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Abstract: There has been widespread criticism about the rates of participation of students enrolled on
MOOCs (Massive Open Online Courses), more importantly, the percentage of students who actively
consume course materials from beginning to the end. This study sought to investigate this trend by
examining the factors that influence MOOC adoption and use by students in selected Ghanaian
universities. The Unified Theory of Acceptance and Use of Technology (UTAUT) was extended to develop
a research model. A survey was conducted with 270 questionnaires administered to students who had been
assigned MOOCs; 204 questionnaires were retrieved for analysis. Findings of the study show that MOOC
usage intention is influenced by computer self-efficacy, performance expectancy, and system quality.
Results also showed that MOOC usage is influenced by facilitating conditions, instructional quality, and
MOOC wusage intention. Social influence and effort expectancy were found not to have a significant
influence on MOOC usage intention. The authors conclude that universities must have structures and
resources in place to promote the use of MOOCs by students. Computer skills training should also be part
of the educational curriculum at all levels. MOOC designers must ensure good instructional quality by

using the right pedagogical approaches and also ensure that the sites and learning materials are of good

quality.
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1. Introduction

A MOOC is a Massive Open Online Course. A MOOC is usually a free course that is open (globally) to
anyone who wishes to enroll, has video and text-based instructional content that can be downloaded,
quizzes, assignments, and forums made available through an online platform. MOOCs are accessible to
any number of people who plan to take a course or to be schooled in a particular subject area [1]. MOOCs
vary from most online courses due to the fact that MOOCs are normally time-based such that cohorts of

students complete the course over the same time period.
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Two pioneers of online learning in Canada, George Siemens and Stephen Downes created and taught the
first course that could be classified as a MOOC [1]. In 2008, Siemens and Downes taught the course
“Connectivism and Connected Knowledge (CCKO08)” to 25 students at the University of Manitoba.
‘Connectivism’ is an educational theory proposed by George Siemens that highlights the importance of
connections between people and knowledge [2]. CCKO08 was a traditional fee-paying course, but Siemens
and Downes made a decision to open up access to the course to anyone who desired to join it online [2].
About 2200 additional students joined the course online.

Between 2008 and 2012, MOOCs did not catch the attention of mainstream media, nor find much adoption
amongst educational institutions [3]. The course credited to have been the catalyst for the explosion of the
term “MOOCs” was “CS 271: Introduction to Artificial Intelligence”. This course was taught in 2012 by
Sebastian Thrun, a professor at Stanford University, and Peter Norvig, the Director of Research at Google
[4]. CS 271 was a regular course offered at Stanford University which students took for credits, but Thrun
and Norvig used a learning management system (LMS) to host short videos, quizzes, tests and discussion
boards for people who wanted to have access to the course materials. Anyone interested in the course
eventually had access to the content; both students and non-students [5]. Participants in the course were
not required to create and maintain active student-student and student-tutor connections [6]. By the time
the course ended, there were 30 regular students and about 160,000 online participants [7]. CS 271 was the
start of a MOOC explosion, which resulted in the creation of a range of MOOC platforms such as Coursera,
Udacity, and edX [8].

CCKO08 and CS 271 were courses that influenced the categorization of MOOCs into two major types; the
cMOOC and the xMOOC respectively [1]. The cMOOC (CCKO08 course) was created based on the learning
theory of Connectivism, a concept that has principles developed by George Siemens [9]. The Connectivist
theory proposes that people learn through active connections with others, and through interactions,
knowledge is transferred and learning is achieved. There is no tutor as such; the course instructor only
serves as a moderator who ensures that the course meets the objectives for which it was designed [9].
cMOOCs can be considered as extensions of Personal Learning Environments (PLEs) and Personal
Learning Networks (PLNs) [10].

The xMOOC (CS 271) falls into the cognitive-behaviorist pedagogical classification; first and foremost, it is
an existing course, made available online [11]. It is similar to the traditional pedagogical model; it involves
the use of an instructor(s) who transmits knowledge via downloadable videos and text files. In addition to
these, the course contains quizzes, assignments, and online group forums. The popular MOOC platforms
such as Coursera and edX offer xMOOCs, making them more popular than the cMOOCs [12].

Despite the huge growth in the number of MOOCs and a proportionate growth in enrolment numbers,
participation in the MOOCs after enrolment, as well as completion of the courses has been widely criticized
[2]. The leading MOOC platforms such as Coursera and EdX have typical completion rates of less than 13

per cent of those who registered for the course prior to its start [13]. Several MOOCs have completion rates
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as low as 4 per cent or 5 per cent [13]. For example, the University of Edinburg ran six MOOCs in 2013
with over 600,000 students registering for the courses. After the courses had ended, Statements of
Accomplishment (which show that the learner has seen most or all of the MOOC content) were give out to
only 30,000 students, which represented 12 per cent of the total number of students who registered [2]. In
another case, Duke University offered the Bioelectricity MOOC which had 12,725 students registering. Out
of those that registered, only 7,761 students watched a video and only 3,658 of them took at least one quiz,

while 313 passed the course with a certificate, a dropout rate of about 97 per cent.

Generally, MOOC completion can be described as performing all the necessary activities that could earn a
student a certificate [2], however, MOOC completion remains a controversial topic. Some authors have
argued that people enroll on MOOCs for various reasons, not primarily to complete the MOOC so
completion rates cannot be measured only by the performance of all tasks that will enable a student earn a
certificate. For instance, Porter (2015) argues that a second look must be taken at the issue of MOOC
completion by investigating the expectations and priorities of the target group of participants before we
begin to analyze completion figures [2]. Zheng et al. (2015) also argue that there are four general types of
student motivations for joining MOOCs: fulfilling current needs, preparing for the future, satisfying
curiosity, and connecting with people, hence course completion may not be the ultimate aim for joining a
MOOC [14].

Some authors have also argued that student intrinsic motivations alone should not be seen as the most
important factor that influences MOOC usage and subsequent completion, but course design is also an
important factor that influences completion. For instance, Porter (2015) states that the design of the learning
environment in online educational systems is important in influencing usage; it entails the design of the
learning platform as well as the form of support and encouragement given to the learner [2].
Encouragement to the learner could be in the form of weekly emails reminding them of their progress in
the course and also to emphasize progress made by their peers [2]. Cole (2000) also argues that in order to

improve learner retention, online learning materials should be designed properly [15].

The MOOC is a form of online or distant learning. Online learning offers many benefits and opportunities
to both tutors and learners. In order to harness the opportunities offered by online educational systems,
some lecturers in universities in Ghana have tried to engage students to use MOOCs to improve their
learning. However, as with international trends, the implementation of the MOOCs has seen poor
participation or usage. As the literature suggests, poor participation in the MOOC:s after enrolment, as well

as low completion rates is a source of concern.

A review of the literature revealed that little research has been done in the area of MOOC usage; for
instance, there is little exploratory work on intention to use MOOCs and actual MOOC usage. This study
intends to address the paucity of research in the area of MOOC adoption and usage, and specifically probe
the peculiar factors that account for this in universities in Ghana. There is hardly any research on MOOC
usage in African settings hence this study will give academics a platform to do cross-cultural evaluation of

the application of certain theories and models in research.
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Literature Review

The aim of the study was to identify the factors that influence the adoption and use of MOOCs as an online
educational technology to support student learning. Technology adoption is therefore an essential aspect
of the framework of the study. A review of the literature indicated that there are several models/theories
of technology adoption, such as the Theory of Reasoned Action (TRA), the Theory of Planned Behavior
(TPB), Social Cognitive Theory (SCT), the Technology Acceptance Model (TAM), the Extended Technology
Acceptance Model (TAM2), and the Unified Theory of Acceptance and Use of Technology (UTAUT). This
study adapted the UTAUT for the theoretical framework; the reason for this choice is explained in the next

section.

The Unified Theory of Acceptance and Use of Technology (UTAUT) model was developed by Venkatesh,
Morris, Davis and Davis in 2003 [16]. Venkatesh et al. (2003) decided to create a model that would address
the limitations of the Technology Acceptance Model (TAM) and other popular models used in the study of
information systems adoption. Their goal was to create a unified model by fusing different models of
technology adoption as well as results from several researchers in the area of technology adoption [17].
Venkatesh et al. (2003) identified and studied eight previously established models;

1. Theory of Reasoned Action (TRA) - Ajzen & Fishbein (1980)
Technology Acceptance Model (TAM) - Davis (1989)
Motivational model (MM) - Davis et al. (1992)
Theory of Planned Behaviour (TPB) — Ajzen (1985)
C- TAM-TPB - a model combining TAM and the Theory of Planned Behaviour (TPB) - Taylor and
Todd (1995)
Model of Personal Computer Utilization (MPCU) - Thompson et al. (1991)
7. Innovation Diffusion Theory (IDT) - Rogers (1983 and 2003)
8. Social Cognitive Theory (SCT) - Compeau & Higgins (1995) [17]
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Venkatesh et al. (2003) used longitudinal data from four organizations over a 6-month period to empirically
compare the eight models in both voluntary and mandatory settings. At the end of the study, the resultant
model was the Unified Theory of Acceptance and Use of Technology (UTAUT) model. UTAUT posits that
four constructs play a significant role in determining user acceptance and user behavior, namely,
performance expectancy, effort expectancy, social influence, and facilitating conditions [16]. The
researchers also discovered certain moderating factors that had been found to significantly influence the
resolve to use technology. Venkatesh et al. (2003) explored the effect of these moderating variables on

technology use. These moderating factors are gender, age, experience and voluntariness [16].

The UTAUT model is shown in Figure 1 below:
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Figure 1: The UTAUT Model (Venkatesh et al. 2003)

According to Venkatesh et al. (2003) the variance in intention to use explained by the contributing models
ranged from 17% to 53%. The UTAUT model was found to perform better in terms of variance in intention
to use compared to any of the other eight models [16]. The researchers also found that the moderating
factors significantly improved the predictive power of the rest of the eight models, except the Motivational
Model and the Social Cognitive Model. The UTAUT is one of the most powerful and thorough theories for

explaining IT adoption; largely because of the integration of as many as eight theories [18].

Once an appropriate model for technology adoption and use had been identified for the study, it was
critical to find out how extensively this model had been used in the study of technology use in e-learning
settings. UTAUT was originally created to assess technology adoption in organizational/corporate settings,
but a review of the literature showed that UTAUT has been applied in the context of e-learning, as it has
been beneficial in understanding technology use in various e-learning settings. The next section will
discuss studies in the area of e-learning that involved the use of the UTAUT as a technology adoption

model.

Decman (2015) conducted a study to determine the impact of the UTAUT variables on the intention to use
an e-learning system in a mandatory setting. The study used factor analysis and structural equation
modeling for data validation. UTAUT was shown to be an appropriate model to examine technology
adoption in an e-learning setting. Social influence and performance expectancy were shown to significantly
influence usage intention of the technology. Results also showed no significant influence of students’
previous education or gender on the model fit [19].

A study conducted by Wang et al. in 2009 in Taiwan on mobile learning (m-learning) usage showed that

performance expectancy, effort expectancy, social influence, perceived playfulness, and self-management
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of learning were all significant determinants of behavioral intention to use m-learning. The study used a
framework based on the UTAUT by adding the perceived playfulness and self-management of m-learning

constructs. A survey was conducted and data analysis was done using structural equation modeling [20].

Using UTAUT as the theoretical framework, Pynoo et al. (2011) studied secondary school teachers’
acceptance of a digital learning environment (DLE). The study revealed that the main predictors of DLE
acceptance were performance expectancy and social influence by superiors to use the DLE, while effort
expectancy and facilitating conditions were not significant [21].

Juinn & Tan (2013) conducted a study in Taiwan using UTAUT as a theoretical lens to investigate
Taiwanese college students’” acceptance of English e-learning websites. They found that effort expectancy
has a positive effect on behavior intentions. Their study also revealed that facilitating conditions have a
direct effect on the use of English e-learning websites [22]. In the area of open access educational content,
Dulle (2015) conducted a study in Tanzanian universities using UTAUT. The study revealed that effort
expectancy is a key determinant of researchers’ behavioral intentions of open access usage. Dulle (2015)
also found that facilitating conditions significantly affect researchers’ actual usage of open access
educational content [23].

While UTAUT focuses on technology adoption in general, when considering the adoption and usage of e-
learning systems such as MOOCs, additional factors need to be taken into account. Further review of the
literature showed that several other factors have been found to influence the adoption and use of e-learning
systems. As several researchers have extended UTAUT to study technology adoption in the context of e-
learning, this study will follow suit and extend UTAUT with relevant variables found to be significant in

e-learning adoption and use.

The following variables will be used to extend UTAUT since they have been found to be significant in
influencing e-learning adoption and use from several studies; instructional quality, computer self-efficacy,
and service quality. Instructional quality refers to students’ opinions of the effectiveness of teaching
methods and the total quality of the course design. Instructional quality includes the student’s views of
the skills of the instructor as well as the quality of information provided. Instructor characteristics and
teaching materials have a positive effect on perceived usefulness, which in turn has a positive effect on
intention to use e-learning. Design of learning content has a positive effect on perceived ease of use, which
in turn has a positive effect on intention to use e-learning [24]. Instructional quality is a significant positive
predictor of students’ satisfaction in an online course [25]. E-learning effectiveness in a Blackboard e-

learning system was found to be influenced by the quality of multimedia instruction [26].

System quality refers to the perceived overall quality of the e-learning system. It is derived from the
Information Systems Success Model (Delone & McLean 1992, 2003) [27]. System quality influences system
usage intention and subsequent system usage [27]. Users’ continuance intention of online learning

platforms is determined by satisfaction, which is in turn determined by perceived system quality [28].
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System quality is positively related to intention to continue usage of online learning systems [29]. Perceived

system quality influences students' behavioral intentions to use online learning course websites [30].

Self-efficacy can be described as a person’s subjective judgment of his or her skill level to execute certain
behaviors or obtain certain results in the future. Computer self-efficacy has a significant effect on
behavioral intention to use e- learning [31]. Self-efficacy is significantly positively related to students’
overall satisfaction with a self-paced, online course [25]. Computer self-efficacy affects students' behavioral

intentions to use online learning course websites [30].

From the review of the literature, the following variables from UTAUT will be used for the research model;
performance expectancy, effort expectancy, social influence, facilitating conditions, behavioral intention,
and use behavior. The following additional variables will be used to extend UTAUT; instructional quality,

computer self-efficacy, and service quality.

Research Model and hypothesis development

Current research (Decman (2015), Wang et al. (2009), Pynoo et al. (2011), Juinn & Tan (2013), and Dulle
(2015)) has shown that performance expectancy, effort expectancy, social influence and facilitating
conditions have significant effects on intention to use e-learning systems. Additionally we argue, based on
the research (Delone & McLean (2003), Artino (2008), Ramayah et al. (2010), Chang & Tung (2008), Lee et
al. (2009), Artino (2008), and Liaw (2009)) that computer self-efficacy, service quality, and instructional

quality also have a significant effect on the use of e-learning systems.

The hypotheses are stated in the following sections;

Performance Expectancy: Performance expectancy describes an individual’s perceptions about the
potential of a particular technology to perform different activities [15]. UTAUT proposed that performance

expectancy has a direct influence on behavioral intention to use a particular technology.

In line with the theory and the findings from Decman (2015), Wang et al. (2009), and Pynoo et al. (2011),
we posit that:

H1: Performance expectancy has a significant effect on students” intentions to use MOOCs

Social Influence: Venkatesh et al. (2003) defined social influence as the extent to which one senses how
significant it is that ““other people” believe he or she should use a technology [15]. Social influence has a
direct effect on behavioral intention to use a particular technology, and is moderated by gender, age,

experience, and voluntariness of use [15].

In line with the theory and the findings from Decman (2015), Wang et al. (2009), and Pynoo et al. (2011),
we posit that:

H2: Social influence has a significant effect on students’” intentions to use MOOCs
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Effort Expectancy: Effort expectancy is defined as the level of ease related to the use of technology [15].
UTAUT proposes that effort expectancy has a direct influence on behavioral intention to use a particular

technology; moderated by gender, age and experience [15].

In line with the theory and the findings from the work of Decman (2015), Wang et al. (2009), Pynoo et al.
(2011), Juinn & Tan (2013), and Dulle (2015), we posit that:

HB3: Effort expectancy has a significant effect on students” intentions to use MOOCs

Facilitating Conditions: Facilitating Conditions is the extent to which users are convinced that essential
organizational and technical infrastructures promote the use of technology [15]. According to Venkatesh
et al. (2003), facilitating conditions influence usage behavior directly, and are moderated by age and

experience [15].

In line with theory and the findings from the work of Decman (2015), Wang et al. (2009), Pynoo et al. (2011),
Juinn & Tan (2013), and Dulle (2015), we posit that:

H4: Facilitating conditions has a significant effect on students’ MOOC usage behavior

Computer Self-efficacy: Self-efficacy can be defined as a subjective judgment of a person’s skill level to
execute certain behaviors or obtain certain results in the future. Computer self-efficacy therefore refers to
self-efficacy with regards to the use of computers. Studies by Artino (2008) and Chang & Tung (2008)
showed that computer self-efficacy significantly influenced e-learning system usage. Artino (2008) adopted
and expanded TAM while Chang & Tung (2008) combined the innovation diffusion theory (IDT) and the
technology acceptance model (TAM) in their studies [24, 29]. Malek & Karim (2010) conducted a study in
Saudi Arabian government universities and found that computer self-efficacy significantly influences

students’ intention to use e-learning [32].

In line with the findings above we posit that:

H5: Computer self-efficacy has a significant effect on students’ intentions to use MOOCs

System quality: This refers to the perceived overall quality of the e-learning system. This construct is
derived from the Information Systems Success Model (Delone & McLean 1992, 2003). System quality
influences system usage intention and subsequent system usage [26]. Chiu et al. (2005) conducted research
on students in a Taiwanese university and found that user continuance intention is determined by
satisfaction, which is in turn determined by perceived system quality [27]. Ramayah et al. (2010) explored
quality factors in intention to continue using an e-learning system in Malaysia. Their study showed that

service quality, information quality and system quality were positively related to intention to continue
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usage [33]. Chang & Tung (2008) also state that perceived system quality influences students' behavioral

intentions to use online learning course websites [29].

In line with theory and the findings above we posit that:

Hé6: System quality has a significant effect on MOOC usage intention

Instructional quality: This refers to students’ views of the effectiveness of teaching methods and the overall
quality of the course design. Instructional quality includes the student’s perceptions of the skills of the

instructor as well as the quality of information delivered.

Instructor characteristics and quality of teaching materials were found by Lee et al. (2009) to have a positive
influence on perceived usefulness, which in turn had a positive influence on intention to use e-learning.
Lee et al. (2009) surveyed 250 undergraduate students in a university in South Korea for the study. Design
of learning content had a positive effect on perceived ease of use, which in turn had a positive effect on

intention to use e-learning [24].

Artino (2008) states that instructional quality is a significant positive predictor of students’ satisfaction.
Liaw (2008) conducted a study on students usage of a Blackboard e-learning system at the University of
Central Taiwan. His findings showed that e-learning effectiveness can be influenced by the quality of

multimedia instruction.

In line with the findings above we posit that:
H7: Instructional quality has a significant effect on students’ MOOC usage behavior

Intention to Use and Usage Behaviour: MOOC usage intention refers to the pre-determined decision of a
student to use the MOOC in the near future. Usage intention is theorized to result in usage behavior.
Several theories/models have proposed a direct influence of behavioral intention on usage behavior; for
instance TAM (Davis et al. 1989), TPB (Ajzen 1985), UTAUT (Venkatesh et al. 2003), and UTAUT2
(Venkatesh et al. 2012).

Several studies have also confirmed the influence of behavioral intention on usage behavior; Ain et al.
(2015), Decman (2015), Chiu & Wang (2008), Pynoo et al. (2011), and Wang et al. (2009) [18, 19, 20, 33, 34]

In line with theory and the findings above we posit that:
HS: Students’ intention to use MOOCs has a significant effect on students” MOOC usage behavior.

The proposed research model is shown in Figure 2.
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Figure 2: The proposed research model

2. Research Method

Instrument Development

The research model included nine variables, each of which is measured with multiple items. The items
were adopted from literature in order to improve content validity [36]. The items were re-phrased to reflect
the context of MOOCs and the study environment. The questions were reviewed by other researchers to
ensure that they were appropriate for respondents and comprehensible. Based on their feedback, the
questions were revised. A pilot study was then conducted with 100 students to validate the instrument.

Results from an exploratory factor analysis suggested that the instrument had good validity.

Measurement Instrument

Performance Expectancy and Social Influence were measured with four items derived from Venkatesh et
al. (2003). Effort Expectancy, Facilitating Conditions, and MOOC Usage Intention were measured with
three items derived from Venkatesh et al. (2003). System Quality, which assesses the access speed, ease of
use, reliability, system features, efficiency, ease of navigation, flexibility, privacy, and visual appeal of the
MOOC was measured with four items derived from Kim et al. (2004) [37]. Computer Self-Efficacy was
measured with six items adopted from the Murphy (1989) Computer Self-efficacy scale [38] and refined to
fit the context of the MOOC. Instructional Quality was measured with four items derived from Frick et al.
(2009), Ozkan & Koseler (2009) and Choi et al. (2007) [38, 39, 40] and re-worded to fit the context of the
MOOC. MOOC Usage was measured with four items adopted from Pavlou (2014) [42] and structured to
fit the MOOC context.

Sample and data collection

The field survey was conducted over a one-week period in January 2018 at Ho Technical University (HTU)
in Ho, and Ghana Technology University College (GTUC) in Accra, Ghana. HTU and GTUC were chosen
because some lecturers in those institutions have been assigning MOOC:s to their students. The location of

the institutions was also convenient for the researchers. Choosing Ho and Accra helped the researchers to
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use time and funds more efficiently, as well as improve the efficiency of questionnaire administration. With
the aid of lecturers the researchers recruited two research assistants to help in data collection. A total of 270
questionnaires were given out to the students who had been assigned the MOOCs. Since the lecturers
knew the particular classes that were involved, the students in those classes were targeted. The research
assistants were responsible for retrieving the questionnaires once the respondents had completed filling
them. Out of the 270 questionnaires distributed, a total of 204 were retrieved representing a response rate

of 76%. The high response rate was due to the cooperation of respondents and the lecturers.

Data Analysis Method

Analysis of the collected data was done using the partial least square approach to structural equation
modeling (PLS-SEM) on Smart PLS 3. Structural equation modeling is a second generation statistical
technique that enables researchers to examine causal relationships between latent variables [43]. There are
two methods of SEM; the covariance-based SEM and the variance-based approach. The covariance-based
SEM requires that the data show multivariate normality while the variance-based approach (PLS-SEM)
does not require multivariate normality [43]. The current study employs PLS-SEM because preliminary
analysis showed that the data were non-normal. Table 1 shows that the data is non-normal since none of

the values for both skewness and excess kurtosis is 0.

3. Results

Consistent with the two-step approach for assessing structural equation models recommended by Chin
(1998), we first evaluated the measurement model for reliability and validity. Next, we went on to test the
structural paths between the variables in the proposed model. The Smart PLS 3 software was used to

evaluate the reliability and validity of the measurement model, as well as test the structural model.

Measurement model assessment: The measurement model was assessed based on reliability, discriminant
validity and convergent validity. Reliability of constructs was assessed using Cronbach’s a.. From Table 1
it can be seen that Cronbach’s a values are higher than the threshold of 0.7 [44]. It can therefore be

concluded that the measurement model exhibits good reliability.
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Using MOOC:s increases my learning 3.127  1.049 -0.887 0.075 0.865 41.953 o
productivity rl?il
If I use MOOCs, I increase my chances of 3.500 1.215 -0.410 -0.537 0.596 7.800 <
getting a better grade g
Effort Expectancy My interaction with MOOCs is clear and  3.505  0.952 -0.033 -0.340 0.779 17.743 0.674 i
understandable —
It is easy for me to become skilful at 3.725 0.936 0.930 -0.908 0.812 24.747 §
using MOOCs o
I find MOOC:s easy to use 3.534 0.910 0.342 -0.516 0.742  16.235 o
Social Influence ~ People who influence my behaviour 3.382 1.071 -0.670 -0.233 0.748 16.699 0.797 g
think that I should use MOOCs 2
People who are important to me think 3.529 1.045 -0.546 -0.286 0.784 22.726 2
that I should use MOOCs =2
Lecturers are helpful in the use of 3.657 1.125 -0.287 -0.605 0.796  20.528 -
MOOCs
In general, my university supports the 3.770  1.005 0.027 -0.603 0.818 28.063
use of MOOCs
Facilitating I have the necessary resources to use 3.127  1.277 -0.910 -0.383 0.864 28.375 0.840 o
Conditions MOOCs =
I have the knowledge necessary to use 3.015 1.182 -0.970 -0.262 0.874 39.653 N
MOOCs IS
A specific person or group is available 3.157  1.258 -0.966 -0.240 0.872  29.494 =
for assistance with MOOCs 2
MOOC Usage I intend to frequently use MOOCs 3.436 0.986 -0.007 -0.471 0.772 13.544 0.770 g
Intention during the semester N
=
5
=
>
s
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Computer Self-
Efficacy

System Quality

Instructional
Quality

I predict I will frequently use MOOCs
during the semester

I plan to frequently use MOOCs during
the semester

I feel confident using a personal
computer or smartphone, or tablet

I feel confident getting the internet up
and running on a personal computer or
smartphone, or tablet

I feel confident navigating the internet
on a personal computer, or smartphone,
or tablet

I feel confident downloading or
uploading a file on the internet from a
personal computer, or smartphone, or
tablet

I feel confident participating in online
group discussions

I feel confident completing tests/quizzes
on the internet from a personal
computer, or smartphone, or tablet

The MOOC site quickly loads all the text
and graphics.

The MOOC site is easy to use.

The MOOC site is easy to navigate.

The MOOQOC site is visually attractive.
The MOOC instructor(s) demonstrate
good knowledge of the subject matter.
The MOOC instructor(s) are skillful in
communicating educational content

I trust the information I receive from the
MOOC instructor(s)

3.235

3.314

4.093

4.103

4.020

4.118

3.824

4.015

3.358
3.206
3.270
2.961
3.093
3.029

3.127

0.982

0.995

1.087

1.144

1.075

1.055

1.097

1.041

1.064
0.993
1.053
0.989
1.255
1.216

1.218

-0.463

-0.748

1.354

1.066

0.441

0.289

0.049

0.420

-0.098
-0.523
-0.611
-0.736
-0.906
-0.956

-0.933

-0.331

-0.092

-1.339

-1.313

-1.040

-1.070

-0.810

-0.923

-0.559
-0.333
-0.228
-0.319
-0.357
-0.221

-0.197

0.852

0.858

0.842

0.879

0.840

0.893

0.827

0.845

0.780
0.839
0.868
0.863
0.815
0.862

0.846

36.957

36.998

23.321

30.794

23.041

53.233

32.769

39.581

15.814
35.530
39.466
26.679
22.834
41.127

26.185

0.927

0.859

0.875
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MOOC Usage

The instructor(s) give prompt feedback
to students on the MOOC discussion
platform

I frequently download/stream a video-
based instructional content from a
MOOC site

I frequently participate in group forums
on a MOOC site

I frequently download text-based
instructional content from a MOOC site
I frequently complete
assignments/quizzes from a MOOC site

2.730

3.289

3.132

3.225

2931

1.121

1.146

1.083

1.115

1.055

-1.140

-0.427

-0.694

-0.737

-0.867

-0.210

-0.526

-0.313

-0.221

-0.316

0.886

0.821

0.864

0.847

0.882

35.019

21.551

49.924

25.850

33.794

0.876
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Convergent validity of the measurement model was also evaluated based on recommendations by
Henseler et al. (2009) that the average variance extracted (AVE) for each latent construct should be greater
than 0.5 [45]. From Table 2 it can be seen that AVE values for all constructs are higher than the 0.5 threshold.

We can therefore conclude that the measurement model exhibits good convergent validity.

Discriminant validity was assessed using the Fornell-Larker criterion, which states that the AVE of each
latent construct should be greater than the highest squared correlations between any other construct [46].
It can be seen from Table 2 that the square root of the AVEs for each construct is greater than the cross
correlation with other constructs. Based on these results, we conclude that the measurement model exhibits
good discriminant validity.

Table 2: Testing Discriminant Validity using the Fornell-Larcker Criterion
AVE CSE EE FC IQ MU MUI PE SI SQ
Computer Self-Efficacy 0.731 0.855

Effort Expectancy 0.606 0.452 0.778

Facilitating Conditions 0.757 0.232 0.220 0.870

Instructional Quality 0.727 0.239 0.327 0.509 0.853
MOOC Usage 0729 0314 0344 0.722 0.692 0.854

MOOC Usage Intention 0.686 0482 0.614 0457 0.398 0.669 0.828

Performance Expectancy  0.636 0.389 0.473 0.230 0.141 0.389 0.691 0.797

Social Influence 0.619 0394 0531 0.248 0227 0358 0572 0425 0.787
System Quality 0.703 0365 0.572 0.290 0.307 0.489 0.800 0.508 0.536 0.838

Note: Square roots of average variances extracted (AVEs) shown on diagonal in italic

Structural Model Assessment: After confirming the validity and reliability of the measurement model, the
structural model was assessed. The structural model was assessed based on the sign, magnitude and
significance of path coefficients of each hypothesized path. Bootstrapping was performed to determine the
significance of each estimated path. To determine the explanatory power of the structural model, its ability
to predict the endogenous constructs was assessed using the coefficient of determination R2. Results for the

structural model assessment are presented in Table 3 and Figure 3.

Performance Expectancy was found to have a significant positive effect on MOOC Usage Intention (3 =
0.318, p = 0.000), which provides support for Hl. However, Social Influence was found not to have a
significant effect on MOOC Usage Intention (3 = 0.078, p = 0.129), which does not provide support for H2.
Contrary to expectation, Effort Expectancy was found not to have a significant effect on MOOC Usage
Intention (8 = 0.084, p = 0.103), which does not provide support for H3. Facilitating Conditions was found
to have a significant positive effect on MOOC usage (3 = 0.378, p = 0.000), which provides support for H4.
Computer Self-Efficacy was found to have a significant positive effect on MOOC Usage Intention (8 =0.103,
p = 0.026), which provides support for H5. System Quality was also found to have a significant positive
effect on MOOC Usage Intention (8 =0.318, p =0.000), which provides support for H6. Instructional Quality
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was found to have a significant positive effect on MOOC usage (3 = 0.359, p = 0.000); this provides support
for H7. As expected, MOOC Usage Intention was found to have a significant positive effect on MOOC
usage (3 = 0.354, p = 0.000), which provides support for HS.

In all, the proposed model accounted for 75.8 per cent of the variance in MOOC Usage, and 77.4 per cent
of the variance in MOOC Usage Intention (R? of 0.758 and 0.774 respectively). To assess model fit in PLS
we used the standardized root mean square residual (SRMR). The SRMR value for the model was 0.093; a
value less than 0.08 is generally considered a good fit [47]. Although the SRMR value does not indicate a
very good fit as recommended by Hu and Bentler (1999), reliability, validity, and R? measures show that
the model is able to explain the relationships in the hypothesized paths.

Table 3: Hypothesis testing

Hypothesized Path Path T P Results
Coefficient Statistics  Values
B
Computer Self-Efficacy -> MOOC Usage Intention  0.103 2.227 0.026 Supported
Effort Expectancy -> MOOC Usage Intention 0.084 1.632 0.103 Not
Supported
Facilitating Conditions -> MOOC Usage 0.378 5.018 0.000 Supported
Instructional Quality -> MOOC Usage 0.359 5.177 0.000 Supported
MOOC Usage Intention -> MOOC Usage 0.354 4.371 0.000 Supported
Performance Expectancy -> MOOC Usage 0.318 4.403 0.000 Supported
Intention
Social Influence -> MOOC Usage Intention 0.078 1.520 0.129 Not
Supported
System Quality -> MOOC Usage Intention 0.511 5.311 0.000 Supported

R2 (MOOC Usage) = 0.758
R2 (MOOC Usage Intention) = 0.774
SRMR = 0.093

4. Discussion

This study sought to investigate the factors that influence MOOC usage by students in selected tertiary
institutions in Ghana. The study was motivated by the fact that lecturers who assigned MOOC:s to their
students reported a general lack of interest and poor usage of the MOOCs. As stated earlier, participation

in the MOOC:s after enrolment, as well as completion of the courses has been widely criticized [2].
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We approached the study from a technology adoption perspective; the findings of our study show that
MOOC usage intention is influenced by computer self-efficacy, performance expectancy, and system
quality. The study also showed that MOOC usage is influenced by facilitating conditions, instructional

Performance
3 Expectancy g B
Computer Self-
Effort Expectanc
P i P Efficacy
S0.0BatE* -
\. ’ 0.318* 0.103**
- i /
Y H’ -
MOOC Usage
System Quality | —o0511° Intention 0.354* —p, MO?C Usage
R o e R2=75.8%
NE
- i
G 037t 0.359*

Facilitating
Conditions

Social Influence

Instructional Quality

———— P Significant paths + Mon-significant paths

Notes: *p =0.000, **p < 0.05, ***p > 0.05

Figure 3: PLS results for structural model

quality, and MOOC usage intention. Six out of the eight hypotheses stated were supported, which, to a
large extent supports our research model. A review of the literature reveals a paucity of research in the

area of MOOC adoption, usage and continuance intention as compared to e-learning in general.

Our study provides support for studies conducted by Artino (2008), Chang & Tung (2008), and Malek &
Karim (2010) which show that computer self-efficacy influences students” usage of e-learning systems. It
points to the importance of appropriate computer literacy training prior to the use of a MOOC by lecturers.
Awidi (2008) states that it is critical that both students and lecturers in universities in Ghana be given hands-
on training in ICT as part of the government’s e-learning strategy [48]. We therefore argue that computer
literacy skills are important in the use of e-learning systems, especially for developing countries such as
Ghana.

The study did not provide support for the relationship established in the UTAUT model between effort
expectancy and usage intention. This finding is consistent with work done by Ain et al (2015) on Learning
Management System use by students in Malaysia [34], and Al-Shafi et al. (2009) on e-government services
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adoption [49]. In their study, effort expectancy was found not to have a significant influence on Learning
Management System use by students. This may be due to students placing more importance on usefulness
and learning from the MOOC than the effort required to learn. Unlike traditional technology systems which
are often designed to improve efficiencies and hence reduce effort, learning is seen as an activity that
requires effort. Tools that support the process are not necessarily used to reduce effort but rather improve
the effectiveness of the learning. Also, the study did not provide support for the relationship established in
the UTAUT model between social influence and usage intention. This result is consistent with findings by
Magsamen-Conrad et al. (2015) [50], who found that social influence has no significant influence on tablet
use intentions. This implies that students feel they don’t need the support of their social circle to be
motivated to use the MOOC. It could also mean that students have the perception that lecturers and the
university as a whole will not support them in the use of MOOC:s, since the social influence construct was
measured with items that considered perceived help from lecturers and support from the university. We
propose that lecturers in the universities should encourage students to use MOOCs and assure them of
their willingness to help, and also check on their progress. Universities should provide students with the
needed resources such as acceptable speed internet connections and computer labs to encourage students
to participate in MOOCs.

Facilitating conditions was found to have a significant influence on MOOC usage. This is consistent with
findings from studies conducted by Decman (2015), Wang et al. (2009), Pynoo et al. (2011), Juinn & Tan
(2013), and Dulle (2015) [18,19,20,21,22]. This finding shows that universities must provide structures and
resources that will promote the use of MOOCs by students. Lecturers should incorporate the use of
MOOC:s into their teaching and if possible. Universities must also provide controlled internet access to
students and set up libraries or laboratories where students can have access to computers for the purposes

of e-learning.

Consistent with Lee et al (2009) [23], the study showed that instructional quality has a significant
relationship with MOOC usage. This therefore implies that MOOC providers must design their
instructional materials properly and they must be of good quality. This means the right pedagogical
approach must be adopted in designing the instructional materials. MOOCs tend to be based on the
cognitive-behaviorist pedagogical approach [51,52]. As a result, as recommended by Alzaghoul (2012), the
following need to considered in designing instructional content; learners need to be informed of learning
outcomes of the online course, the online lesson must have tests at particular sections to check the learner’s
level of understanding of the material, the learning materials must be sequenced properly to promote
learning, and finally, the learners must be given feedback so they can monitor their progress and take

corrective action if need be [53]

Our study also provides support for studies conducted by Decman (2015), Wang et al. (2009), and Pynoo
et al. (2011) [18,19,20] which show that performance expectancy has a significant effect on usage intention.
This shows that students are of the view that consistent participation in the MOOC can positively impact
their academic performance. We propose that lecturers and the university management as a whole find

ways of motivating students to participate in MOOCs. This can be done by consistent encouragement from
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lecturers, pasting of MOOC information on student notice boards, formation of MOOC clubs and
commissioning of MOOC champions. The university can dedicate one week in each semester called the
“MOOC week” for promoting the use of the MOOC.

Lastly, system quality was found to have a significant influence on MOOC usage intention. This is
consistent with work done by Chang & Tung (2008) and Ramayah et al. (2010). This reinforces the fact that
MOOC designers must ensure that MOOCs are of good quality. They can achieve this by ensuring the site
loads quickly,, the site is easy to use, the site is easy to navigate, the site is visually attractive, and that

mobile access with responsive designs are implemented.

5. Conclusions

In order to improve on MOOC usage by students in Ghanaian universities, we propose that universities
must promote the use of MOOCs by providing resources such as internet access and computer labs for
students, and also come up with activities that will influence students to partake in MOOCs. Lecturers
should also encourage and support students to use MOOCs in innovative ways. Computer skills training
should also be part of the educational curriculum at all levels. MOOC designers must ensure good
instructional quality by using the right pedagogical approaches and also ensure that the sites and content

are of very good quality.
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