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Abstract: MOOCs, the Massive Open Online Courses, are online educational courses that offer
open access to a large number of participants globally. However, online engagement during MOOC
learning remains a problem, as reflected in relatively high dropout rates. This paper involves
academic and emotional support, aiming to explore whether they contribute to users’ sustainable
use of the MOOC platform. A total of 410 college students learning English as a foreign language
(EFL) and with MOOC learning experience participated in this study. Employing the structural
equation modeling (SEM) techniques, we examined the relationships among five factors in the EFL
MOOC learning context: academic support (AS), emotional support (ES), perceived usefulness (PU),
perceived ease of use (PEoU), and platform reputation (PR). The results indicate that academic
support influences learners’ perceptions of the usefulness and ease of use of the MOOC platform,
as well as enhancing learners’ feelings of being emotionally supported. Simultaneously, platform
reputation plays a crucial role in influencing learners’ perceptions of MOOC platforms. However,
results suggest that emotional support does not have a statistically significant impact on the perceived
usefulness and perceived ease of use of the platform in EFL MOOC learning contexts.

Keywords: MOOCs; engagement; dropout rate; academic support; emotional support; platform
reputation; technology acceptance; EFL learning

1. Introduction
1.1. MOOCs and MOOC Platforms: Definition, Importance, and Crisis Regarding
Sustainable Development

Distance education, characterized by its ubiquity, enables learners to access high-
quality educational resources without constraints [1]. Accordingly, over the past two
decades, distance education has experienced rapid development. The global COVID-19
pandemic prompted most countries to implement measures facilitating home-based learn-
ing, further expediting the evolution of distance education [1]. Among the various forms
of distance learning, the Massive Open Online Courses (MOOQOCsS) is a well-recognized one.

MOOCs, the Massive Open Online Courses, are internet-based courses designed for a
large number of participants [2]. MOOC platforms are online learning environments that
offer massive open online courses, such as Coursera, edX, and Udacity. These platforms
provide a wide range of courses from various disciplines, often in partnership with univer-
sities and colleges, enabling accessible education for anyone with an internet connection.
MOOC platforms also incorporate multimedia elements like video lectures, quizzes, and
forums for an engaging learning experience. Originating in response to the demand for
accessible education, MOOCs have gained prominence for breaking geographical barriers
and allowing learners diverse access to quality content globally [3]. The global reach of
MOOC:s has transformed education, inspiring innovative and inclusive knowledge-sharing
approaches among educators and learners.
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1.2. The Involvement of Academic and Emotional Support: Gaps, Significance, and Research Focuses

However, a critical failure of MOOCs has been that participants’ engagement in
MOOC:s is highly irregular and self-directed, leading to a consistently high dropout
rate [4-11]. The dropout rate is highly correlated with unsatisfactory academic perfor-
mance, which continues to impact the MOOC platform’s reputation [12]. For learners,
unsatisfactory engagement affects their sustained use of the MOOC platform. For the
MOOC platform, the failure to retain learners also brings negative influences on its sustain-
able development. Therefore, MOOC learning should consider factors beyond knowledge
delivery in conventional MOOC courses.

Researchers have discussed factors affecting learners’ intention to accept MOOC plat-
forms, such as task-technology fit, social recognition, relative advantages, and individual
openness [13-15]. However, few of them paid attention to the academic and emotional
support provided by MOOC platforms. Wong [16] suggests that when designing or evalu-
ating an educational technology, one should not only consider its attributes as a technology
but also take into account two factors: its usefulness in improving learning outcomes
and its ability to enhance the learning experience during the learning process. In the
context of MOOC-based EFL learning, the corresponding two factors can be academic
support and emotional support. Therefore, this paper posits that these two factors (aca-
demic support and emotional support) can provide learners with more assistance and
feedback, helping MOOC learning to compensate for its deficiencies in purely focusing on
knowledge delivery.

Therefore, we aim to involve academic and emotional support for sustainable EFL
MOOC learning. Considering that technology acceptance is a prerequisite for the sustain-
able use of MOOC platforms, we also involved elements related to technology acceptance,
including perceived usefulness (PU), perceived ease of use (PEoU), platform reputation
(PR), and behavioral intention (BI). However, in our pilot study, the survey items measuring
behavioral intention did not pass the reliability and validity test, so the corresponding
items were deleted. Therefore, in the end, we verified the relationship between five factors.
Eventually, we sought to answer four research questions (RQs) below:

RQ 1: What is the impact of academic support (AS) on learners’ perceived usefulness
(PU) and perceived ease of use (PEoU) toward MOOC platforms?

RQ 2: What is the impact of emotional support (ES) on learners’ perceived usefulness
(PU) and perceived ease of use (PEoU) toward MOOC platforms?

RQ 3: Is there a correlation between academic support (AS) and emotional support
(ES) in MOOC learning?

RQ 4: Does the platform reputation (PR) of MOOCs positively influence academic
support (AS) and emotional support (ES)?

2. Literature and Research Hypotheses
2.1. Transitions: From xMOOCs, cMOOCs, to Wrapped MOOCs

Scholars argue that one of the reasons for the high dropout rate in MOOC:s is a lack
of interaction, a key factor influencing learning engagement [3,17,18]. Consequently, the
concept of MOOCs has been further classified into xMOOCs and cMOOC:s [19].

Extended MOOCs, commonly known as xMOOCs, typically embrace a more tradi-
tional approach to online education [14]. They emphasize structured content delivery using
methods like video lectures, self-assessment quizzes, and other carefully curated learning
resources [20].

In contrast, cMOOCs focus on collaborative interactions among participants rather
than a centralized teaching approach. cMOOCs encourage learners to build and share
knowledge through online networks, fostering a more decentralized and participatory
learning experience [21,22]. The shift from xMOOCs to cMOOCs signifies educators’
awareness that the mere provision of instructional videos is insufficient and that education
requires more learner-centric interactions.
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In the cMOOCs model, the challenge of insufficient engagement persists. In response,
a more collaborative and interactive approach has emerged: the integration of MOOCs
with a traditional face-to-face course, commonly known as wrapped MOOCs [23]. In
the wrapped-MOOC model, online content and resources from MOOCsSs are seamlessly
blended with in-person instruction [24]. This approach allows students to both access
worldwide instructional videos and participate in teacher-student and student-student
interactions [25]. As emphasized by Jaffer, Govender and Brown [26], the most valuable
aspect of wrapped MOOC:s is the face-to-face interactions.

From the above, it can be seen that interactions are important factors influencing the
sustained use of MOOCs, and they are also something that MOOC platforms are actively
working to strengthen [10]. However, it is worth noting that what exactly is provided by
these interactions has not been clearly defined.

2.2. MOOCs and Technology Acceptance

MOOCs, with their distinct advantages, have experienced swift growth in the educa-
tion field. Measuring technology acceptance is essential for predicting the success of a new
technology, as the potential of even the most cutting-edge and feature-rich technology may
remain untapped if it does not achieve broad acceptance among users [16,27,28]. Moreover,
considering MOOCs’ challenges in maintaining learner retention, the intention of users to
accept these platforms is especially critical.

A wide array of theoretical frameworks exists to unravel the complexities of technol-
ogy acceptance. These include well-known models like the Technology Acceptance Model
(TAM), which underscores factors like perceived ease of use and perceived usefulness [29].
The Unified Theory of Acceptance and Use of Technology (UTAUT and UTAUT?2) delves
into aspects such as performance expectancy, effort expectancy, social influence, and fa-
cilitating conditions, offering a comprehensive understanding of user engagement with
technology [30,31]. Additionally, the Innovation Diffusion Theory by Rogers [32] provides
a thorough exploration of the mechanisms through which new technologies and ideas per-
meate cultures, examining the dynamics of adoption over time and across different social
groups. Each of these models contributes significantly to our understanding of the complex
interplay of factors that drive users towards or away from adopting new technologies,
highlighting the multifaceted nature of technological acceptance and integration.

Among the numerous studies exploring the relationship among contributing factors
to technology acceptance, some have reported unexpected findings. For example, Wu
and Chen [14] attempted to integrate the TAM model with the Task Technology Fit (TTF)
model. They hypothesized that if MOOCs are perceived as easy to use or can bring about
social influence, learners would have a better attitude toward MOOCs. However, the
results showed that these two hypotheses were not supported. Al-Rahmi, Yahaya, Alamri,
Alyoussef, Al-Rahmi and Kamin [13] integrated the TAM model with the Innovation
Diffusion Theory (IDT). They hypothesized that if MOOCs were perceived as highly
compatible, they would be perceived as useful, and if MOOCs had trialability, they would
be perceived as easier to use. These two hypotheses were also not supported, neither.

The unexpected findings and the unsupported hypotheses indicate a need for further
research in the field of technology acceptance, especially concerning the integration of
different theoretical models and their applicability in varied contexts like MOOCs.

2.3. Perceived Usefulness, Perceived Ease of Use, and Technology Acceptance Intention

In the field of technology acceptance, a well-established model is the TAM model
by Davis, Bagozzi and Warshaw [29]. The TAM model indicates that the main factors
influencing an individual’s attitude and intention to accept a technology are perceived
usefulness and perceived ease of use.

Perceived usefulness is defined as the degree to which an individual believes that
using a particular system would enhance his or her job performance [29]. According
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to previous studies, perceived usefulness has a positive effect on technology acceptance
intention [33-36].

Perceived ease of use is defined as the degree to which an individual believes that
using a particular system would be free of physical and mental effort [29], which is similar
to effort expectancy in the unified theory of acceptance and use of technology (UTAUT)
framework [31]. Results from the extant literature indicate that perceived ease of use was a
statistically significant predictor of intention to use new technologies, such as the Internet
and educational games [35].

There is a correlation between PEoU and PU because Davis, Bagozzi and Warshaw [29]
indicates that PEoU should be a contributing element to PU. In other words, individuals are
inclined to believe that a technology is useful if they perceive it as easy to use. Therefore,
we established the first hypothesis (H1):

H1. The perceived ease of use (PEoU) of MOOC:s positively influences the perceived usefulness
(PU) of MOOCs.

2.4. Academic Support in MOOC Learning

Academic support, also named instructional support, refers to “instructional guidance
to learning, which involves answering students” questions, correcting their misunderstand-
ings, providing clear instruction, relevant resources, and constructive feedback on their
assignments and performance” [37]. Academics are aware of the importance of academic
support in online education and advocate to ensure its provision [37]. In the xMOOCs
model, sufficient academic support can hardly be guaranteed.

Firstly, to maintain user attention, instructional videos on MOOC platforms are often
kept relatively short, typically ranging from 5 to 17 min [38]. This feature, accordingly,
limits the academic depth of MOOC learning resources.

Secondly, on MOOC platforms, teachers and students do not physically appear simul-
taneously, making real-time interaction impossible [39]. Although some MOOC platforms
may include interactive channels such as discussion forums and scheduled Q&A sessions,
the opportunities for teachers to provide feedback are limited [3]. Previous studies have also
indicated that certain posts in MOOC discussion forums require an urgent response, but
instructors find it challenging to attend to such situations [9]. Therefore, some researchers
have even attempted to establish help-seeking mechanisms in MOOCs [10]. These ef-
forts demonstrate that academic support on MOOC platforms is not always sufficient,
particularly concerning learning Q&A and learning feedback.

Moreover, due to technological and financial constraints, MOOC platforms are not
able to provide personalized learning materials to learners. Most MOOC platforms offer
one-size-fits-all content to all learners, making it difficult to provide sufficient support
for everyone [2,40]. Nowadays, researchers are attempting to address the lack of per-
sonalized learning by incorporating artificial intelligence (Al) and chatbots into MOOC
platforms [41-44]. These efforts further demonstrate that simply presenting short videos
on MOOC platforms is insufficient.

As the content on MOOC platforms may lack depth and flexibility, the academic
support provided by teachers and peers becomes crucial. Students require more detailed
explanations from teachers to help them better grasp knowledge [45,46], as well as feedback
from both teachers and peers tailored to their learning [47]. We can hypothesize that if the
design of a MOOC platform allows teachers and peers to offer enhanced academic support
to students, the MOOC platform is more likely to be accepted by students. This hypothesis
is also applicable to learning English as a foreign language on MOOC platforms. Therefore,
we hypothesized that academic support positively influences EFL learners’ behavioral
intention towards MOOC platforms.

As stated in the Section 1, in our pilot study, the survey items intended to measure
behavioral intention did not pass reliability and validity tests, leading to their removal.
Consequently, we did not formulate a hypothesis regarding the impact of academic support
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on the behavioral intention of MOOC platforms. Instead, we focused on its influence on
perceived usefulness and perceived ease of use of MOOC platforms:

H2-a. Academic support (AS) positively influences the perceived usefulness (PU) of MOOCs.
H2-b. Academic support (AS) positively influences the perceived ease of use (PEoU) of MOOCs.

2.5. Emotional Support in MOOC Learning

Emotions play a crucial role in students’ learning, as they can either hinder or inspire
the learning process [46,48]. Emotional support, in general, involves providing empathy,
concern, affection, love, trust, acceptance, intimacy, encouragement, or caring [49]. In the
context of using MOOC:s for learning, emotional support primarily comprises encourage-
ment that convinces students of the usefulness of MOOCs and their capability to master the
relevant courses, ultimately leading to a stronger sense of self-efficacy. When students feel
isolated in the online environment, the providence of emotional support can also alleviate
the sense of loneliness.

In research related to MOOCs, emotional isolation is a frequently mentioned term.
Vilkova and Shcheglova [10] state that MOOC platforms provide a self-paced, open-ended,
and non-linear learning environment, which can help cultivate students’ learning autonomy.
However, this also requires students to take responsibility for their own learning process.
In this process, students are prone to developing feelings of emotional isolation, making it
easier for them to disengage from the course [10,18,50].

Although many studies suggest that learners can reduce emotional isolation through
the discussion forum [47], relying solely on discussion forums may not be sufficient. Vilkova
and Shcheglova [10] emphasized that despite the widely accepted importance of interac-
tions and social engagement, “a MOOC environment does not allow participants to interact
easily with other learners and instructors”. This significantly restricts students” ability to
receive emotional support. Additionally, some MOOC platforms send emails to students
when there is new information in the discussion forum, but certain students may post
meaningless questions. This can lead to students receiving a large number of spamming
emails, further diminishing their trust in the MOOC platform and making them hesitant to
participate in the discussion forum.

Discussion forums may also fail to provide emotional support for certain types of
learners. Researchers noted that low-achieving students tend not to engage in peer inter-
actions or discussions but prefer learning from their peers’ discussions [18]. Based on the
Felder-Silverman Learning Style Model (FSLSM), researchers highlight that learners have
different types, with some prefer learning through participation in discussion forums (ac-
tive learners), while some prefer processing information internally, indicating a preference
for observing information generated by others (reflective learners) [40,51]. If these students
need interaction with teachers and peers on discussion forums for emotional support, not
getting enough of it could lead to disengagement or even dropout of MOOC courses.

Offering emotional support through alternative channels, specifically excluding dis-
cussion forumes, is possible. In instructional videos, teachers can consciously incorporate
eye contact with potential learners, increase the use of praise in classroom language, and
use encouraging tones [27]. The MOOC platforms can incorporate game elements such as
points, badges, leaderboards, sound effects, etc., to make students feel emotionally cared
for [36,52]. The MOOC platform can also generate learners’ progress reports, enabling
learners to share them on their social networking sites (e.g., Twitter, Facebook, WeChat)
and receive emotional support through peers” comments and likes [53].

Researchers argue that typical xMOOC models primarily focus on didactic education,
emphasizing information delivery [22]. When students perceive less emotional support,
negative emotions may arise, such as frustration, confusion, boredom, and emotional
isolation [54]. These emotions experienced by online learners may hinder the learning
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process and fail to provide sufficient intention or motivation for students to persist [55].
Building on this literature, we propose the following two hypotheses:

H3-a. Emotional support (ES) positively influences the perceived usefulness (PU) of MOOCs.
H3-b. Emotional support (ES) positively influences the perceived ease of use (PEoU) of MOOCs.

Some research has implied that high perceptions of academic quality positively influ-
ence the PU of online education. To be specific, Alraimi, Zo and Ciganek [56] stated that
academic support influences the online learning outcomes of students. Accordingly, we
establish the fourth hypothesis (H4):

H4. Academic support (AS) positively influences emotional support (ES) provided by MOOCs.

2.6. Platform Reputation and Technology Acceptance

The role of reputation has been highlighted in different fields [56]. Notable platforms
like Coursera and edX offer high-quality courses by partnering with highly reputable
institutions and universities from different countries [56]. The reputation of an institution
of higher education is a subjective reflection of the institution’s quality, influence, and
trustworthiness [57]. Reputation is a valuable and intangible asset (Tella et al., 2021), which
has a significant influence on an individual’s decision-making process when selecting
institutions or MOOC platforms [57,58]. Researchers have found a significant and positive
impact of the perceived reputation of MOOCs on users’ acceptance intention [14,56].

Researchers also indicate that perceived usefulness and perceived ease of use are
significantly and positively influenced by platform reputation [14,59]. MOOC platforms
with a high reputation usually have more abundant funds and development teams, en-
abling their MOOC platforms to achieve better development in educational attributes and
technological operational convenience. We can also hypothesize that if a MOOC platform
can provide better academic and emotional support, its platform reputation will also be
enhanced. Therefore, we propose the following hypotheses:

H5-a. In MOOC learning, platform reputation (PR) positively influences academic support (AS).
H5-b. In MOOC learning, platform reputation (PR) positively influences emotional support (ES).
H5-c. In MOOC learning, platform reputation (PR) positively influences perceived usefulness (PU).
H5-d. In MOOC learning, platform reputation (PR) positively influences perceived ease of use (PEoll).

The theoretical framework and hypotheses are depicted in Figure 1.

Perceived
Usefulness

Academic H2a
Support H2-b
Perceived
Ease of Use

Emotional H3-b H5-a H5-d

H5-b Platform
Reputation

Figure 1. The proposed framework.

Support
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3. Methodology
3.1. Research Instrument

The instrument utilized in this study comprised two parts. The part, named “demo-
graphic information”, focused on gathering fundamental details about the participants,
encompassing gender and grade. The second part, named the “online MOOC learning
scale”, consisted of five subscales measuring academic support, emotional support, plat-
form reputation, perceived usefulness, and perceived ease of use.

The subscales measuring perceived usefulness and perceived ease of use were adapted
from Davis, Bagozzi and Warshaw [29]. The former subscale measures how much a person
believes that using a system will improve their job performance, while the latter subscale
measures how easy a person thinks the technology is to use. Each subscale includes
three items.

The emotional support subscale was adapted from Jiang and Koo [60], which includes
three items. This subscale measures the degree of emotional support that students per-
ceive from their teachers. For example, one item states: “Teachers will encourage me to
express my views in my program of study”. This item reflects the supportive environ-
ment that teachers create, allowing students to feel comfortable sharing their opinions and
participating actively in their education [60].

The academic support subscale was adapted from the Students’ Perception of Support
and Course Satisfaction Scale, which helps to understand the help and guidance students re-
ceive from the teacher while taking the course in MOOCs [61]. For example, one item states:
“The instructor gives timely feedback on the assignments I submit to the MOOC platform”.

The platform reputation was designed based on Kim, Ferrin and Rao [62], which in-
cludes four items. This subscale evaluates the perceived reputation of the MOOC platform.
For instance, one item states: “Prestigious universities are involved in MOOCs”. This
item reflects the platform’s credibility and the high regard in which it is held, which can
significantly influence students’ trust and their decision to engage with the courses offered.

We attempted to use the survey items as they were, only changing the subject, such as
replacing “the technology” with “MOOCs”. This approach aims to maintain the reliability
and validity of the surveys as much as possible, as well as readability.

We have also incorporated two filter items to ensure response accuracy. The first item
asks, “Have you ever used MOOCs to learn English?” If the answer is no, the questionnaire
is deemed invalid. The second one instructs participants to select “Disagree” for the item.
In cases where participants predominantly choose “Agree” or “Strongly Agree” for other
questions, selecting “Disagree” indicates a deliberate response, rather than a habitual or
perfunctory selection.

All items, except for the two demographic questions, were measured using a 5-point
Likert scale, ranging from 1 (strongly disagree) to 5 (strongly agree).

3.2. Data Collection and Participants

After determining the questionnaire content, we employed a professional translator
to translate it into Chinese. Then, we employed the back-translation technique to ensure
translation accuracy. Once the questionnaire was finalized, we transformed it into a digital
format and distributed it to college students using the convenience sampling method. The
duration for the data collection was eight months.

In the end, we collected a total of 595 surveys. Among them, 85 surveys indicated that
the respondents had no experience using MOOCs to learn English, and 100 surveys were
invalid because the participants chose other options when they were required to select
“Disagree”. Consequently, we obtained 410 valid survey responses.

Among these 410 participants, all were above the age of 18, with a significant majority
being female (n = 254, 62%). There were 351 undergraduate students (85.6%) and 59 mas-
ter’s students (14.4%) (see Table 1). All participants were aware of the research intentions
and signed the consent form. Participation was completely anonymous and voluntary.
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Table 1. Demographic information of the participants (sample size = 410).
Demographic Variable Number Percentage
Male 156 38
Gender Female 254 62
Educational Undergraduate 351 85.6
ucational status Postgraduates 59 14.4

3.3. Data Analysis

The data analysis utilized the software SPSS 26 and AMOS 26. Initial steps involved
Confirmatory Factor Analysis (CFA), assessing reliability, and establishing validity to
evaluate the subscales’ fit, stability, and effectiveness. Subsequently, descriptive analysis
and correlation analysis were performed to explore the foundational characteristics of
the subjects. Finally, Structural Equation Modeling (SEM) was employed to examine the
interrelationships among the six constructs.

4. Findings
4.1. Descriptive Statistics

Table 2 reports the mean values, standard deviation values, skewness, and kurtosis
of the selected five variables. The data reveals that the mean scores for all variables are
relatively high, ranging from 3.75 to 4.01 on a scale, indicating overall positive perceptions
among the respondents. The data distribution is consistently left-skewed, with some values
showing moderate skewness and others indicating a higher degree of skewness. This
implies that the majority of respondents chose higher values, with fewer lower values
stretching out towards the left.

Table 2. Descriptive statistics.

Construct N Mean Std. Deviation Skewness Kurtosis
Academic support (AS) 410 3.75 0.997 —0.797 0.065
Emotional support (ES) 410 3.81 0.919 —0.826 0.558

Platform reputation (PR) 410 4.01 0.849 —1.035 1.208
Perceived usefulness (PU) 410 3.97 0.897 —1.085 1.15
Perceived ease of use (PEoU) 410 3.81 0.893 —0.69 0.27

4.2. Reliability and Validity Analysis

The data analysis demonstrates the suitability of this dataset for factor analysis. This is
evidenced by the Kaiser-Meyer-Olkin (KMO) measure, which stands at 0.907, significantly
surpassing the generally accepted minimum of 0.6. This high KMO value indicates that the
dataset has adequate sampling adequacy. Moreover, Bartlett’s Test of Sphericity shows a
chi-square value of 4286.699 with a significance level less than 0.001, strongly indicating
that the variables are interrelated, thereby validating the applicability of factor analysis for
this dataset.

The factorial analysis conducted using Principal Component Analysis with Promax
rotation provides a comprehensive assessment of the constructs in the study. The constructs
exhibit high factor loadings for each survey item, indicating a strong alignment of the
items with their respective constructs. The factor loadings range from 0.830 to 0.924,
demonstrating a robust correlation between the items and their factors (see Table 3).

The total variance explained by these factors is an impressive 79.297%, suggesting a
strong model fit and the effectiveness of the constructs in explaining the variability in the
data. The breakdown of this variance across the different factors, with Platform Reputation
accounting for the highest variance, highlights the differential impact of each construct on
the overall model.
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Table 3. Survey items and the exploratory factor analysis.
Factor/Factor Loading
Construct Item Code Survey Item
1 2 3 4 5
The instructor or peers give timely
AS1 feedback on the assignments I submit to 0.924
A . the MOOC platform.
cademic . .
Support AS2 I could ask questions regarding the course 0.906
materials on the MOOC platform. '
AS3 M.y peers on th.e MOOC pl‘atform are 0.880
willing to provide academic help.
The instructor encourages me to express
ES1 my views in the coursework in 0.888
MOOC study.
Emotional ES2 The instructor recognizes my completion 0.869
Support of the MOOC courses. ’
The instructor gives me suggestions and
ES3 advice that will help me build up 0.895
confidence during my MOOC learning.
PR1 The MOOC platform has a high reputation. 0.912
The universities that offer courses on the
Platform PR2 MOOC platform have high reputation. 0830
Reputation PR3 The MOOC platform is widely recognized. ~ 0.896
PR4 The mstructors' teaching on the MOOC 0.832
platform are widely recognized.
PU1 The MOO(; platform provides me with 0.839
more learning resources.
Perceived PU2 The I\./IOOC‘ Platform increases my 0.904
Usefulness learning efficiency.
PU3 The MOOC platform makes my learning 0.864
more convenient.
PEOU1 Itis easy. to use MOOC platform 0.834
for learning.
Perceived PEoU?2 .Ov.erall, using the MOOC platform 0914
Ease of Use is simple.
PEoU3 I can quickly master the use of MOOC 0.853

platform for learning.

Total Variance Explained: 79.297%  47.37%  10.71% 7.91% 6.80% 6.51%
Cronbach’s Alpha («): 0.940 0.899 0.897 0.871 0.850 0.866

AVE (Average Variance Extracted) 0.754 0.817 0.782 0.752 0.756
CR (Composite Reliability) 0.924 0.93 0.915 0.901 0.903

The reliability and validity of the constructs are further evidenced by the high Cron-
bach’s Alpha values (ranging from 0.850 to 0.940), indicating excellent internal consistency.
Additionally, the Average Variance Extracted (AVE) for each factor surpasses the 0.5 thresh-
old, and the Composite Reliability (CR) scores exceed 0.9, which collectively affirm the
reliability and construct validity of the measurement model.

The strong positive correlations between AS and ES (0.561 **), as well as between
PR and PU (0.599 **), imply that these factors are interdependent. This suggests that
when students perceive high academic and emotional support, they also tend to view the
platform as more reputable and useful. Similarly, the positive correlation between PR and
PEoU (0.528 **) indicates that a platform’s reputation may play a crucial role in how easily
users feel they can utilize it.

The square roots of AVE (ranging from 0.868 to 0.904) exceed the inter-construct cor-
relations, indicating discriminant validity. Furthermore, the high correlations (indicated
by) between the constructs, such as between AS and ES (0.561), and between PR and PU
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(0.599 **), suggest a strong interrelationship, reinforcing the relevance and interconnected-
ness of these variables in the context of the study (see Table 4).

Table 4. Correlation and the square root of AVE.

Correlation
Construct AVE Square Root of AVE
ES PR PU PEoU
Academic support (AS) 0.817 0.904 1
Emotional support (ES) 0.782 0.884 0.561 ** 1
Platform reputation (PR) 0.754 0.868 0.492 ** 0.467 ** 1
Perceived usefulness (PU) 0.756 0.869 0.485 ** 0.441 ** 0.599 ** 1
Perceived ease of use (PEoU)  0.752 0.868 0.450 ** 0.399 ** 0.528 ** 0.508 ** 1

The table shows the square root of AVE on the diagonal and correlations between the latent constructs on the
off-diagonal. ** p < 0.01.

4.3. Model Fit

We utilized several model fit indices, including CMIN/df (chi-square to degrees of
freedom ratio), CFI, GFI, AGFI, NFI, TLI, and RMSEA, to assess the adequacy of the model.
The full names of each index are detailed in Table 5. The chi-square to degrees of freedom
ratio for the model in this study is 1.851, falling within the range of greater than or equal to
1 but less than 3, thus meeting the criteria for “excellent”. The performance of this model in
other model fit indices also aligns with the “excellent” category, as shown in Table 5.

Table 5. Model fit indices.

Model Fit Index Benchmark Result

Abbreviation Full Form Terrible  Acceptable Excellent Value Interpretation
CMIN/df Chi-Square to Degrees of Freedom Ratio >5 >3 >1 1.851 Excellent
CFI Comparative Fit Index <0.90 <0.95 >0.95 0.981 Excellent
GFI Goodness-of-fit Index n/a >0.90 >0.95 0.951 Excellent
AGFI Adjusted Goodness-of-fit Index n/a n/a >0.90 0.929 Excellent
NFI Normalized Fit Index <0.80 >0.90 >0.95 0.960 Excellent
TLI Tucker-Lewis Index n/a n/a >0.95 0.976 Excellent
RMSEA Root Mean Square Error of >0.08 >0.06 <0.06 0.046 Excellent

Approximation

These values collectively indicate a strong fit of the collected data with the measure-
ment model, aligning with the principles established by Bentler and Bonett [63], Hu and
Bentler [64], and MacCallum, Browne and Sugawara [65].

4.4. Hypothesis Testing

The results indicate that eight out of ten hypotheses have been confirmed. Consistent
with the assumptions proposed by Davis, Bagozzi and Warshaw [29] when introducing
the Technology Acceptance Model, in EFL. MOOC learning contexts, the PEoU of MOOCs
promotes the PU of MOOCs (B = 0.209, p < 0.001). In other words, if learners find the
MOOC platform easy to use, they are likely to perceive it as useful (H1). Academic support,
recognized as a critical necessity for learners, significantly influences their perceptions of
both PU (B = 0.127, p < 0.05) and PEoU ( = 0.189, p < 0.01) of the MOOC platform, thereby
supporting H2-a and H2-b. This indicates that learners who receive adequate academic
support are more likely to find the MOOC platform useful and user-friendly. Moreover,
academic support contributes to learners experiencing a greater sense of emotional support
(B =10.080, p < 0.001), as confirmed in H4.

Meanwhile, in the context of EFL MOOC learning, platform reputation plays a pivotal
role in influencing learners’ perceptions. As demonstrated in Table 6, when learners have a
positive perception of the MOOC platform’s reputation, they are more likely to believe that
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they will receive substantial academic support (H5-a) (8 = 0.672, p < 0.001) and emotional
support (H5-b) (8 = 0.283, p < 0.001). Additionally, a positive platform reputation enhances
learners’ perceptions of the MOOC platform’s usefulness (H5-c) (8 = 0.427, p < 0.001) and
technical ease of use (H5-d) (8 = 0.469, p < 0.001).

Table 6. Hypotheses testing result.

-Value i
#  Hypothesis Hypothesized Path Estimate vila :7 Sig T:z'i}:;tlﬁzssilt
1 H1 PeoU — PU 0.209 0.000 e Supported
2 H2-a AS —PU 0.127 0.015 * Supported
3 H2-b AS — PEoU 0.189 0.002 ** Supported
4 H3-a ES — PU 0.080 0.160 0.160 Unsupported
5 H3-b ES — PEoU 0.099 0.136 0.136 Unsupported
6 H4 AS — ES 0.443 0.000 o Supported
7 H5-a PR — AS 0.672 0.000 o Supported
8 H5-b PR — ES 0.283 0.000 il Supported
9 H5-c PR — PU 0.427 0.000 ok Supported
10 H5-d PR — PEoU 0.469 0.000 o Supported

) < 0.001, 7 p < 0.01, * p < 0.05,

However, H3-a and H3-b were not validated. The results indicate that emotional
support does not have a significant impact on the perceived usefulness (p = 0.160) or
the perceived ease of use (p = 0.136) of the MOOC platform. This means that providing
emotional support does not directly affect how useful or easy to use learners find the
MOOC platform. The reasons for these unexpected results are unclear and need further
discussion and validation (see Table 6). Future research should explore why emotional
support does not influence these perceptions to better understand this relationship.

5. Discussion

In this study, when investigating the factors influencing learners’ acceptance intention
to use MOOC:s for EFL learning, we integrated academic support, emotional support, and
platform reputation into the TAM model. Three main factors in the TAM model were used,
including PU, PEoU, and behavioral intention. However, the items measuring behavioral
intention failed to pass the scale validation in the pilot study, resulting in the removal of
the “behavioral intention” construct from the model. This finding is inconsistent with the
theory [35,66].

One possible reason is that the other constructs involved in this study are more
closely related to the MOOC platform itself, such as the academic support provided by the
MOOC platform and the perceived usefulness of the MOOC platform, while behavioral
intention focuses on users (rather than the MOOC platform). Another explanation is that
the perceived benefits of a technology do not necessarily align with users” willingness to
use it [27]. There are various factors influencing users’ intention to use technology, such
as a lack of facilitating conditions [31], a lack of necessary knowledge [16,27,67], a lack of
relatedness [35,52], negative attitudes towards the technology within their social circles [30],
concerns about privacy and cybersecurity issues [68], and users not being entirely voluntary
in their use of the technology [30].

Among the two unconfirmed hypotheses, one is H3-a: emotional support (ES) posi-
tively influences the perceived usefulness (PU) of MOOCs. Luo, Brown and O’Steen [27]
suggest that to evaluate the usefulness of an educational tool, one should not only consider
its usefulness in terms of academic improvement but also its usefulness in enhancing
learners’ learning experience. Therefore, if learners can receive sufficient emotional support
on the MOOC platform, their learning experience will be better, implying a better per-
ceived usefulness of the educational tool. The data indicates that ES and PU do not have a
statistically significant correlation, thus not supporting the above hypothesis. One possible
explanation is that the emotional support provided via MOOC platforms is insufficient,
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leading to an inability to enhance the learning experience. Another possible hypothesis
is that the items measuring PU are still too focused on learning outcomes rather than the
learning process [35]. The underlying reasons still need further exploration.

Another unconfirmed hypothesis is H3-b: emotional support (ES) positively influences
the perceived ease of use (PEoU) of MOOCs. Similar to the previous hypothesis, if the
emotional support provided through MOOC platforms is inadequate, learners may not
perceive it as a significant factor in making the MOOC learning process perceived easier.
The PEoU of the MOOC platform is also influenced by contextual factors such as the nature
of the course content, the design of the MOOC platform, or the learners’ prior familiarity
with online learning environments [69]. At the same time, individual differences can also
influence the results because different learners may have diverse needs for emotional
support, and they possess varying digital competencies, leading to differences in the
perceived ease of use of the MOOC platform [70]. Additionally, as in other studies exploring
the relationships between factors, there may be other unexplored factors influencing the
perceived ease of use of the MOOC platform within the context of EFL. MOOC learning.
Therefore, the relationship between emotional support and perceived ease of use can
be complex [52]. While the mentioned reasons can partially explain this unconfirmed
hypothesis, specific details require further rigorous validation.

Overall, this study emphasizes the importance of providing emotional support in
online learning environments. Learner emotions have been largely neglected for a long
time, yet research has found that emotions can indeed predict academic performance [71].
This growing emphasis on the role of emotions in learning has led scholars to explore
different dimensions of emotional support and engagement in online learning. Specifically,
scholars have attempted to categorize the perceived usefulness of technology into two main
concepts: the perceived usefulness of improving outcomes and the perceived usefulness
of improving the learning experience [16,72]. This division highlights the importance
of focusing on the emotional well-being and satisfaction of learners during the learning
process. Furthermore, scholars have differentiated engagement into behavioral engagement,
emotional engagement, and cognitive engagement [73,74]. Emotional engagement, also
named affective engagement, captures learners’ emotional responses, attitudes, and feelings
toward the learning process [8,27]. This distinction recognizes that learners” emotions
play a crucial role in shaping their engagement and motivation, ultimately affecting their
learning outcomes.

Although this study indicates that emotional support provided by MOOC platforms
has not positively influenced the MOOC platform’s perceived usefulness and perceived
ease of use, it suggests that other factors may enhance learners’ emotional well-being on
MOOC platforms. Specifically, scholars are suggested to consider the determinants of
emotional well-being, rather than focusing solely on the impact of emotional support as
a factor.

6. Conclusions

This study explores the role of academic and emotional support in sustaining users’
engagement with MOOCs (Massive Open Online Courses). The study involves 410 college
students learning English as a foreign language (EFL) through MOOQOCs, examining the
relationships among factors such as academic support, emotional support, perceived
usefulness, perceived ease of use, and platform reputation. Two out of ten hypotheses were
not confirmed, suggesting that emotional support does not have a statistically significant
impact on the perceived usefulness and perceived ease of use of the platform in EFL
MOOC learning.

One limitation is that, despite using a validated survey with no technical issues, the
content of the survey was somewhat simplistic. Wong [16] suggests that perceived useful-
ness in educational contexts can be divided into perceived usefulness regarding learning
outcomes and perceived usefulness regarding the learning process. Luo [35] further ex-
pands perceived usefulness to include curriculum relatedness and social influence. That
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is, when accepting educational technology, various factors influence learners’ willingness,
including the perceived usefulness in improving learning outcomes (PU-outcome), the
perceived usefulness in enhancing the learning experience (PU-process), curriculum relat-
edness, and the societal impact of using the technology (e.g., feeling respected). Luo, Tan,
He and Wu [72] used grounded theory to expand the determinants of perceived usefulness
in the context of using interactive whiteboards for EFL learning. The results of Luo et al.
(2023) indicate that the concept of perceived usefulness can indeed be enriched. Future
research could build on this study by using PU scales that involve more constructs [28].

Future research can further understand how learners’ motivations for studying English
on MOOC platforms dynamically change, identify factors contributing to motivation
changes, and explore ways to enhance students’ learning motivation [50]. Since discussion
forums are important channels for learners to receive academic and emotional support
from teachers and peers, future research could investigate how can we utilize discussion
forums to facilitate peer interactions, affective engagement, cognitive engagement, and
academic performance [3,20,47,52].

Given that MOOC platforms can capture extensive learner behavior data, future
research can analyze this data for more accurate instructional support, or even personalized
learning experiences [9,20]. Additionally, for better engagement maintenance, it could be
meaningful to integrate gamification techniques in MOOC platforms [27,35,52]. Overall,
the sustainable development of MOOC platforms requires more academic and emotional
support. Future studies could explore how to provide support on MOOC platforms, what
type of support is needed, and how effective the support provision is.

Author Contributions: Conceptualization, Z.L. and H.L.; methodology, Z.L. and H.L.; validation,
Z.L.; formal analysis, H.L.; investigation, H.L.; resources, Z.L. and H.L.; data curation, H.L.; writing—
original draft preparation, Z.L. and H.L.; writing—review and editing, Z.L.; visualization, Z.L. and
H.L.; supervision, Z.L.; project administration, Z.L.; funding acquisition, Z.L. All authors have read
and agreed to the published version of the manuscript.

Funding: This study was supported by the Ministry of Education of the People’s Republic of China
(grant number: 23YJC880074) and the Chongqing Higher Education Association (grant number:
CQGJ21B027).

Institutional Review Board Statement: This study was conducted in accordance with the Hu-
man Ethics Committee policy and approved by the School of Foreign Languages and Literatures
at Chongqing Normal University (approval number: AREC2023SFLL042003). Approval date:
20 April 2023.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Data of the current study are available on Figshare at https://doi.org/
10.6084/m9.figshare.25036751.v1.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

Xiong, Y.; Ling, Q.; Li, X. Ubiquitous e-Teaching and e-Learning: China’s Massive Adoption of Online Education and Launching
MOOC:s Internationally during the COVID-19 Outbreak. Wirel. Commun. Mob. Comput. 2021, 2021, 6358976. [CrossRef]

Li, S,; Zhao, Y.; Guo, L.; Ren, M,; Li, J.; Zhang, L.; Li, K. Quantification and prediction of engagement: Applied to personalized
course recommendation to reduce dropout in MOOC:s. Inf. Process. Manag. 2024, 61, 103536. [CrossRef]

Galikyan, I.; Admiraal, W.; Kester, L. MOOC discussion forums: The interplay of the cognitive and the social. Comput. Educ. 2021,
165, 104133. [CrossRef]

Chen, C,; Sonnert, G.; Sadler, PM.; Sasselov, D.D.; Fredericks, C.; Malan, D.]. Going over the cliff: MOOC dropout behavior at
chapter transition. Distance Educ. 2020, 41, 6-25. [CrossRef]

Celik, B.; Cagiltay, K. Did you act according to your intention? An analysis and exploration of intention-behavior gap in MOOC:s.
Educ. Inf. Technol. 2023, 29, 1733-1760. [CrossRef]

Aldowah, H.; Al-Samarraie, H.; Alzahrani, A.I; Alalwan, N. Factors affecting student dropout in MOOCs: A cause and effect
decision-making model. J. Comput. High. Educ. 2020, 32, 429-454. [CrossRef]


https://doi.org/10.6084/m9.figshare.25036751.v1
https://doi.org/10.6084/m9.figshare.25036751.v1
https://doi.org/10.1155/2021/6358976
https://doi.org/10.1016/j.ipm.2023.103536
https://doi.org/10.1016/j.compedu.2021.104133
https://doi.org/10.1080/01587919.2020.1724772
https://doi.org/10.1007/s10639-023-11859-6
https://doi.org/10.1007/s12528-019-09241-y

Behav. Sci. 2024, 14, 461 14 of 16

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.
33.

34.
35.

Jin, C. MOOC student dropout prediction model based on learning behavior features and parameter optimization. Interact. Learn.
Environ. 2023, 31, 714-732. [CrossRef]

Deng, R.; Benckendorff, P.; Gannaway, D. Learner engagement in MOOCs: Scale development and validation. Br. |. Educ. Technol.
2020, 51, 245-262. [CrossRef]

Almatrafi, O.; Johri, A.; Rangwala, H. Needle in a haystack: Identifying learner posts that require urgent response in MOOC
discussion forums. Comput. Educ. 2018, 118, 1-9. [CrossRef]

Vilkova, K.; Shcheglova, 1. Deconstructing self-regulated learning in MOOC:sS: In search of help-seeking mechanisms. Educ. Inf.
Technol. 2021, 26, 17-33. [CrossRef]

Barak, M.; Watted, A.; Haick, H. Motivation to learn in massive open online courses: Examining aspects of language and social
engagement. Comput. Educ. 2016, 94, 49-60. [CrossRef]

Huang, H.; Jew, L.; Qi, D. Take a MOOC and then drop: A systematic review of MOOC engagement pattern and dropout factor.
Heliyon 2023, 9, €15220. [CrossRef] [PubMed]

Al-Rahmi, W.M.; Yahaya, N.; Alamri, M.M.; Alyoussef, 1.Y.; Al-Rahmi, A.M.; Kamin, Y.B. Integrating innovation diffusion theory
with technology acceptance model: Supporting students” attitude towards using a massive open online courses (MOOCs) systems.
Interact. Learn. Environ. 2021, 29, 1380-1392. [CrossRef]

Wu, B.; Chen, X. Continuance intention to use MOOCs: Integrating the technology acceptance model (TAM) and task technology
fit (TTF) model. Comput. Hum. Behav. 2017, 67,221-232. [CrossRef]

Tao, D.; Fu, P; Wang, Y.; Zhang, T.; Qu, X. Key characteristics in designing massive open online courses (MOOCsS) for user
acceptance: An application of the extended technology acceptance model. Interact. Learn. Environ. 2022, 30, 882-895. [CrossRef]
Wong, G.K. The behavioral intentions of Hong Kong primary teachers in adopting educational technology. Educ. Technol. Res.
Dev. 2016, 64, 313-338. [CrossRef]

Dreisiebner, S. Content and instructional design of MOOCs on information literacy: A comprehensive analysis of 11 xMOOCs.
Inf. Learn. Sci. 2019, 120, 173-189. [CrossRef]

Wei, W.; Liu, J.; Xu, X; Kolletar-Zhu, K.; Zhang, Y. Effective interactive engagement strategies for MOOC forum discussion: A
self-efficacy perspective. PLoS ONE 2023, 18, €0293668. [CrossRef] [PubMed]

Tang, H. Interactions in an xMOOC: Perspectives of learners who completed the course. Open Learn. ]. Open Distance E-Learn.
2023, 1-16. [CrossRef]

Sunar, A.S.; Abbasi, R.A.; Davis, H.C.; White, S.; Aljohani, N.R. Modelling MOOC learners’ social behaviours. Comput. Hum.
Behav. 2020, 107, 105835. [CrossRef]

Castafieda, D.A.; Cho, M.-H. Use of a game-like application on a mobile device to improve accuracy in conjugating Spanish verbs.
Comput. Assist. Lang. Learn. 2016, 29, 1195-1204. [CrossRef]

Ramirez-Montoya, M.-S.; Mena, J.; Rodriguez-Arroyo, ].A. In-service teachers’ self-perceptions of digital competence and OER
use as determined by a xMOOC training course. Comput. Hum. Behav. 2017, 77, 356-364. [CrossRef]

Dale, V.H.; Singer, J. Learner experiences of a blended course incorporating a MOOC on Haskell functional programming. Res.
Learn. Technol. 2019, 27, 2248. [CrossRef]

Eradze, M.; Le6n Urrutia, M.; Reda, V.; Kerr, R. Blended learning with MOOCs: From investment effort to success: A systematic
literature review on empirical evidence. In Proceedings of the 6th European MOOCs Stakeholders Summit, EMOOCs 2019,
Naples, Italy, 20-22 May 2019; pp. 53-58.

Bruff, D.O.; Fisher, D.H.; McEwen, K.E.; Smith, B.E. Wrapping a MOOC: Student perceptions of an experiment in blended
learning. J. Online Learn. Teach. 2013, 9, 187.

Jaffer, T.; Govender, S.; Brown, C. “The best part was the contact!”: Understanding postgraduate students” experiences of wrapped
MOOCs. Open Prax. 2017, 9, 207-221. [CrossRef]

Luo, Z.; Brown, C.; O’Steen, B. Factors contributing to teachers” acceptance intention of gamified learning tools in secondary
schools: An exploratory study. Educ. Inf. Technol. 2021, 26, 6337-6363. [CrossRef]

Luo, Z. Factors contributing to teachers” acceptance intention to gamified EFL tools: A scale development study. Educ. Technol.
Res. Dev. 2024, 72, 447-477. [CrossRef]

Davis, ED.; Bagozzi, R.P; Warshaw, P.R. User acceptance of computer technology: A comparison of two theoretical models.
Manag. Sci. 1989, 35, 982-1003. [CrossRef]

Venkatesh, V.; Davis, ED. A theoretical extension of the technology acceptance model: Four longitudinal field studies. Manag. Sci.
2000, 46, 186-204. [CrossRef]

Venkatesh, V.; Morris, M.G.; Davis, G.B.; Davis, E.D. User acceptance of information technology: Toward a unified view. MIS Q.
2003, 27, 425-478. [CrossRef]

Rogers, E. Diffusion of Innovations, 5th ed.; Free Press: New York, NY, USA, 2003.

Mouakket, S. Factors influencing continuance intention to use social network sites: The Facebook case. Comput. Hum. Behav. 2015,
53,102-110. [CrossRef]

Fusilier, M.; Durlabhji, S. An exploration of student internet use in India. Campus-Wide Inf. Syst. 2005, 22, 233-246. [CrossRef]
Luo, Z. Determinants of the perceived usefulness (PU) in the context of using gamification for classroom-based ESL teaching: A
scale development study. Educ. Inf. Technol. 2023, 28, 4741-4768. [CrossRef]


https://doi.org/10.1080/10494820.2020.1802300
https://doi.org/10.1111/bjet.12810
https://doi.org/10.1016/j.compedu.2017.11.002
https://doi.org/10.1007/s10639-020-10244-x
https://doi.org/10.1016/j.compedu.2015.11.010
https://doi.org/10.1016/j.heliyon.2023.e15220
https://www.ncbi.nlm.nih.gov/pubmed/37123924
https://doi.org/10.1080/10494820.2019.1629599
https://doi.org/10.1016/j.chb.2016.10.028
https://doi.org/10.1080/10494820.2019.1695214
https://doi.org/10.1007/s11423-016-9426-9
https://doi.org/10.1108/ILS-08-2018-0079
https://doi.org/10.1371/journal.pone.0293668
https://www.ncbi.nlm.nih.gov/pubmed/37943846
https://doi.org/10.1080/02680513.2023.2259922
https://doi.org/10.1016/j.chb.2018.12.013
https://doi.org/10.1080/09588221.2016.1197950
https://doi.org/10.1016/j.chb.2017.09.010
https://doi.org/10.25304/rlt.v27.2248
https://doi.org/10.5944/openpraxis.9.2.565
https://doi.org/10.1007/s10639-021-10622-z
https://doi.org/10.1007/s11423-023-10249-6
https://doi.org/10.1287/mnsc.35.8.982
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.2307/30036540
https://doi.org/10.1016/j.chb.2015.06.045
https://doi.org/10.1108/10650740510617539
https://doi.org/10.1007/s10639-022-11409-6

Behav. Sci. 2024, 14, 461 150f 16

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.
54.

55.
56.

57.

58.

59.

60.

61.

62.

63.

Luo, Z. The effectiveness of gamified tools for foreign language learning (FLL): A systematic review. Behav. Sci. 2023, 13, 331.
[CrossRef] [PubMed]

Lee, ]J.-W. Online support service quality, online learning acceptance, and student satisfaction. Internet High. Educ. 2010, 13,
277-283. [CrossRef]

Luo, Z.; O’Steen, B.; Brown, C. Flipped learning wheel (FLW): A framework and process design for flipped L2 writing classes.
Smart Learn. Environ. 2020, 7, 10. [CrossRef]

Zou, W.; Hu, X,; Pan, Z; Li, C.; Cai, Y.; Liu, M. Exploring the relationship between social presence and learners’ prestige in
MOOC discussion forums using automated content analysis and social network analysis. Comput. Hum. Behav. 2021, 115, 106582.
[CrossRef]

Luo, Z. Using eye-tracking technology to identify learning styles: Behaviour patterns and identification accuracy. Educ. Inf.
Technol. 2021, 26, 4457-4485. [CrossRef]

Pereira, J.; Fernandez-Raga, M.; Osuna-Acedo, S.; Roura-Redondo, M.; Almazan-Lépez, O.; Buldon-Olalla, A. Promoting Learners’
Voice Productions Using Chatbots as a Tool for Improving the Learning Process in a MOOC. Technol. Knowl. Learn. 2019, 24,
545-565. [CrossRef]

Han, S.; Lee, M.K. FAQ chatbot and inclusive learning in massive open online courses. Comput. Educ. 2022, 179, 104395. [CrossRef]
Baha, T.A.; Hajji, M.E.; Es-Saady, Y.; Fadili, H. The impact of educational chatbot on student learning experience. Educ. Inf. Technol.
2023, 1-24. [CrossRef]

Hew, K.E; Huang, W.; Du, J.; Jia, C. Using chatbots to support student goal setting and social presence in fully online activities:
Learner engagement and perceptions. J. Comput. High. Educ. 2022, 35, 40-68. [CrossRef] [PubMed]

Mohan, M.M.; Upadhyaya, P; Pillai, K.R. Intention and barriers to use MOOCs: An investigation among the post graduate
students in India. Educ. Inf. Technol. 2020, 25, 5017-5031. [CrossRef]

Watted, A.; Barak, M. Motivating factors of MOOC completers: Comparing between university-affiliated students and general
participants. Internet High. Educ. 2018, 37, 11-20. [CrossRef]

Rivera, D.A.; Frenay, M.; Swaen, V. The Learning Design of MOOC Discussion Forums: An Analysis of Forum Instructions and
Their Role in Supporting the Social Construction of Knowledge. Technol. Knowl. Learn. 2023, 59, 585-615. [CrossRef]

Zhao, T; Ye, L.; Hu, Z.; Lian, X. Exploring the impact of positive reappraisal on self-regulated learning in MOOCs: The mediating
roles of control and value appraisals and positive emotion. Comput. Hum. Behav. 2024, 152, 108070. [CrossRef]

Langford, C.P; Bowsher, ]J.; Maloney, J.P,; Lillis, PP. Social support: A conceptual analysis. |. Adv. Nurs. 1997, 25, 95-100.
[CrossRef] [PubMed]

Shapiro, H.B.; Lee, C.H.; Wyman Roth, N.E; Li, K.; Cetinkaya-Rundel, M.; Canelas, D.A. Understanding the massive open online
course (MOOC) student experience: An examination of attitudes, motivations, and barriers. Comput. Educ. 2017, 110, 35-50.
[CrossRef]

Luo, Z.; O’Steen, B.; Brown, C. The use of eye-tracking technology to identify visualisers and verbalisers: Accuracy and
contributing factors. Interact. Technol. Smart Educ. 2020, 17, 229-247. [CrossRef]

Luo, Z. Gamification for educational purposes: What are the factors contributing to varied effectiveness? Educ. Inf. Technol. 2022,
27,891-915. [CrossRef]

Chou, Y.-K. Actionable Gamification: Beyond Points, Badges, and Leaderboards; Packt Publishing Ltd.: Birmingham, UK, 2019.
Gillett-Swan, J.K. The challenges of online learning: Supporting and engaging the isolated learner. . Learn. Des. 2017, 10, 20.
[CrossRef]

Zembylas, M. Adult learners” emotions in online learning. Distance Educ. 2008, 29, 71-87. [CrossRef]

Alraimi, KM.; Zo, H.; Ciganek, A.P. Understanding the MOOCs continuance: The role of openness and reputation. Comput. Educ.
2015, 80, 28-38. [CrossRef]

Tella, A.; Tsabedze, V.; Ngoaketsi, J.; Enakrire, R.T. Perceived Usefulness, Reputation, and Tutors” Advocate as Predictors of
MOOC Utilization by Distance Learners: Implication on Library Services in Distance Learning in Eswatini. J. Libr. Inf. Serv.
Distance Learn. 2021, 15, 41-67. [CrossRef]

Hon, L.; Brunner, B. Measuring public relationships among students and administrators at the University of Florida. ]. Commun.
Manag. 2002, 6, 227-238. [CrossRef]

Wang, H.; Li, X. Research on technology adoption and promotion strategy of MOOC. In Proceedings of the 2015 6th IEEE
International Conference on Software Engineering and Service Science (ICSESS), Beijing, China, 23-25 September 2015; pp.
907-910.

Jiang, M.; Koo, K. Emotional Presence in Building an Online Learning Community Among Non-traditional Graduate Students.
Online Learn. 2020, 24, 93-111. [CrossRef]

Lee, S.J.; Srinivasan, S.; Trail, T.; Lewis, D.; Lopez, S. Examining the relationship among student perception of support, course
satisfaction, and learning outcomes in online learning. Internet High. Educ. 2011, 14, 158-163. [CrossRef]

Kim, D.J.; Ferrin, D.L.; Rao, H.R. A trust-based consumer decision-making model in electronic commerce: The role of trust,
perceived risk, and their antecedents. Decis. Support Syst. 2008, 44, 544-564. [CrossRef]

Bentler, PM.; Bonett, D.G. Significance tests and goodness of fit in the analysis of covariance structures. Psychol. Bull. 1980, 88,
588. [CrossRef]


https://doi.org/10.3390/bs13040331
https://www.ncbi.nlm.nih.gov/pubmed/37102845
https://doi.org/10.1016/j.iheduc.2010.08.002
https://doi.org/10.1186/s40561-020-00121-y
https://doi.org/10.1016/j.chb.2020.106582
https://doi.org/10.1007/s10639-021-10468-5
https://doi.org/10.1007/s10758-019-09414-9
https://doi.org/10.1016/j.compedu.2021.104395
https://doi.org/10.1007/s10639-023-12166-w
https://doi.org/10.1007/s12528-022-09338-x
https://www.ncbi.nlm.nih.gov/pubmed/36101883
https://doi.org/10.1007/s10639-020-10215-2
https://doi.org/10.1016/j.iheduc.2017.12.001
https://doi.org/10.1007/s10758-023-09670-w
https://doi.org/10.1016/j.chb.2023.108070
https://doi.org/10.1046/j.1365-2648.1997.1997025095.x
https://www.ncbi.nlm.nih.gov/pubmed/9004016
https://doi.org/10.1016/j.compedu.2017.03.003
https://doi.org/10.1108/ITSE-12-2019-0087
https://doi.org/10.1007/s10639-021-10642-9
https://doi.org/10.5204/jld.v9i3.293
https://doi.org/10.1080/01587910802004852
https://doi.org/10.1016/j.compedu.2014.08.006
https://doi.org/10.1080/1533290X.2020.1828218
https://doi.org/10.1108/13632540210807071
https://doi.org/10.24059/olj.v24i4.2307
https://doi.org/10.1016/j.iheduc.2011.04.001
https://doi.org/10.1016/j.dss.2007.07.001
https://doi.org/10.1037/0033-2909.88.3.588

Behav. Sci. 2024, 14, 461 16 of 16

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

Hu, L.-t.; Bentler, PM. Cutoff criteria for fit indexes in covariance structure analysis: Conventional criteria versus new alternatives.
Struct. Equ. Model. 1999, 6, 1-55. [CrossRef]

MacCallum, R.C.; Browne, M.W.; Sugawara, H.M. Power analysis and determination of sample size for covariance structure
modeling. Psychol. Methods 1996, 1, 130. [CrossRef]

Revythi, A.; Tselios, N. Extension of technology acceptance model by using system usability scale to assess behavioral intention
to use e-learning. Educ. Inf. Technol. 2019, 24, 2341-2355. [CrossRef]

Sun, Y.; Jeyaraj, A. Information technology adoption and continuance: A longitudinal study of individuals” behavioral intentions.
Inf. Manag. 2013, 50, 457—465. [CrossRef]

Deng, Z.; Hong, Z.; Ren, C.; Zhang, W.; Xiang, F. What predicts patients’ adoption intention toward mHealth services in China:
Empirical study. JMIR Mhealth Uhealth 2018, 6, e172. [CrossRef] [PubMed]

Deci, E.L.; Ryan, R.M. Intrinsic Motivation and Self-Determination in Human Behavior; Springer Science & Business Media:
Berlin/Heidelberg, Germany, 2013.

Scheel, L.; Vladova, G.; Ullrich, A. The influence of digital competences, self-organization, and independent learning abilities on
students” acceptance of digital learning. Int. J. Educ. Technol. High. Educ. 2022, 19, 44. [CrossRef] [PubMed]

MacCann, C.; Jiang, Y.; Brown, L.E.; Double, K.S.; Bucich, M.; Minbashian, A. Emotional intelligence predicts academic
performance: A meta-analysis. Psychol. Bull. 2020, 146, 150. [CrossRef] [PubMed]

Luo, Z.; Tan, X.; He, M.; Wu, X. The seewo interactive whiteboard (IWB) for ESL teaching: How useful it is? Heliyon 2023, 9,
€20424. [CrossRef] [PubMed]

Dubovi, I. Cognitive and emotional engagement while learning with VR: The perspective of multimodal methodology. Comput.
Educ. 2022, 183, 104495. [CrossRef]

Liu, S.; Liu, S.; Liu, Z.; Peng, X.; Yang, Z. Automated detection of emotional and cognitive engagement in MOOC discussions to
predict learning achievement. Comput. Educ. 2022, 181, 104461. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1080/10705519909540118
https://doi.org/10.1037/1082-989X.1.2.130
https://doi.org/10.1007/s10639-019-09869-4
https://doi.org/10.1016/j.im.2013.07.005
https://doi.org/10.2196/mhealth.9316
https://www.ncbi.nlm.nih.gov/pubmed/30158101
https://doi.org/10.1186/s41239-022-00350-w
https://www.ncbi.nlm.nih.gov/pubmed/36042910
https://doi.org/10.1037/bul0000219
https://www.ncbi.nlm.nih.gov/pubmed/31829667
https://doi.org/10.1016/j.heliyon.2023.e20424
https://www.ncbi.nlm.nih.gov/pubmed/37822620
https://doi.org/10.1016/j.compedu.2022.104495
https://doi.org/10.1016/j.compedu.2022.104461

	Introduction 
	MOOCs and MOOC Platforms: Definition, Importance, and Crisis Regarding Sustainable Development 
	The Involvement of Academic and Emotional Support: Gaps, Significance, and Research Focuses 

	Literature and Research Hypotheses 
	Transitions: From xMOOCs, cMOOCs, to Wrapped MOOCs 
	MOOCs and Technology Acceptance 
	Perceived Usefulness, Perceived Ease of Use, and Technology Acceptance Intention 
	Academic Support in MOOC Learning 
	Emotional Support in MOOC Learning 
	Platform Reputation and Technology Acceptance 

	Methodology 
	Research Instrument 
	Data Collection and Participants 
	Data Analysis 

	Findings 
	Descriptive Statistics 
	Reliability and Validity Analysis 
	Model Fit 
	Hypothesis Testing 

	Discussion 
	Conclusions 
	References

