 11 determinants from varying sources of IS success, learn-
ing object criteria, technology acceptance, motivations, social cognitive, and
expectancy values were unified and analysed in an integrated manner. The tar-
get population for this study was a group of IT students in a private university
in southern region Malaysia. The results obtained from this study observed that
content quality, pedagogical quality, perceived usefulness, social influence, at-
tainment value, and utility value significantly predict intention to use Cloud e-
learning. By integrating IS success, learning object criteria, technology ac-
ceptance, motivations, social cognitive, and expectancy values into a single
framework, new insights on Cloud e-learning acceptance in higher education
can be attained.

Keywords—Intention to use, Cloud e-learning, structural equation modelling;
empirical study

1 Introduction

Resulting from the swiftly evolving digital technologies, e-learning has been tech-
nologically advanced over the years. E-learning supports learning processes with
information and communication technology (ICT) through the Internet, and Internet
technology has been extensively used as an intermediate to design, implement and
support learning processes, especially in higher education. With the evolution of ICT,
many higher education institutions (HEIs) have migrated from conventional learning
methods into upgraded e-learning processes [1]. To support such progression, HEIs
must have adequate ICT infrastructures and huge investments, and this poses a chal-
lenge to many universities in providing advanced ICT services for their academics
and students [2][3].
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Cloud computing has appeared to be a promising solution to the challenges associ-
ated with reducing ICT costs [4]. The use of Cloud based applications is increasing
among HEIs [5]. The adoption of Cloud computing in e-learning is redefining ICT
infrastructure in HEIs and infusing Cloud computing benefits such as scalability
[6][7], reusability of learning content [4], and knowledge sharing in a global scale
[4](8].

Cloud computing is no doubt an innovative solution to address the challenges of
conventional e-learning, nevertheless there is no guarantee for the acceptance and
adoption of such a technically advanced technology due to its complex migration
process [9]. The willingness to accept and adopt a new technology is often influenced
by various factors such as individual attributes, system characteristics, organization
and social interactions. Thus, it is crucial to understand the factors of one’s willing-
ness to accept and adopt Cloud e-learning in HEIs. This has inspired more research on
the technology acceptance for Cloud e-learning to be carried out to study how Cloud
e-learning can be integrated and utilised in the context of higher education, how stu-
dents respond to Cloud e-learning, and whether they are using Cloud e-learning in the
expected ways. Thus, a timely framework is necessary to produce more accurate stud-
ies on technology acceptance of Cloud e-learning.

The objective of this study is to investigate the students’ intention to use Cloud e-
learning in higher education. A comprehensive technology acceptance framework for
Cloud e-learning will be developed and empirically tested among students in higher
education in Malaysia. The findings obtained from this study can lead to new insights
on Cloud e-learning acceptance in higher education.

2 Theoretical Models to Explain IT Usage

2.1  Review of cloud e-learning frameworks

Inspired by the emergence of Cloud Computing in e-learning, many educational re-
searchers have started to devise and develop e-learning frameworks embracing Cloud
Computing. A few existing Cloud e-learning frameworks were reviewed in terms of
the strengths, weaknesses, and values added into the present research.

Shukur et al. proposed a Cloud Computing framework named CCF_HEI DC for
HEIs in developing countries [10]. Adopting Cloud Computing in this framework
aims to achieve the educational goals with reduced investment cost for required IT
infrastructure. On top of the incorporation of the widely recognised Cloud services
(SaaS, PaaS and IaaS), a new Cloud service, DaaS (Data as a Service) was introduced
in CCF_HEI DC as a revolutionary new feature to provide raw data and generated
data effectively. DaaS enables reading and writing of data through remote database
access, allowing a wider range of access for external data sources [10]. This feature is
beneficial to higher education, especially for developing countries which suffer from a
lot of challenges to acquire or share information. In addition, CCF_HEI DC is de-
signed in a way that it could be used as a base framework suited for any developing
countries. With this notation, CCF_HEI DC along with its revolutionary DaaS feature
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was adopted into present research as added-value, considering Malaysia is also one of
the developing countries.

Johnson et al. proposed a three-layer framework called E-Learning Education
Cloud with some efficiency and personalisation features to enhance e-learning ser-
vices [11]. All the three layers cover the front end for user access and the back end for
Cloud processing. A notable feature in this framework is the real-time collaboration
and communication as well as effective content delivery. The Cloud is utilised to
flexibly scale the size of high-capacity video files and adapt its stream rate according
to users’ device capacity. Besides that, user profile feature introduced in this frame-
work is great for personalisation purposes, such as keeping track of personal learning
progress, storing personalised learning content, etc. [11]. These constructive features
were adopted into the present research for enhanced learning experiences.

Kaur and Chawla proposed Cloud-based E-Learning (CEL) to provide a platform
for the advanced Java e-learning implementation in the Cloud [12]. One of the worth-
mentioning modules in CEL is the well-defined learning content such as content crea-
tion, content delivery, assessment, etc. in the Learning Application layer. CEL utilises
Web 2.0 tools to develop Cloud e-learning applications which allow effective content
creation and delivery, highly accessible learning content, ease of assessment and per-
formance progress monitoring [12]. Nevertheless, CEL might be overcustomised for
Java programming, for instance, the content creation tools may not be suitable to
create learning content for other courses. Thus, the definitions of Cloud learning con-
tent were adopted into the present research with further envision. Appropriate Web
2.0 tools and Cloud tools have been explored and considered for the development
Cloud learning content in present study.

2.2 Review of prominent theories and models for technology acceptance

Prominent models and theories relating to understanding user perceptions of in-
formation technology (IT) and user acceptance of IS have been widely studied in
technology acceptance field. For the sake of having a better understanding on how
user behaviour is associated with IS acceptance, it is crucial to be inspired by what
have been learned from previous researches about user behaviour and their interac-
tions with technology.

Technology Acceptance Model (TAM): A vast literature has proven the signifi-
cance of perceived usefulness and perceived ease of use in TAM [13] as major deter-
minants for technology acceptance [14][15][16][17]. However, apart from perceived
usefulness and perceived ease of use, TAM does not consider factors such as enjoy-
ment, computer self-efficacy, social influence, etc. as a determinant of behavioural
intention. Since technology evolution and user perception change over time, TAM is
no longer sufficient to explain technology acceptance. Therefore, in this study, con-
structs in TAM along with significant factors from other models will be integrated to
produce a more comprehensive technology acceptance framework.

Unified Theory of Acceptance and Use of Technology (UTAUT): UTAUT [18]
has been adopted to analyse its capability to predict adoption in various field of re-
search, for instance, Internet banking [19], mobile learning [20], e-learning [21], and
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biometric [22]. Nevertheless, the effects of system design and data quality criteria
were not addressed. Thus, investigation of user acceptance for educational technology
is not complete with this model alone. This research gap will be filled in the proposed
integrated framework.

Information System (IS) success model: The two key factors in IS Success Mod-
el [23] have been analysed in several studies and proven to be generally significant
[24][25]. With these notations, system quality will be integrated into the proposed
framework in this study. Information quality, however, will be further explored in the
aspect of learning object criteria.

Motivational Model (MM): Motivation theory consists of two major factors of
motivations: extrinsic motivation and intrinsic motivation [26]. It is proven that peo-
ple will be willing to spend more effort and time on a task and have greater IT ac-
ceptance when it creates a high level of enjoyment. In view that enjoyment plays an
obviously important role as intrinsic motivation on user behavioural intention, it will
thus be included in the integrated framework.

Social Cognitive Theory (SCT): A key principle of SCT [27] is the concept of
self-efficacy. Computer self-efficacy, referring to “an individual’s confidence in his or
her capability to use new technology”, is an important predictor for technology ac-
ceptance [28][29]. Computer self-efficacy has been proven for its encouraging effect
on technology acceptance for learning purposes [30][31][32][33]. With these nota-
tions, computer self-efficacy will be adopted into the integrated framework to exam-
ine its significance towards intention to use Cloud e-learning.

Expectancy Value Model (EVM): EVM was initiated by Eccles et al. [34] to in-
vestigate mathematics achievement domain. It was later being refined on the con-
structs of expectancies and subjective task values [35]. Subjective task value is subdi-
vided into four components: attainment value, utility value, intrinsic value, and rela-
tive cost [35]. Expectancy value theory were redefined in a study to analyse the expe-
rience of underrepresented students of colour in educational settings, and the study
concluded expectancy value theory is dynamic and can be applied to student behav-
iour across numerous circumstances [36]. Since EVM is originally proposed for
mathematics domain, not all the constructs are suited for Cloud e-learning which is
different in its learning nature, pedagogically and technologically. Therefore, only
relevant constructs namely Attainment Value and Utility Value are adopted into the
proposed framework to examine Cloud e-learning acceptance.

Modelling learning objects criteria: Three broad criteria are used to assess the
learning materials, namely Quality of Content, Potential Effectiveness, and Ease of
Use [37]. Digital Library Network for Engineering and Technology (DLNET) added a
review criterion called Pedagogical Effectiveness to build up and maintain the quality,
integrity, and pedagogical value of learning objects in its repository [38]. Since then,
studies have been conducted to evaluate learning objects for different education sec-
tors. Haughey and Muirhead [39] developed an evaluation instrument to assess learn-
ing objects for K-12 education sector, and found it useful in identifying important
characteristics such as accessibility criterion, pedagogical issues, etc. In 2008, a study
was conducted to examine technical quality, content quality, and pedagogical quality
as key factors towards intention to adopt learning objects [9]. The finding showed that
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pedagogical quality had significant a positive relationship on perceived usefulness,
which also had a significant positive on adoption intention to use learning objects.
With these notations, content quality and pedagogical quality will be adopted into the
integrated framework to examine the impact of Cloud e-learning objects criteria to-
wards its acceptance. Technical quality, however, will not be adopted because it is
akin to system quality construct in IS success model. System quality construct is se-
lected in this study because it is more suited to explain the system characteristics of
Cloud e-learning.

3 Research Framework

The theories and models discussed in the literature review section have adopted a
few constructs which can serve as a framework to evaluate Cloud e-learning ac-
ceptance among students in higher education. Figure 1 describes the proposed inte-
grated technology acceptance framework. The independent variables namely System
Quality, Content Quality, Pedagogical Quality, Perceived Usefulness, Perceived Ease
of Use, Social Influence, Facilitating Conditions, Attainment Value, Utility Value,
Computer Self Efficacy, and Enjoyment serve as predictors of Cloud e-learning. The
dependent variable in this framework is the intention to use Cloud e-learning, which is
measured by the set of independent variables.

"DLNET Guidelines" (2004) "CLOE Peer Review"; "MERLOT IS Success Model
Evaluation Criteria” (2004) (DeLone & McLean, 1992)
[ Pedagogical Quality ] [ Content Quality ] System Quality
/
Perceived Usefulness }\ H3 H2 H1
[ [

~—

Perceived Ease of Use L

TAM (Davis, 1989)

Intention to Use

—

Social Influence }’

[ Facilitating Conditions ]’/

UTAUT

(Venkatesh et al., 2003) H8
e H10 Hi1
Attainment Value / \
Utility Value 7
[ Computer Self-Efficacy ] Enjoyment
EVM (Eccles et al., 1983)
SCT (Bandura, 1586) MM (Scott et al., 1988;
Vallerand, 1597)

Fig. 1. Integrated Technology Acceptance Framework
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The proposed framework was conceptualised based on the integration TAM [13],
UTAUT [18], IS Success Model [23], Learning Object Criteria [37][38], EVM [34],
SCT [27], and MM [26][40]. Table 1 exhibits the summary of constructs for the pro-
posed framework.

Table 1. Summary of Constructs

Construct Definition Source
System Quality Megsurf:.the desi-re{(i‘ characte‘ristic.s of Cloud e-learning, e.g., system reliability, [23]
(SQ) availability, flexibility, functionality).

Content Quality Meas-ure the structure, depth, relevance, reusability, shareability of Cloud e- [37]
(CQ) learning content.

Pedagogical Measure the potential effectiveness of Cloud e-learning content to meet learning
Quality (PQ) goals. [38]
Perceived Use- The degrec? to which an %ndividual b.el.ieves that using Cloud e-learning would [13]
fulness (PU) improve his or her learning productivity.

Perceived Ease |The degree tlo- which an individual believes that using Cloud e-learning would be [13]
of Use (PEU) |free of cognitive effort.

Social Influence |The extent to which an individual believes that important others believe that he [18]
(SI) or she should use the technology.

Facili.tqting The degree to which an individual believes that an orggnizational and technical [18]
Conditions (CF) |infrastructure exist to support the use of Cloud e-learning.

\A/;tﬁll EI(H:I\I;) The importance of doing well on a task [34]
gjlvh;y Value How well a task fulfils current or future goals [34]
(Computer Self- An individual’s confidence in his or her capability to use Cloud e-learning. [27]
Efficacy (CSE)

Enjoyment (E) |The degree to which an individual experience joy when using Cloud e-learning. 58}
Intention to Use [The likelli‘hood that an individual will use Cloud e-learning to improve learning [13]
(IU) productivity.

The following hypothesis was then derived.

H1: SQ is positively associated with intention to use Cloud e-learning.
H2: CQ is positively associated with intention to use Cloud e-learning.
H3: PQ is positively associated with intention to use Cloud e-learning.
H4: PU is positively associated with intention to use Cloud e-learning.
H5: PEU is positively associated with intention to use Cloud e-learning.
Heé: Sl is positively associated with intention to use Cloud e-learning.
H7: FC is positively associated with intention to use Cloud e-learning.
H8: AV is positively associated with intention to use Cloud e-learning.
HO: UV is positively associated with intention to use Cloud e-learning.
H10: CSE is positively associated with intention to use Cloud e-learning.
HI11: E is positively associated with intention to use Cloud e-learning.
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4 Research Methodology

4.1 Cloud e-learning module development

A comprehensive e-learning module is designed and developed utilizing a series of
Web 2.0 and Cloud learning tools. G Suite is the main approach in our Cloud-based
learning module development. G Suite is a Cloud computing comprising core suite of
productivity and collaboration applications offered free of charge by Google to educa-
tion landscapes. In the Cloud-based learning module, Google Classroom serves as the
platform to provide a flexible and personalized learning. Students will be able to per-
sonalize their own learning process according to their own pace and speed of master-
ing the learning content. Incorporated into Google classroom is the Blendspace, where
all the learning content are compiled and shared to students. Multiple modes of learn-
ing through the varieties of Cloud-based learning objects are provided in multiple
formats and modalities, for example, still infographics, animated diagrams, short
videos, interactive web, etc. Figure 2 presents a complete chapter in Cloud e-learning
module.

@) MS Lillian Wang Yee Kiaw
<

Chapter 1: Introduction to Data Communication
and Networking

Learning o . . a e
1 To moidcations Learning Objectives
2. To intrc 13 ia and structures

14 110

s LANS, WANS, and internetworks (Internets)

Edpuzzic - Introduction t...

TDC1231 Lec1 Quiz

Fig. 2. Figure 1: Cloud E-Learning Module

4

In order to gain a deeper understanding of this study, the developed Cloud e-
learning module is introduced to a group of selected university students. The students
were given one month to try out Cloud e-learning module to gain firsthand experience
on Cloud e-learning. Subsequently, students will participate in a survey to study their
intention to use Cloud e-learning.
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4.2  Sampling

In this study, convenience sampling was selected. A survey was conducted at a pri-
vate university in southern region of Malaysia. Quantitative research requires ade-
quate sample for empirical study [41]. Thus, a group of 222 students taking IT courses
in the university, regardless of gender, age, year of study and IT major participated in
the survey voluntarily. Data collection ended when the total responses achieved an
adequate sample size obligatory for statistical analysis.

4.3  Measurement instrument design and development

A set of 72-question Likert-scale questionnaire was formulated. The English writ-
ten questionnaire was set for self-perceived characteristics; therefore, the questions
were phrased to be of self-understanding of the respondents. Since Cloud e-learning
was designed for IT students, the questions were also expressed in the context of IT
relevance. The 5-scale Likert style questions were labelled from “Strongly Disagree”,
“Disagree”, “Neutral”, “Agree” and “Strongly Agree”, scaled from 1 to 5 respective-
ly.

All the items used to measure the constructs were adapted from prior validated
studies with some modifications to fit specific context of Cloud e-learning. To estab-
lish content validity of the constructs, the questionnaire was first subjected to an ex-
pert review by a researcher in the related field. Subsequently, a pilot test which is
considered as a prerequisite to validate the survey measurements was conducted on a
small group of selected students to ensure further redefine the construct measurement
domain. Feedbacks of the pilot test were gathered via face-to-face interview. The
interview has guaranteed that the survey items are suitable for the scope of study.
After the interview, the questionnaire was finally refined and administered to the full
sample.

4.4 Research design and procedures

Survey is one of the most widely used research method in technology acceptance
study. It offers high representativeness of the entire population and it is low cost.
Therefore, quantitative survey is adopted in this study to investigate the students’
intention to use Cloud e-learning module.

4.5  Statistical analysis techniques

To test the proposed hypotheses, structural equation modelling (SEM) was used.
SEM is considered as the second-generation multivariate data analysis method that
gains popularity among social scientist because of its ability in testing theoretical
supported and additive causal models [42][43][44].

In this study, two stage-analyses were adopted. The first stage uses confirmatory
factor analysis (CFA) to estimate the parameters by verifying the internal consistency,

26 http://www.i-jet.org



reliability, and validity of the measurement model. Then, structural model was esti-
mated, and the proposed hypotheses were confirmed.

5 Data Analysis and Results

5.1 Demographic analysis

A total of 222 respondents participated in the study by completing a questionnaire.
Table 2 shows the demographic details and e-learning experience of the respondents.

Table 2. Demographic profile and e-learning experience of respondents

Count Percentage
Gender Male 157 70.72
Female 65 29.28
Age (years old) 18 and below 1 0.45
19 17 7.66
20 74 33.33
21 51 22.97
22 34 15.32
23 and above 45 20.27
Year of Study Ist Year 120 54.05
2nd Year 74 33.33
3rd Year 26 11.71
4th Year 2 0.90
IT Major Artificial Intelligence 69 31.08
Bioinformatics 9 4.05
Data Communications 32 14.41
IT Management 26 11.71
Security Technology 86 38.74
E-learning Experience Yes 220 99.10
No 2 0.90

5.2 Confirmatory factor analysis

Three main assessment criteria were adopted to assess the constructs: internal con-
sistency reliability, convergent validity and discriminant validity. From Table 3, it is
observed that all the constructs have met the satisfactory level of CR result of > 0.7,
which were considered acceptable [45]. It is thus concluded that the constructs met
reliability validity requirement at this stage.

To assess convergent validity, the outer loadings of the indicators and the average
variance extracted (AVE) were measured [45]. Table 3 shows that all construct indi-
cators were having the outer loading > 0.6, which were considered to be acceptable
[41]. In sum, all indicators attained the threshold value; hence, satisfactory indicator
reliability was achieved [45].
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Table 3. Composite Reliability and Convergent Validity

Construct Item Loading CR AVE
SQ1 0.633 0.873 0.535
SQ2 0.814
. SQ3 0.748
System Quality (SQ) SQ4 0.728
SQ5 0.664
SQ6 0.786
CQ1 0.717 0.841 0.515
CQ2 0.702
Content Quality (CQ) CQ3 0.630
CQ5 0.761
CQ6 0.769
PQ1 0.702 0.842 0.516
PQ2 0.701
Pedagogical Quality (PQ) PQ3 0.798
PQ4 0.733
PQ5 0.651
PU1 0.741 0.905 0.614
PU2 0.799
. PU3 0.819
Perceived Usefulness (PU) PU4 0.819
PUS 0.733
PU6 0.786
PEU1 0.716 0.894 0.584
PEU2 0.777
. PEU3 0.763
Perceived Ease of Use (PEU) PEU4 0.788
PEUS 0.747
PEU6 0.792
SI1 0.758 0.856 0.544
SI2 0.775
Social Influence (SI) SI3 0.715
S14 0.716
SIS 0.722
FC1 0.675 0.852 0.535
FC2 0.740
Facilitating Conditions (FC) FC3 0.709
FC5 0.785
FC6 0.745
AV1 0.737 0.893 0.583
AV2 0.757
. AV3 0.772
Attainment Value (AV)
AV4 0.809
AV5 0.741
AV6 0.763
Utility Value (UV) UV1 0.816 0.889 0.573
Uv2 0.709
28 http://www.i-jet.org




UV3 0.726
Uv4 0.696
(UV5 0.785
UvVe6 0.801
CSEI 0.725 0.851 0.536
CSE2 0.665
Computer Self Efficacy (CSE) CSE3 0.620
CSES5 0.818
CSE6 0.813
El 0.731 0.875 0.584
E2 0.678
Enjoyment (E) E4 0.753
ES 0.791
E6 0.856
1U1 0.761 0.901 0.603
102 0.805
. 1U3 0.789
Intention to Use (IU) U4 0.785
1US 0.792
1U6 0.722

Note: CQ4, PQ6, S16, FC4, CSE4, and E3 were deleted due to low loadings.

Discriminant validity was subsequently assessed to determine the extent to which
the factors are truly distinct from other factors in the model [44]. To assess discrimi-
nant validity, Heterotrait-Monotrait ratio of correlations (HTMT) were examined.

Henseler, Ringle, and Sarstedt [46] suggested HTMT as “an alternative approach to
assess discriminant validity to measure the ratio of correlations within the constructs
to correlations between the constructs”. HTMT was used to ensure every construct in
this study is truly different from one another. From Figure 3 below, it can be observed
that most of the HTMT values were not greater than HTMT.85 value of 0.85, and
none of the HTMT values were greater than HTMT.90 value of 0.90, indicating the
sufficiency of discriminant validity [46]. HTMT thus confirmed the discriminant
validity of the constructs. In other words, there was no issue of high cross-loading
among one another.

AV CSE cQ E FC )18 PQ PEU PU SI SQ uv

0.661
FC 0.572 0.799 0.553 0.617

jLe) 0.849 0.664 0.719 0.697 0.534

PQ 0.771 0.609 0.829 0.710 0.551 0618

PEU 0.655 0.872 0.738 0.760 0.647 0.608 0.762

PU 0.743 0.740 0.789 0.694 0.553 0.766 0.800 0.754

SI 0.651 0.462 0.527 0.538 0.461 0.683 0.574 0.418 0.505

sQ 0.686 0.790 0.891 0.700 0.701 0.619 0.750 0.782 0.763 0.412

uv 0.895 0.732 0.719 0.778 0.576 0.875 0.711 0.711 0.806 0.613 0.615

Fig. 3. Discriminant Validity - HTMT
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In sum, the results of the confirmatory factor analysis indicated that the best fitting
measurement model was accepted. Thus, the confirmed measurement model was
incorporated into the analysis of SEM with latent variables.

53 Structural model assessment

Path analysis was then performed to evaluate the hypothesized causal relationships
that predict the intention to use Cloud e-learning. Table 5 presents the assessment of
the structural model. Prior to the structural analysis, it is crucial to address the lateral
collinearity issue. To assess collinearity, variance inflation factor (VIF) values were
considered and checked. Result shows that the lateral multicollinearity was clearly
above the threshold of 0.2 and below the threshold of 5, indicating lateral multicollin-
earity was not a concern in this structural model [45]. Eleven direct hypotheses were
devised in this study. Estimates (path coefficients and t-values) for the structural
model were obtained to test the hypothesized relationships among constructs. Table 4
presents the collinearity assessment and results of the hypothesis test.

Table 4. Collinearity Assessment and Results of Hypothesis Test

Hypothesis VIF Std Beta Std Error t-value p-value
H1 SQ > IU 3.112 0.005 0.073 0.068 0.473
H2 CQ ->1U* 2.646 0.134 0.072 1.868 0.031
H3 PQ -> [U** 2.402 0.159 0.055 2.907 0.002
H4 PU -> [U** 2.895 0.192 0.073 2.623 0.004
HS PEU -> U 3.040 -0.030 0.082 0.367 0.357
H6 SI -> JU** 1.573 0.180 0.057 3.137 0.001
H7 FC ->IU 1.814 0.018 0.057 0.324 0.373
H8 AV -> [U*** 3.159 0.256 0.072 3.543 0.000
H9 UV -> [U*** 3.484 0.304 0.082 3.700 0.000
H10 |CSE ->1U 2.930 0.022 0.076 0.288 0.387
H11 E ->IU 2.430 0.054 0.068 0.791 0.215

Note: ***p<0.001, **p<0.01, *p<0.05

Results from the structural model assessment revealed that six out of eleven exog-
enous constructs namely CQ, PQ, PU, SI, AV and UV have t-value>1.645 for signifi-
cance level of 5 percent (0=0.05) in one-tailed test, indicating significantly positive
relationships with UI [45].

Figure 4 presents the results from CFA and the structural model assessment. To
evaluate the predictive accuracy of endogenous construct of the structural model,
coefficient of determination, R? value, was examined. The R? of UI construct is 0.694,
indicating that the exogenous constructs substantially explain 69.4% of the variance in
Ul, which evaluates to substantial predictive power [42][47]. Referring to stricter
threshold evaluations, R? value of 0.694 also evaluates to moderate predictive power
[45][48].
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Perceived Pedagogical Content System

Usefulness Quality Quality Quality
(PU) (PQ) (CQ) (sQ)

0.192%* 0.159%* 0.134% 0.005

Perceived (2.623) (2.907) (1.868) (0.068)

Ease of Use
(PEV)

-0.030
(0.367)

Social Intention to Use
0.180%*
Influence T (3.137) (V)
(sl) R?=0.694
Q?=0.384
0.018
Facilitating |— (0.324)
Conditions
(FC) 0.256*** 0.304%** 0.022 0.054
(3.543) (3.700) (0.288) (0.791)
'd N |
Attainment Utility Computer Enjoyment
Value Value Self-Efficacy (E)
AV uv CSE
o (uv) (csE)

Note: ***p<0.001, **p<0.01, *p<0.05; 2 values, followed by t-values in parentheses

Fig. 4. Measurement and Structural Model Assessment Results

6 Discussions and Specific Implications for Each Hypothesis

Possessing R2 value of 0.694 which indicated substantial predictive power [42][47]
implies that the integrated framework strongly predicted intention to use Cloud e-
learning. Besides that, the integrated framework also possessed Q2 value of 0.384
which implies medium predictive relevance for intention to use Cloud e-learning
[45][49][50]. Overall, the findings revealed that CQ, PQ, PU, SI, AV and UV ap-
peared to be strong predictors of Ul, while SQ, PEU, FC, CSE and E were found
insignificant. Table 6 presents summary of hypothesis results.

The hypothesis results found that the content and pedagogical quality of learning
objects significantly influence intention to use Cloud e-learning. This implies that it is
crucial to carefully attend to the characteristics of Cloud e-learning objects during the
design and development phases [51]. Cloud e-learning content should be well orga-
nized, structured, and easy to understand. The Cloud characteristics of reusable, scal-
able and shareable should be made available in Cloud e-learning [52]. Besides that,
educators and instructional designers should also carefully consider the needs and
values of Cloud e-learning objects to ensure higher engagement in Cloud e-learning.

1JET — Vol. 15, No. 9, 2020 31



Table 5. Summary of Hypothesis Results

Hypothesis Decision
H1 [System quality is positively associated with intention to use Cloud e-learning. Not supported
H2  |Content quality is positively associated with intention to use Cloud e-learning. Supported

H3 [Pedagogical quality is positively associated with intention to use Cloud e-learning.  |Supported

H4  |Perceived usefulness is positively associated with intention to use Cloud e-learning. [Supported

HS5 [Perceived ease of use is positively associated with intention to use Cloud e-learning. |Not supported

H6  |Social influence is positively associated with intention to use Cloud e-learning. Supported
H7 [Facilitating conditions is positively associated with intention to use Cloud e-learning. |Not supported
H8 |Attainment value is positively associated with intention to use Cloud e-learning. Supported
H9  |Utility value is positively associated with intention to use Cloud e-learning. Supported

Computer self-efficacy is positively associated with intention to use Cloud e-

H10 .
learning.

Not supported

H11 [Enjoyment is positively associated with intention to use Cloud e-learning. Not supported

Decent learning strategies such as objectives, introduction and summary help students
to understand the learning content better. Good learning content such as activities,
assessments, and different content formats with appropriate pedagogical features
highly support in achieving learning goals. In line with other studies [51][53][54], this
study has thus validated content quality and pedagogical quality of learning objects as
significant key factors towards intention to use Cloud e-learning.

System quality, on the other hand, exhibited contradictory results, as it was found
to be insignificant in the integrated framework. This contradicted studies that proved
the importance of system quality as a key determinant of technology acceptance
[55][56]. One possible explanation that may account for this finding is because both
Cloud computing and e-learning are already well established and high stability where
system quality is not a major concern in the context of this study. Hence, system qual-
ity has relatively low influences towards intention to use Cloud e-learning.

The results also suggested that perceived usefulness has significant influence to-
wards intention to use Cloud e-learning. This implies that it is essential to ensure
Cloud e-learning is able to enhance learning effectiveness and performance, as well as
to increase learning productivity. This finding is consistent with prior literatures
[14][15] [16][17], and thus confirmed perceived usefulness as a significant key factor
towards intention to use Cloud e-learning. However, perceived ease of use was found
to be insignificant in the integrated framework, contrary to the findings in previous
literatures [14][15] [16][17]. This may imply a change in thinking paradigm among
younger generations who are mostly savvy with digital technologies where perceived
ease of use is no longer crucial in determining intention to use [32][56]. Similar find-
ings also revealed that perceived ease of use was a weak predictor for students’ be-
havioural intentions to use YouTube for procedural learning [57], and students’ adop-
tion intention of mobile technology for aiding student-lecturer interactions [32][56].

Social influence plays an important supporting role in technology usage intention,
and this is proven by the results this study. This implies that students are more likely
to use Cloud e-learning when their peers, teachers, or someone important to them
suggest them to use it. This is in line with prior related studies [20][21], and thus,
social influence as a significant key factor towards intention to use Cloud e-learning is
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confirmed. Facilitating conditions, on the other hand, portrayed contradictory find-
ings, as it was found to be insignificant. This contradicted studies that proved facilitat-
ing conditions to be a key predictor in technology acceptance [20][21]. Nevertheless,
Venkatesh et al. [18] indicated that facilitating conditions are not significant in pre-
dicting intention; it has a straightforward relationship on usage behaviour instead.

The results further suggested that attainment value and utility value are strong pre-
dictors towards intention to use Cloud e-learning, which is consistent with other stud-
ies that claimed likewise [36][58][59][60]. This implies that students are willing to
use Cloud e-learning if it is able to give them sense of achievement, sense of confi-
dence, sense of independence, and further confirm their learning competency. Besides
that, the willingness to use Cloud e-learning increases when Cloud e-learning helps
them perform better in examinations, shorten their exam preparation time, and im-
portant for their future endeavour.

Computer self-efficacy was found to be insignificant, which contradicted studies
that proved computer self-efficacy as a crucial determinant of technology acceptance
[30][31][32][33]. One possible explanation that may account for this finding is that,
younger generations are very well adapted with digital devices and technologies in
their everyday life. In addition, since the respondents were IT students and highly
computer literate, thus the confidence issue in their ability to use technology is no
longer relevant when it comes to predict intention to use Cloud e-learning. A similar
recent finding also revealed that computer self-efficacy is no longer relevant for adop-
tion intentions of mobile technology in learning [56].

Lastly, the hypothesis results showed that enjoyment does not significantly influ-
ence intention to use Cloud e-learning, contradicted studies that proved enjoyment
being one of the key factors in predicting technology acceptance [56][61][62]. The
insignificance of this construct could indicate that although enjoyment would drive
students to use technology because they enjoy using it, but when it becomes a part of
learning process, the factor becomes less significant. Gefen and Straub [63] pro-
claimed that extrinsic factors such as perceived usefulness and perceived ease of use
have higher impact on technology acceptance than intrinsic factors such as enjoyment
and computer self-efficacy. Besides that, due to the unanticipated, unorganised and
unacknowledged nature of learning via technology, most students perceived that digi-
tal technology is mainly for leisure purposes and not for learning purposes [64].

7 Conclusion, Limitation and Implication of Study

In sum, this study presented a comprehensive framework which integrated eleven
factors captured from seven sources of IS success, learning object criteria, technology
acceptance, motivations, social cognitive, and expectancy values. The integrated
framework explained intention to use Cloud e-learning from a more complete set of
perspectives. It is timely because technological progress has resulted in constant
change of social structures and continuous evolution of attitudes and values. In addi-
tion, the integrated framework is unique in a way that only constructs that matched
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the study objectives were selected and specifically tested for its significance towards
intention to use Cloud e-learning.

The main implication of this study is the importance of learning object’s content
and pedagogical quality in Cloud e-learning. A good learning content encourages high
acceptance in Cloud e-learning. System quality, on the other hand, differs from prior
related studies, reflects that reliability, convenience, interactivity and navigation,
flexibility, accessibility, and system feature of current Cloud technology and e-
learning application is good enough and it is not a major concern in this study. Be-
sides that, perceived usefulness has once again proved to be a stronger influence than
perceived ease of use on intention to use. For the IT students who were experienced
technology user, perceived ease of use is not an important factor of system usage
intention; perceived usefulness is more crucial instead [13]. The decision whether to
use Cloud e-learning is also very much associated to social influence, attainment val-
ue, and utility value. Insignificance of factors such as facilitating conditions, computer
self-efficacy, and enjoyment shows that young savvy technology users do not have to
exert cognitive efforts to reflect their confidence in using Cloud e-learning.

There is a limitation in this study where the scope of respondents was limited to IT
students in one higher learning institution. IT students are generally more technology
savvy if compared to non-IT students. Hypotheses test for perceived ease of use, facil-
itating conditions, and computer self-efficacy could have yielded different results if
the respondents’ range is widened. Thus, future work of interest is to expand this data
collection to other study fields and even to other higher learning institutions in order
to obtain a more generalized statistical result.
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