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and developing a digital model of education. Education 
has recently exhibited extensive growth in the context 
of online learning, or e-learning, following a shift in dis-
semination methods from traditional whiteboards to 
online learning platforms. Accordingly, a large number 
of courses are offered online by subject experts on plat-
forms such as edX and MiriadaX [1, 2].

Kaplan and Haenlein [3] defined massive open online 
courses (MOOCs) as online courses that are accessible 
to anyone from any part of the world. Online courses 
are taught by experienced academics and subject experts 
who help students acquire the required knowledge and 
experience [4, 5]. MOOCs originated in Europe and the 

Introduction
Human life has been revolutionized by information and 
communication technologies (ICTs), which have had a 
significant impact on educational institutions. Digita-
lization has reshaped education by serving as a socio-
technical mechanism according to which both students 
and [1] teachers mutually take an interest in expanding 
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Abstract
Background This study investigated the acceptance and use of massive open online courses (MOOCs) among health 
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media richness affected the actual use of health informatics MOOCs among students and instructors in Saudi 
Arabian academic institutions. The results of this study show that autonomy, relatedness, and competence must be 
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Keywords Technology acceptance, E-learning, MOOCs, Health informatics

Investigating the acceptance and use 
of massive open online courses (MOOCs) 
for health informatics education
Ali H Alharbi1*

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
https://orcid.org/0000-0003-1815-7287
http://crossmark.crossref.org/dialog/?doi=10.1186/s12909-023-04648-9&domain=pdf&date_stamp=2023-9-7


Page 2 of 10Alharbi BMC Medical Education          (2023) 23:656 

United States and have subsequently received worldwide 
attention, especially from distance education communi-
ties [6]. To embed MOOCs in higher education, top uni-
versities have begun to offer pedagogical-based learning 
objects to target a large number of students [1]. In this 
context, Stanford University introduced Coursera and 
Udacity, which allow academics to deliver valuable infor-
mation to students, and Harvard and MIT began offering 
Harvardx and MITx, respectively, to more than 1.2 mil-
lion students. In the Middle East, Jordan implemented 
the Edraak system to provide online courses to more than 
12,000 students worldwide [6, 7].

One of the main reasons that learners are attracted to 
MOOCs is that MOOCs facilitate free online learning 
and flexible enrollment. MOOCs are easily accessible 
in terms of schedule, time, and location, and they ben-
efit learners in distant geographical locations or students 
who have limited access to physical classroom education 
[8].

However, despite their advantages, MOOCs face chal-
lenges that hinder their acceptance, including noncom-
pletion rates. Some students merely want to experience 
online learning instead of completing the courses; how-
ever, it is essential to maintain students’ continuous and 
consistent use of courses to ensure sustainability [9]. 
Therefore, it is important to investigate the factors that 
affect the adoption and acceptance of MOOCs globally 
[10].

In developing countries, according to Altalhi [6], the 
adoption rate of MOOCs is very low. This claim is espe-
cially true in Saudi Arabia. An increase in the growth and 
sustainability of MOOCs has been observed, and the lit-
erature has focused on this topic in developing countries; 
however, only limited studies have been reported in this 
context [6]. To the best of our knowledge, this study is 
the first to investigate this topic in Saudi Arabia by utiliz-
ing self-determination theory (SDT), channel expansion 
theory (CET), and the unified theory of acceptance and 
use of technology (UTAUT) to identify the factors that 
significantly influence the behavioral intention and actual 
use of health informatics MOOCs among educators and 
students in Saudi Arabian universities.

Significance of the study
Investigating the adoption and use of MOOCs among 
educators and learners is essential to understand the 
extent to which this technology can reshape learning 
and teaching. Health informatics, as an emerging aca-
demic area, can benefit from the adoption of MOOCs 
to support teaching and learning. To design high-quality 
MOOCs to effectively support health informatics educa-
tion, it is essential to understand the underlying factors 
and theoretical issues that might affect the adoption and 
use of this technology. An eclectic theoretical approach 

was used in the current study because no single theory 
is able to explain the relationships between the differ-
ent factors that contribute to the acceptance and use of 
this technology, especially in emerging multidisciplinary 
areas such as health informatics. Therefore, the UTAUT, 
SDT and channel expansion theory were combined in 
this study to contribute to knowledge on the acceptance 
and use of health informatics MOOCs. These theories 
and models have the potential to explain the factors 
that affect MOOC adoption from different theoretical 
perspectives.

Theoretical background
Status of MOOCs in Saudi Arabia
Saudi Arabia has invested in new technologies to enhance 
students’ learning experience. Several academic institu-
tions in Saudi Arabia have recently started to explore the 
potential of MOOCs to supplement traditional courses 
and prepare learners for the workforce. KKUx [11] is an 
initiative of the Deanship of E-Learning at King Khalid 
University (KKU) that provides high-quality digital con-
tent on the most important skills to prepare learners for 
their future jobs. Other platforms, such as Doroob and 
Rwaq, have also been developed to provide a range of 
open educational content that targets different audiences. 
Similarly, to boost the adoption of MOOCs in Saudi Ara-
bia, another platform called Maarefh was introduced 
[12]. Recently, the Saudi national e-learning center also 
launched Future X [13], a national e-learning platform 
that supports the integration and delivery of diverse 
e-learning services and courses, including MOOCs.

Health informatics MOOCs
Health informatics is an emerging field that has received 
considerable attention in recent years. Health informatics 
applies principles of computer science and information 
technology to the improvement of health care. Health 
informatics can be defined as “the interdisciplinary study 
of the design, development, adoption, and application 
of IT-based innovations in health care services delivery, 
management, and planning” [14]. Health informatics stu-
dents and professionals should be knowledgeable about 
various technical, clinical, and administrative domains of 
health care.

To enhance health informatics education, it is essential 
for academic institutions and e-learning content provid-
ers to support the development of resources to fulfill the 
needs of learners in this emerging field. Few studies have 
discussed the role played by educational technology and 
platforms in supporting health informatics education. 
A learning management system (LMS) is central to any 
form of online and distance learning. Zakaria et al. [15] 
examined the use of a learning management system by 
265 medical students and found that the students were 
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interested in adopting various features of the LMS to 
enhance their learning.

Few studies have discussed the role and potential ben-
efits of MOOCs in health informatics education. An 
exploratory study was conducted by Paton [16] on a 
website that offers a health informatics MOOC. The aim 
of this study was to investigate the extent to which this 
course was utilized by learners. The study revealed that 
more than 10,000 learners from more than 100 countries 
used the course between August 2012 and January 2014.

The success of a new system depends on users’ accep-
tance. Several studies have used the technology accep-
tance model (TAM) and the unified theory of acceptance 
and use of technology (UTAUT) to examine the accep-
tance of MOOCs in developed economies [1, 6, 17]. Fianu 
et al. [18] used the UTAUT model to identify the factors 
that affect the acceptance of MOOCs [19]. Although 
a considerable amount of research has been devoted to 
MOOC acceptance, less attention has been given to the 
adoption of health informatics MOOCs among learners 
and educators.

Types of MOOCs and their characteristics
Although MOOCs were first introduced in 2008, there 
has been an extensive shift in the education sector from 
traditional learning to online learning in recent years, a 
trend that has been accelerated by the COVID-19 pan-
demic. There are two types of MOOCs: connectivity-
based courses (cMOOCs) and instruction-based courses 
(xMOOCs) [19].

According to Shao [20], the most notable feature of 
MOOCs is their size. While a traditional e-learning sys-
tem targets a limited number of learners, MOOCs are 
accessible by a large number of participants worldwide. 
MOOCs are also known for their openness and ability to 
support peer evaluation and reviews, which can enrich 
the learning experience. In addition, learners can easily 
access quizzes using modern devices [21].

Challenges of adopting MOOCs in health informatics
MOOCs raise several challenges and issues as well as 
questions that have not yet been answered and need to 
be explored. A number of challenges to the adoption of 
MOOCs have been identified in the literature [22, 23]. 
Measuring learners’ performance and retention rate is 
one of the major challenges for MOOCs’ efficiency. A 
lack of interactivity and difficulty providing timely and 
relevant feedback for learners are among the most fre-
quently cited factors that hinder learners’ engagement 
with MOOCs. Massive participation by a heterogeneous 
sample of learners with different cultures and back-
grounds is also considered one of the greatest challenges 
in adopting MOOCs.

The unified theory of acceptance and use of technology 
(UTAUT): an overview
The unified theory of acceptance and use of technology 
(UTAUT) model was developed and validated by Ven-
katesh et al. [24]. The UTAUT extends the traditional 
TAM by addressing social factors. It has been reported 
that the UTAUT has higher explanatory power than 
other models [6, 25, 26]. The UTAUT consists of four 
main constructs that predict a user’s behavioral inten-
tion toward and actual use of technology. These four 
constructs are performance expectancy (PE), effort 
expectancy (EE), social influence (SI), and facilitating 
condition (FC) [17, 27]. PE explains the degree to which 
users expect their use of a system to help improve their 
job performance, EE focuses on the ease of using a sys-
tem, SI refers to the opinions of others regarding whether 
an individual should use a system, and FC refers to the 
support provided by organizational technical infra-
structure with regard to using a system. System quality 
and user satisfaction (SQUS) as well as user-based use 
motives (UBUM) [17, 28] were added to the UTAUT. 
SQUS refers to the degree to which users are satisfied 
when using a new system. When the perception of a 
new system exceeds users’ expectations, users are satis-
fied [29]. The UTAUT model has also been extended 
by adding trust and flow experience [28]. Some studies 
have reported that the UTAUT can explain variation in 
behavioral intention (e.g., [6], [1], [17]). Previously, Ven-
katesh et al. [27] added four moderating variables to the 
UTAUT model: age, experience, gender, and voluntari-
ness. According to [17], the UTAUT model has been 
cited more than 12,000 times. Although the model has 
been used extensively, the number of studies that investi-
gate the acceptance of MOOCs remains limited, and the 
reported results have been mixed (e.g., [18], [30]).

Self-determination theory (SDT)
SDT explains an individual’s intrinsic motivation in the 
absence of any external motivation, pressure, or influ-
ence. According to Deci and Ryan [31], intrinsic motiva-
tion occurs when an individual is engaged and interested 
in and begins to enjoy the task in question (in this case, 
using a new system). Nikou and Economides [32] defined 
intrinsic motivation as motivation resulting from a natu-
ral drive. SDT has been used extensively to study a variety 
of research topics, such as music education, video games, 
cloud-based virtual learning, social networking plat-
forms, and health organization behavior [33–35]. SDT 
posits that three psychological determinants explain the 
“experience of choice”: relatedness, autonomy, and com-
petence. Relatedness refers to caring for other people, 
connecting with peers, and seeking support from man-
agers, colleagues, and family members when using a new 
system [36]. Autonomy pertains to the independence and 
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freedom that the system offers to users to allow them to 
self-regulate their learning. Competence indicates that 
an individual accepts challenging tasks and has the con-
fidence to achieve goals. Students’ belief in their ability to 
learn online via MOOCs and their belief that they have 
high levels of competence leads to higher motivation 
[37].

Channel expansion theory (CET)
CET, which combines social presence with SI theories, 
media richness, and situational factors, suggests that 
media richness is the main factor that motivates an indi-
vidual to adopt new technology and systems. This theory 
hypothesizes that individual experiences with regard to 
the development of knowledge affect channel richness. 
Such experiences, which consist of the organizational 
context, channel, communication partners, and mes-
saging topics, allow users to learn about the new fea-
tures, options, functions, and limitations of channels to 
ensure effective and efficient communication and elicit 
a perception of media richness. The influence of society 
on individuals during their use of media is an outcome 
of organizational context, which generates a new kind of 
knowledge. In addition, a better pattern of language and 
construction of messages can be experienced with a com-
munication partner, while experience with a topic helps 
users employ specific terms and develop better commu-
nication skills, leading to improved media richness [38].

Research model and hypothesis development
Behavioral intention and media richness in the UTAUT
As noted in Sect. 2.5, the original model of the UTAUT 
includes PE, EE, SI, and FC. PE is similar to the per-
ceived usefulness of the TAM; it explains how students 
can use MOOCs to improve their learning performance. 
EE is similar to the perceived ease of use in the TAM and 
describes the degree to which individuals believe that 
MOOCs are easy to use [39]. SI includes opinions and 
pressure from classmates, instructors, social groups, and 
friends regarding the use of MOOCs, which may increase 
students’ adoption tendencies and use of MOOCs.

Since MOOC platforms depend on multimedia tech-
nology, investigating the role played by media richness 
theory in the acceptance and adoption of MOOCs can 
provide greater insight into the factors that influence 
individuals’ intention to adopt MOOCs. Hew and Kadir 
[38] reported that media richness has a significant effect 
on behavioral intention. Rich media help users communi-
cate more quickly and improve their performance. Media 
richness also supports users during e-learning. Therefore, 
we hypothesize that media richness affects learners’ per-
ceptions of the possibility of using MOOCs and propose 
the following hypotheses:

H1 The behavioral intention to utilize health informatics 
MOOCs is influenced by performance expectancy.

H2 The behavioral intention to utili-ze health informatics 
MOOCs is influenced by effort expectancy.

H3 The behavioral intention to utilize health informatics 
MOOCs is influenced by perceived media richness.

H4 The actual adoption of health informatics MOOCs is 
influenced by perceived media richness.

Behavioral intention and the actual use of MOOCs
A positive and significant relationship between behav-
ioral intention and learners’ use of MOOCs has been 
reported [1]. According to [27], once learners are con-
vinced to adopt a system, they are likely to do so. This 
relationship has been confirmed by [1] and [27]. Fur-
thermore, behavioral intention mediates the relationship 
between SDT and the actual use of MOOCs [1]. Wan et 
al. [17] identified the mediating effect of behavioral inten-
tion and continued use intention. Previous studies have 
also reported the mediating role of behavioral inten-
tion in the relationships between self-determination, 
UTAUT, and task technology fit models and the inten-
tion to use MOOCs [10, 39]. We posit a positive relation-
ship between behavioral intention and the actual use of 
MOOCs and thus propose the following hypothesis:

H5 Behavioral intention has a positive effect on the actual 
use of health informatics MOOCs.

SDT, behavioral intention, and media richness
As noted in Sect.  2.6, the three attributes of SDT are 
autonomy, relatedness, and competence. Perceived relat-
edness may increase the motivation of users in a context 
featuring a supportive culture, a supportive environment 
and autonomy. Relatedness enhances belongingness 
and leads to a state of enjoyment for users of technolo-
gies and systems [34]. Learners are also influenced by 
people to whom they are connected, and relatedness cre-
ates bonds among learners or users in the workplace for 
mutual benefit. With regard to social and educational 
well-being, relatedness helps students investigate their 
behavior when using MOOCs [27]. Perceived relatedness 
is linked with autonomy, and it enables learners to make 
decisions regarding whether to use MOOCs. Previous 
studies have found a positive and significant relationship 
between perceived relatedness and the behavioral inten-
tion to use MOOCs [1, 38, 39].

Autonomy refers to users’ feeling that they have the 
freedom to adopt a new technology or system indepen-
dently. With regard to the current study, autonomy indi-
cates that students have the right to decide whether to 
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use MOOCs and to enroll in any subject of their choice 
that is relevant to their field. MOOCs allow learners to 
choose their favorite subjects without limitations due to 
time, schedule, or boundaries. Several previous studies 
have found a correlation between perceived autonomy 
and behavioral intention (e.g., [40], [41]).

Perceived competence refers to individuals’ perception 
and belief that they are capable of accomplishing a spe-
cific task. High competence leads to a high level of moti-
vation and encourages learners to investigate and attempt 
new things. Perceived competence can be affected by 
ease of use, language difficulty, connectivity, and digital 
skills. In e-learning environments, learners should be 
familiar with how to use digital platforms and interact via 
different communication channels, which is explained by 
CET [36, 38]. Based on the preceding discussion, we pro-
pose the following hypotheses:

H6 The behavioral intention to utilize health informatics 
MOOCs is influenced by perceived autonomy.

H7 The behavioral intention to utilize health informatics 
MOOCs is influenced by perceived relatedness.

H8 The behavioral intention to utilize health informatics 
MOOCs is influenced by perceived competence.

Research methods
This study followed a quantitative cross-sectional 
approach, and data were collected via an online sur-
vey. A cross-sectional design is considered a time- and 
cost-effective approach. A structured questionnaire was 
adopted from previous studies to collect the primary 
data from the respondents. The questionnaire consisted 
of items related to constructs of the UTAUT, self-deter-
mination theory and channel expansion theory. All items 
were measured on a seven-point Likert scale. Details 
are given in Sect.  3.5. Prior to data collection, ethical 
approval was obtained for data collection. Informed con-
sent was also obtained from the respondents. The aim of 
the study was explained to the respondents, who were 
informed that the data would be used only for academic 
purposes and that the identity of individuals and orga-
nizations would be kept confidential. Furthermore, the 
reputation of individuals and organizations would not be 
harmed. The respondents were given three to four days to 
complete the questionnaire. A total of 170 questionnaires 
were distributed to students and teachers, and 145 com-
pleted responses were received and used in the analysis.

Sampling technique
The participants in the survey were faculty members and 
students from public and private universities in Saudi 
Arabia. The data collection took place from January to 

February 2022. A nonprobability convenience sampling 
technique was used to select the study sample. This sam-
pling technique has been widely used in the social, man-
agement, and learning sciences [39, 42]. Related studies 
investigating MOOCs [1, 6, 17] have also used a conve-
nience sampling technique to collect data. Prior to data 
collection, ethical approval was obtained from the sci-
entific research ethical committee of Qassim University 
(Protocol # 21-14-11).

Measures
To test the framework and hypotheses proposed in the 
current study, the first part of the questionnaire obtained 
the participants’ responses to items pertaining to each 
theory. The items were measured on a seven-point Lik-
ert scale ranging from 1 (strongly disagree) to 7 (strongly 
agree). The UTAUT comprises six constructs: PE (4 
items), EE (4 items), SI (5 items), FC (5 items), behavioral 
intention (3 items), and actual use (4 items). SDT consists 
of three constructs, perceived relatedness (7 items), per-
ceived autonomy (7 items), and perceived competence 
(6 items), which were adapted from [1] and [39]. Media 
richness (6 items) was adapted from [38]. The second 
part of the questionnaire focused on demographic infor-
mation, such as gender, age, role as a teacher or student, 
sector, and level of education.

Data analysis
The data were analyzed using structural equation mod-
eling (SEM). Partial least squares SEM (PLS-SEM) was 
used to examine the reliability and validity of the scales. 
For this purpose, measurement models were developed 
and tested using PLS-SEM, and a structural model was 
developed and tested to test the hypotheses. The purpose 
of the measurement model was to evaluate the composite 
reliability, average variance extracted, and discriminant 
validity using heterotrait-monotrait (HTMT) ratios and 
Cronbach’s alpha coefficients [43]. The threshold criteria 
were as follows: composite reliability (CR) > 0.70, average 
variance extracted (AVE) > 0.50, Cronbach’s alpha > 0.70, 
factor loadings > 0.70, and HTMT ratios < 1. The struc-
tural model was tested using the bootstrapping method.

Results
In total, 145 respondents participated in the online sur-
vey. Table  1 presents the participants’ demographic 
information. Among the respondents, 67.6% were male 
and 32.4% were female. In addition, 87.6% of the partici-
pants were students, and 12.4% were faculty members. 
Respondents mostly belonged to the 18–25 age group 
(86.2%), followed by the 26–35 age group (7.6%). Among 
the respondents, 90.3% were from public institutions, 
while 9.7% were from private institutions in Saudi Ara-
bia. Additionally, 66.2% of respondents held bachelor’s 
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degrees, 15.9% had a diploma, and 10.3% and 7.5% had 
master’s and doctoral degrees, respectively.

Measurement model
A measurement model was developed to assess conver-
gent and discriminant validity. Convergent validity was 
assessed by investigating factor loadings, composite reli-
ability, average variance extracted, and Cronbach’s alpha 
coefficients. Confirmatory factor analysis (CFA) was con-
ducted using PLS-SEM. Initially, Item 4 of PE, Item 3 of 
SI, Items 3, 5, 6, and 7 of perceived relatedness, Items 2, 
3, and 7 of perceived autonomy, and Items 1, 5, and 6 of 
perceived competence were excluded from the analysis 
due to their low factor loadings. The criterion for such 
loadings, as noted by [43], is that they must be > 0.70. 
Furthermore, the criteria for reliability and validity are 
AVE > 0.50, Cronbach’s alpha > 0.70, and CR > 0.70, as 
suggested by [43]. Table 2 shows that the CR, AVE, and 
Cronbach’s alpha values met these thresholds, indicating 
that the scales used in the study were reliable and valid.

Discriminant validity was assessed using HTMT ratios, 
which is a robust statistical technique used to validate 
discriminant validity. HTMT ratios are used to deter-
mine whether the measures of a scale are related to each 
other. As shown in Table 3, sufficient discriminant valid-
ity was established, the scales used in the current study 
were found to be reliable and valid, and the measurement 
model had psychometrically sound properties.

Structural equation modeling
Bootstrapping was conducted to test the direct hypoth-
eses. Standardized path coefficients, t-statistics, standard 

Table 1 Demographic information
Variable Frequency Percentage (%)
Gender

Male 98 67.6
Female 47 32.4

Role
Student 127 87.6
Teacher 18 12.4

Age
18–25 125 86.2
26–35 11 7.6
36–45 7 4.8
46+ 2 1.4

Institution
Public 131 90.3
Private 14 9.7

Education
Diploma 23 15.9
Bachelor’s 96 66.2
Master’s 15 10.3
Ph.D. 11 7.5

Table 2 Measurement model
Variables Items Loadings CR AVE α
Performance 
Expectancy

PE1 0.905 0.882 0.715 0.800
PE2 0.841
PE3 0.787
PE4 -

Effort Expectancy EE1 0.770 0.898 0.688 0.849
EE2 0.854
EE3 0.855
EE4 0.836

Social Influence SI1 0.697 0.857 0.601 0.778
SI2 0.771
SI3 -
SI4 0.821
SI5 0.805

Facilitating 
Conditions

FC1 0.723 0.869 0.572 0.812
FC2 0.769
FC3 0.782
FC4 0.808
FC5 0.693

Perceived 
Relatedness

PR1 0.793
PR2 0.757 0.826 0.543 0.718
PR3 -
PR4 0.679
PR5 -
PR6 -
PR7 -
PR8 0.713

Perceived 
Autonomy

PA1 0.804
PA2 -
PA3 -
PA4 0.797 0.864 0.613 0.790
PA5 0.735
PA6 0.794
PA7 -

Perceived 
Competence

PC1 -
PC2 0.750
PC3 0.784 0.847 0.649 0.730
PC4 0.878
PC5 -
PC6 -

Perceived Media 
Richness

PMR1 0.729
PMR2 0.713
PMR3 0.727 0.889 0.574 0.851
PMR4 0.736
PMR4 0.790
PMR5 0.842

Behavioral Inten-
tion for MOOCs

BI1 0.861
BI2 0.838 0.885 0.719 0.805
BI3 0.845

Actual Use of 
MOOCs

AU1 0.784
AU2 0.792 0.856 0.598 0.776
AU3 0.773
AU4 0.743

CR: Composite reliability. AVE: Average variance extracted, α: Cronbach’s alpha
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error values, bootstrapping lower and upper confidence 
intervals, and p values were calculated.

Table  4 presents the findings concerning the direct 
hypotheses. The UTAUT and SDT models explained 
73.0% of the variance in the behavioral intention to adopt 
MOOCs. Moreover, the UTAUT and SDT explained 
64.4% of the variance in perceived media richness. Fur-
ther analysis indicated that behavioral intention and per-
ceived media richness explained 55.8% of the variance 
in the actual use of MOOCs. These results are above the 
threshold > 0.35 [44], thus indicating large variances.

Table 4 shows that PE had a positive and direct signifi-
cant effect on the behavioral intention to use MOOCs 
(β = 0.605, t = 11.501, p < 0.01). Further analysis of these 
results revealed that perceived media richness had a 
positive influence on behavioral intention to use MOOCs 
(β = 0.503, t = 8.078, p < 0.01) and the actual use of 
MOOCs (β = 0.287, t = 3.438, p < 0.01). In addition, EE had 
a significant and positive impact on behavioral intention 
(β = 0.545, t = 8.697, p < 0.01). Behavioral intention had a 
direct and positive effect on the actual use of MOOCs 

(β = 0.465, t = 4.854, p < 0.01). These results support H1, 
H2, H3, H4, and H5.

The results also indicated that SDT factors had posi-
tive effects on the behavioral intention to use health 
informatics MOOCs. Perceived relatedness had a posi-
tive impact on the behavioral intention to use MOOCs 
(β = 0.540, t = 6.883, p < 0.01). Perceived autonomy had 
a positive impact on the behavioral intention to use 
MOOCs (β = 0.655, t = 10.432, p < 0.01). Perceived com-
petency had a positive impact on the behavioral inten-
tion to use MOOCs (β = 0.691, t = 14.889, p < 0.01). These 
results support H6, H7, and H8.

Discussion
MOOCs have revolutionized teaching and learning. Tra-
ditional classroom teaching has been digitalized using 
ICTs, and MOOCs facilitate a new form of self-directed 
learning. MOOCs can help overcome the costs and 
accessibility issues associated with learning. The cur-
rent study offers insights for future practice and research 
on health informatics MOOCs. The findings of the cur-
rent study are consistent with those of previous studies 
on MOOCs [1, 6, 17, 39, 45]. The results of this study 
support the claim that the UTAUT model and SDT 
can explain the behavioral intention to adopt MOOCs. 
Furthermore, positive associations were found among 
behavioral intention, media richness, and the actual use 
of MOOCs.

The behavioral intention to adopt MOOCs is influ-
enced by effort and performance expectancy. The inten-
tion to adopt MOOCs is also affected by SI. These 
findings may be due to the impact of and pressure from 
friends, family members, and classmates that encourage 
individuals to switch from traditional learning to online 
learning. The combined effects of the extended UTAUT 
model on behavioral intention are empirically consistent 
with the findings of [6] and [17]. The factors included in 
the UTAUT have a positive impact on media richness 
[36]. Flexibility, user friendliness, diversified methods of 
learning, interaction with professors, channels, organi-
zational partners, and communication contribute to the 

Table 3 Discriminant validity (HTMT)
Variables 1 2 3 4 5 6 7 8 9 10
1.AU
2.BI 0.909
3.EE 0.581 0.655
4.FC 0.67 0.858 0.925
5.MR 0.815 0.897 0.604 0.767
6.PA 0.681 0.81 0.733 0.837 0.752
7.PC 0.702 0.897 0.667 0.835 0.86 0.826
8.PE 0.625 0.745 0.892 0.909 0.597 0.693 0.64
9.PR 0.631 0.702 0.758 0.856 0.698 0.739 0.723 0.644
10.SI 0.676 0.893 0.795 0.882 0.8 0.805 0.828 0.89 0.71

Table 4 Direct effects
Hypotheses β S.E T Sta-

tistics 
(t > 1.96)

P Values Support 
for Hy-
pothesis

PE→BI 0.605 0.053 11.501 0.000 Yes
PMR→BI 0.503 0.062 8.078 0.000 Yes
BI→AU 0.465 0.096 4.854 0.000 Yes
PMR→AU 0.287 0.083 3.438 0.001 Yes
EE→BI 0.545 0.063 8.697 0.000 Yes
EE→AU 0.069 0.073 0.944 0.345 No
FC→BI 0.705 0.048 14.838 0.000 Yes
FC→AU 0.001 0.070 0.018 0.986 No
SI→BI 0.714 0.041 17.580 0.000 Yes
SI→AU -0.049 0.087 0.558 0.577 No
PR→BI 0.540 0.078 6.883 0.000 Yes
PR→AU 0.068 0.097 0.699 0.485 No
PA→BI 0.655 0.063 10.432 0.000 Yes
PA→AU 0.049 0.075 0.651 0.515 No
PC→BI 0.691 0.046 14.889 0.000 Yes
PC→AU -0.040 0.099 0.408 0.684 No
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media richness of MOOCs. The findings of the current 
study are consistent with those of previous studies [38, 
39, 45].

Self-determination can explain the behavioral intention 
to adopt MOOCs. Perceived relatedness shows the pref-
erences of learners to be connected with subject experts, 
perceived autonomy shows the importance of MOOCs 
with regard to supporting self-paced learning paths, and 
perceived competence is crucial for encouraging learners 
to adopt MOOCs. These findings are in line with [1].

Behavioral intention and media richness also have 
a positive impact on the actual use of MOOCs; these 
findings are in line with previous studies [1, 6, 17, 39]. 
MOOCs have the capability to offer learners diverse 
experiences via different communication channels.

The intrinsic motivation of individuals to use MOOCs 
can be driven by the three basic needs of relatedness, 
autonomy, and competence. The results of this study 
indicate that providing flexible and self-paced learning 
paths is essential for increasing the motivation of stu-
dents to adopt health informatics MOOCs. MOOCs have 
received a great deal of attention from learners because 
they enable learners to engage with course modules at 
any time, the learning environment is pleasant and enjoy-
able, and there is no deadline for course completion. Stu-
dents can reuse the lectures provided to them in video or 
audio form, and they can access the material from any-
where in the world.

The results of this study highlight the importance of 
media richness in health informatics MOOCs. It is essen-
tial for MOOCs to support the use of different channels 
to disseminate knowledge. Using animations, simula-
tions, and other interactive features can enrich MOOCs 
and thus positively influence behavioral intention and the 
actual use of MOOCs among learners and educators in 
emerging fields, such as health informatics. For the non-
supported hypotheses, the findings revealed that the con-
venience, usability and technical infrastructure of MOOC 
platforms do not directly enhance actual use; rather, they 
increase the behavioral intention to use MOOCs, which 
in turn enhances the actual use of MOOCs.

This study has a number of implications. The new 
model provides more robust and sophisticated findings 
that were overlooked in past studies. MOOC platforms 
need to support interactivity and enhance user inter-
action. Providing instant and constructive feedback is 
essential to enhance learners’ behavioral attention to and 
use of MOOCs. Integrating different aspects of multime-
dia into the design of MOOCs can encourage learners to 
adopt these courses. Another important factor that must 
be considered is the ability and flexibility of MOOCs to 
support learners’ autonomy and freedom to use and navi-
gate MOOCs. Health informatics is a multidisciplinary 
area that attracts learners from different backgrounds. 

Therefore, it is recommended that a search engine or 
recommendation system be provided to support learners 
in finding MOOCs related to specific health informat-
ics topics that are compatible with their preferences and 
needs and to help learners interact with people of similar 
interests and backgrounds.

Limitations and future directions
Although this study contributes to the literature on the 
adoption of health informatics MOOCs among faculty 
members and students in Saudi Arabia, it has several 
limitations that should be taken into consideration when 
making generalizations. The study used cross-sectional 
data, and the sample size was relatively small. It is thus 
recommended that a mixed methods research design or 
longitudinal data be used to obtain a better understand-
ing of the adoption of MOOCs within the health infor-
matics education community. Future studies could use 
the task-technology fit model (TTF) and the notion of 
the technology user environment (TUE) in addition to 
channel expansion theory (CET) to investigate the adop-
tion and use of health informatics MOOCs in Saudi 
Arabia. Future research could also investigate the moder-
ating effects of other factors, such as self-regulation and 
personal readiness.

Conclusion
Higher education institutions (HEIs) are becoming more 
interested in the possibility of adopting new models and 
approaches in the context of e-learning. MOOCs are 
gaining momentum and receiving increasing attention 
from the e-learning community in Saudi Arabia. The cur-
rent study combined the UTAUT and SDT with CET to 
gain insights into the factors that affect users’ motiva-
tion to use MOOCs in health informatics education. The 
findings revealed that the UTAUT model can effectively 
predict users’ behavioral intention to adopt MOOCs and 
that the behavioral intention to adopt MOOCs and media 
richness influence the actual use of MOOCs. The results 
of the study support efforts to design and distribute 
MOOCs with the aim of supporting health informatics 
education. Health informatics MOOC providers should 
pay attention to integrating features into these courses to 
create more interactive learning environments.
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