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Abstract: Research on massive open online courses (MOOCs) has tended to focus on outcome indica-
tors valued in traditional higher education settings, particularly achievement and completion. This
study highlights the differences between MOOCs and credit-bearing university courses and shifts
this focus to an alternative outcome indicator—learner satisfaction. In this study, engagement is iden-
tified as an important antecedent of learner satisfaction and is conceptualised and operationalised
as a multidimensional construct. This study built three regression models to identify the relative
importance of behavioural, cognitive, emotional, and social engagement for learner satisfaction
after controlling for personal characteristics unrelated to the criteria of good teaching. The analysis
showed that engagement explained approximately 20% of the variance in learner satisfaction with
MOOCs. Emotional engagement was more influential for predicting learner satisfaction than cogni-
tive engagement and behavioural engagement. Social engagement had no significant effect on learner
satisfaction. Demographics (age, education level, and origin) and motivation were of limited utility
in predicting learner satisfaction with MOOCs, accounting for 4% and 2% of variance, respectively.
Based on research findings, the article presents the following propositions: (1) configure the MOOC
teaching and learning environment in a way that enhances emotional engagement; (2) statistically
adjust for age, education level, origin, and motivation when interpreting learner satisfaction results; and
(3) monitor the level of emotional engagement and implement educational interventions to provide
support for emotional disengagers.

Keywords: massive open online courses (MOOCs); learner characteristics; learner satisfaction;
learner engagement; learning outcome

1. Introduction

The disruptive potential of massive open online courses (MOOCs) has generated
increasing scholarly interest in MOOC learning outcomes, particularly in achievement [1–3]
and retention [4–6]. While these are important measures for evaluating the success of
university students, it could be argued that these indicators are less relevant in the context
of MOOCs. Compared with credit-bearing university courses, learners have the option to
enter and exit the MOOC teaching and learning space without restrictions. They are not
required to pay fees, except when they intend to obtain a (paid) certificate of completion.
People display a combination of intrinsic, extrinsic, and social motivations when registering
for a MOOC [7]. Many MOOC learners are more concerned about achieving their own
learning goals rather than achieving instructor-determined learning goals such as high
performance [8]. A high dropout rate, which is often considered as a threat in credit-bearing
university courses, is not a breach of expectations in MOOCs and should not be simply
viewed as indicating poor course quality [9]. Rather, it could be the natural result of an
open learning space and a free registration process.

Recent research has tended to endorse the view that MOOC success should not be
simply evaluated through traditional measures such as achievement and retention, but
through learner-centred indicators such as satisfaction [9–11]. In addition, it is not surpris-
ing to observe that some MOOC practitioners are keen to find out whether the courses they
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produced and/or facilitated are successful or not [12]. For the above reasons, this study
shifts the focus from traditional outcome measures to an alternative outcome indicator—
learner satisfaction with MOOCs. Consistent with previous MOOC research [10], this study
defines learner satisfaction as an individual’s overall assessment of his or her learning
experience and operationalises learner satisfaction as an important outcome indicator.

The massiveness and openness of MOOCs affords people the opportunity to en-
gage with course content, instructors, peers, and themselves in different ways, and this
engagement process can determine the outcomes of learning [7,13]. However, there is
a general lack of research relating to how engagement affects learner satisfaction with
MOOCs. The apparent knowledge gap provides impetus for this study. Identifying the
engagement–satisfaction relationship extends the theoretical understanding of the factors
that can influence learner satisfaction with MOOCs. More importantly, determining the
strength of the engagement–satisfaction relationship can provide important rationale for
MOOC researchers and practitioners to constantly monitor the level of engagement and
configure the teaching and learning environment that promotes engagement.

MOOC learners manifest their engagement in distinct ways. Not all learners persevere
through the entire MOOC, strictly following the learning path predefined by MOOC in-
structors. Some learners perceive MOOCs as modularised resources. They study a portion
of the MOOC to fill immediate needs and skip others [14]. Some learners capitalise social
learning and professional networking opportunities in MOOCs [15]. Some learners con-
sume MOOC video lectures as edutainment resources in their spare time [14]. The diversity
in how learners engage in MOOCs has prompted researchers to adopt a more nuanced
approach to operationalising engagement. This study conceptualises learner engagement
in MOOCs as a process factor that comprises four discrete dimensions. The study aims
at identifying the specific engagement dimensions that can predict learner satisfaction
with MOOCs and estimate the relative importance of behavioural, cognitive, emotional,
and social engagement for satisfaction. To determine if the engagement–satisfaction re-
lationship is true, this study controls for personal characteristics unrelated to the criteria
of good teaching when investigating the influence of engagement on learner satisfaction
with MOOCs.

This article begins with an overview of learner satisfaction as an outcome indicator, fol-
lowed by a more detailed literature review of the conceptualisation and operationalisation
of learner engagement in the MOOC context. The literature review also considers personal
characteristics which may confound the engagement–satisfaction relationship. The research
methods section explains the steps taken to collect and analyse the data. The findings are
discussed in the context of the MOOC and broader education research. The researchers
then discuss the potential limitations of this study and provide avenues for future research.
The conclusion presents the theoretical contributions and practical implications.

2. Literature Review
2.1. Learner Satisfaction

The measurement of learner satisfaction is typically achieved by asking students to
rate the quality of their educational experience in a course [16]. Learner satisfaction is often
used interchangeably with student rating [17], student evaluation [18], and the perceived
quality of instruction [9]. The higher education literature shows that students are competent
enough to rate the quality of their educational experience, and this metric positively corre-
lates with outcome indicators such as student achievement, instructors’ self-evaluation,
and the evaluation provided by trained observers [19]. Measuring learner satisfaction
has important implications for both credit-bearing university courses and MOOCs. In
higher education institutions, learner satisfaction is frequently used for purposes such as
curriculum improvement, performance review of academic staff, allocation of funding, and
strategic planning [20]. Similarly, learner satisfaction with MOOCs provides feedback to
help construct or redesign a MOOC, assists policy makers and university administrators in
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making decisions about future MOOC production and investment, and helps prospective
learners to select courses for study.

Early MOOC research on learner satisfaction was centred on learners’ perceptions of
and attitudes towards MOOCs. For instance, Khalil and Ebner [21] reported that approx-
imately 6% of learners were not satisfied with the level of interaction in MOOCs. These
early studies tended to be descriptive in nature but nevertheless provided an overview of
how learners were satisfied and dissatisfied with MOOCs. More recently, MOOC scholars
have conducted correlational studies to identify the antecedents of learner satisfaction.
Li [22], for example, found that personal characteristics such as education background and
the number of previous online courses taken explained the variance in MOOC learners’
satisfaction. Rabin, Kalman, and Kalz [10] revealed that MOOC learners’ age indirectly pre-
dicts satisfaction. Hew, Hu, Qiao, and Tang [9] reported that environmental factors, such as
the flexibility of the course schedule, significantly predict learner satisfaction with MOOCs.

The massiveness and openness of MOOCs prompt learners to engage with course
content, instructors, peers, and themselves in different ways, and this engagement process
can determine the outcomes of learning [7,13]. However, there is a general lack of knowl-
edge relating to how engagement affects learner satisfaction with MOOCs. Identifying
this relationship extends the theoretical understanding of the factors that can influence
learner satisfaction with MOOCs and provide a theoretical basis for continually monitoring
and improving learner engagement. The apparent knowledge gap leads to the research
question: How does engagement influence learner satisfaction with MOOCs?

2.2. Conceptualisation of Learner Engagement

Learner engagement was originally conceptualised as a unidimensional construct,
representing students’ time on task [23], sense of belonging to school [24], participation in
academic activities [25], or attention and efforts invested in learning [26]. More recently,
research has begun to conceptualise learner engagement as a multidimensional construct
that incorporates dimensions such as behavioural engagement, cognitive engagement,
emotional engagement, and social engagement [27]. Learner engagement has attracted
considerable scholarly attention in the MOOC literature. This is because active learner
engagement is often associated with desirable outcomes, such as improved academic per-
formance and higher completion rates [28,29]. Learner engagement is sometimes used
interchangeably with engagement [30], course engagement [31], learning engagement [29],
and student engagement [32]. A recent review of 102 empirical studies showed that engage-
ment is one of the most important topics in the MOOC literature [7]. However, synthesising
research findings related to learner engagement is not an easy task because this notion is
conceptualised very differently in MOOC research. The complexity is further exacerbated
by the distinct approaches employed by MOOC scholars to measuring engagement.

The definition of learner engagement was fuzzy in early MOOC research—the word
‘engagement’ appeared in the titles of some publications but was not formally defined
in the text [30,33]. The meaning of engagement was close to ‘participation’. Researchers
investigated learner engagement in MOOCs for discrete activities, such as watching video
lectures [34], attempting assessments [35], and spending time on academic tasks [36]. This
type of engagement in MOOCs was later classified as behavioural engagement, representing
learners’ observable actions and involvement and participation in academic-relevant activi-
ties [13,27]. Behavioural engagement is sometimes interwoven with social engagement,
which is defined as learner–learner and learner–instructor interaction in MOOCs [27]. A
recent review of 103 MOOC studies indicated that 19 articles addressed social aspects of
learning in MOOCs [37]. Some scholars reported social engagement as a subdimension
of behavioural engagement [38]. This is because interactions with peers and instructors
are observable and form a part of participation in educational activities. Recent research
shows that MOOC learners differentiate between behavioural and social engagement, and
social engagement is a separate construct from behavioural engagement in MOOCs [27].
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Some scholars have asserted that the meaning of engagement should be richer and
more informative than its narrow interpretation in the MOOC literature. They argued
that not all engagement domains can be directly observed and drew scholarly attention
to domains that are less overt and more internal. A stream of scholars emphasised learn-
ers’ mental investment in the MOOC study process to comprehend complex ideas and
master difficult skills [13,27]. This engagement domain is usually referred to as cognitive
engagement. For example, Li and Baker [13] inferred cognitive engagement in MOOCs
from video interaction events, such as slow watching, backward seeking, and pausing.
Deng, Benckendorff, and Gannaway [27] defined cognitive engagement as motivated sets
of behaviours in MOOCs, such as searching for further information and re-watching video
lectures. Another less identifiable engagement dimension is emotional engagement, which
is interpreted as the emotional connections learners make with instructors, peers, and
MOOC content [27,39]. The presence of positive emotions [40] and the absence of negative
emotions [41] are often considered as good signs of emotional engagement in MOOCs.

2.3. Operationalisation of Learner Engagement

The operationalisation of learner engagement varies across MOOC studies. Click-
stream data, or log files, are sometimes used as a proxy for behavioural, social, and
cognitive engagement in MOOCs. Clickstream data are relatively easy to obtain and can
often objectively reflect the level of engagement in MOOCs [42]. However, caution must be
exercised when interpreting such data because they are inferred rather than queried. For
example, Lee [43] found that a simple count of learning activities was not an accurate proxy
for behavioural engagement in MOOCs because it did not reflect the quality of learning.
Moreover, it can be difficult to gauge emotional and cognitive engagement just based on
clickstream data. Li and Baker [44], for example, initially proposed that individuals who
never paused the videos and individuals who paused fewer and fewer times as the MOOC
continued had low levels of cognitive engagement. Later on, Li and Baker [13] reported that
pausing was not a conceptually clear measure of cognitive engagement in MOOCs because
learners paused videos for reasons unrelated to learning. In addition, clickstream data only
capture learners’ interactions with online materials [45]. MOOC participants frequently
engage in learning opportunities beyond the platform [46], and such engagement should
not be overlooked.

Self-report measures, particularly self-administered surveys, are also frequently em-
ployed to understand learner engagement in MOOCs. Self-report measures have the
advantage of capturing engagement domains that are less observable, such as cognitive
and emotional engagement. For this reason, a survey was adopted to measure learner
engagement in this study. However, a major concern is that survey items might be worded
too broadly so that engagement in specific learning environments is not captured [47]. This
study addressed this potential issue by adopting an instrument designed specifically for
measuring learner engagement in the MOOC context. Another concern is that people may
not recall their MOOC engagement due to the lapse of time. To minimise the memory
effect, the researchers only invited people who had participated in a MOOC in the last
12 months to complete the survey.

There is variation in the operationalisation of learner engagement when surveys are
adopted. Early MOOC research tended to focus on behavioural or social engagement be-
cause they are evident and relatively easy to trace and interpret. Some MOOC researchers
operationalised learner engagement as a multidimensional construct and investigated two
or more engagement dimensions [39]. Some researchers acknowledged the multidimen-
sionality of learner engagement but chose to measure engagement as the sum of multiple
engagement dimensions [29]. Although this unified measurement approach greatly sim-
plified data analysis and interpretation, the information about the driving factors and the
effects of each engagement dimension was lost in the research process.

MOOC participants manifest engagement in different ways. They may find a MOOC
interesting to learn (emotional), make notes when studying a MOOC (behavioural), use
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search engines to help solve difficult problems encountered in the learning process (cogni-
tive), share course notes with the peers in the discussion board (social), and feel happy to
see that their contributions are appreciated by other learners (emotional). The researchers
of this study emphasised the importance of understanding the influence of discrete engage-
ment domains on satisfaction and refined the research question: How does behavioural,
cognitive, emotional, and social engagement influence learner satisfaction with MOOCs?

2.4. Personal Characteristics

The relationship between learner engagement and satisfaction can be affected by
personal characteristics. Personal characteristics are attributes of a MOOC learner, such
as gender, which can potentially affect the learning process and outcomes [48]. Some
of the personal characteristics are irrelevant to the criteria of good teaching and should
be considered when investigating the engagement–satisfaction relationship. Here, good
teaching is defined as the adoption of effective instructional practices and the provision
of appropriate teaching and learning environments that prompt learning processes and
outcomes. The researchers of this study differentiated between two types of personal
characteristics: demographics and MOOC-related background factors. Demographics
are statistical data about the characteristics of a population (e.g., education level), and
MOOC-related background factors represent individual factors directly related to MOOCs
(e.g., prior MOOC experience).

Demographics can directly affect the MOOC learning process e.g., [31,49] and may
confound the engagement–satisfaction relationship if they are not controlled for [50]. For
instance, Shapiro, et al. [51] reported that individuals who had a Bachelor’s degree showed
higher levels of positivity towards a MOOC. This finding was echoed by that of Li [22],
who discovered that participants with higher degrees were more satisfied with the MOOC
learning experience. Rabin, Kalman, and Kalz [10] found that age indirectly affected learner
satisfaction through the number of video lectures accessed. In addition, the broader educa-
tion literature suggests that female students display a higher level of satisfaction than their
male counterparts in e-learning environments [52]. Comparative research also indicates
that university students’ country of origin can affect their satisfaction with educational
experience [53]. Based on a review of 102 MOOC studies, Deng, Benckendorff, and Gann-
away [7] found that education background, country of origin, age, and gender were the
most frequently investigated demographic factors. However, these demographic factors
tended to be oversimplified and were often descriptively reported in MOOC research [7].
To find out if the engagement–satisfaction relationship truly exists, the present study con-
trolled for age, gender, education level, and origin when investigating the influence of
engagement on learner satisfaction with MOOCs.

MOOC-related background factors may also confound the engagement–satisfaction
relationship [54]. In this study, MOOC-related background factors are conceptualised to
comprise two factors—motivation and prior experience. One of the frequently investigated
background factors is motivation. In the context of traditional higher education, if stu-
dents have a prior interest in the subject matter, their satisfaction tends to be higher [16].
Similarly, MOOC learners with high motivations exhibited a higher level of satisfaction
than individuals with low motivations [55]. Another background factor known to affect
learner satisfaction is prior MOOC experience. Li [22] reported that learners who took more
online courses tended to be less satisfied with a MOOC. To determine if the engagement–
satisfaction relationship is spurious, the researchers controlled for motivation and prior
MOOC experience when investigating the relationship between engagement and learner
satisfaction. The researchers further refined the research question: How does behavioural,
cognitive, emotional, and social engagement affect learner satisfaction after controlling for
learners’ demographics and MOOC-related background factors?
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2.5. Research Framework

To answer the research question, the researchers build three regression models to
ascertain the degree to which learner satisfaction is influenced by (1) demographics, (2)
MOOC-related background factors, and (3) behavioural, cognitive, emotional, and social
engagement. The research framework is displayed in Figure 1.
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Figure 1. Research framework.

Model 1 investigates the relationship between demographics and learner satisfac-
tion, aiming to reveal the amount of variance in learner satisfaction solely explained by
demographics. Model 2 is combined with Model 1 to identify the amount of variance
in learner satisfaction explained by MOOC-related background factors. Model 3 is used
in conjunction with Model 1 and 2 to investigate whether the relationship between en-
gagement and learner satisfaction is spurious, that is, caused by personal characteristics
(i.e., demographics and MOOC-related background factors) unrelated to the criteria of
good teaching. If engagement explains a greater amount of variance in learner satisfac-
tion than demographics and MOOC-related background factors, it can be concluded that
engagement plays a more influential role in shaping learner satisfaction with MOOCs.

3. Research Methods
3.1. Participants

The researchers obtained ethical approval from the university human research ethics
committee. A pilot test was undertaken prior to the administration of a full-scale survey.
Twenty volunteers were invited to review the survey and provide constructive feedback.
Based on the feedback, the researchers adjusted five questions to make them easier to
answer. The results of the pilot study showed that respondents could fully comprehend
the instructions and questionnaire items, and there were no errors in the survey.

The participants in this study were recruited from individuals who had previously
participated in one or more MOOCs offered by a research-intensive university on edX. The
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researchers distributed the research purpose, consent form, and instructions on how to
complete the survey through email newsletters. To capture learner engagement across
a range of MOOCs and platforms, the researchers also recruited participants from two
social media websites. The English survey was distributed in 2019 and remained open for
four weeks.

A screening question was adopted to filter out respondents who reported that they
had not participated in a MOOC in the previous 12 months. If a respondent had not
participated in a MOOC in the previous 12 months, the survey would end immediately,
and the respondent would be directed to the exit page. Only those who had participated in
a MOOC in the previous 12 months would be given the instruction to fill out the survey. The
instruction required the respondents to think about the most recent MOOC they studied
and keep this MOOC in mind when answering all the questions in the survey.

MOOC platforms are usually unwilling to disclose the personal characteristics of their
users for privacy reasons, making it difficult to adopt probability sampling to systemati-
cally access learners. Therefore, convenience sampling was adopted in the current study.
Individuals who completed the survey and provided contact details were entered into a
draw with a chance to win one of 10 gift tokens. A total of 1440 observations were retained
for data analysis after deleting invalid surveys and outliers. This sample size satisfied the
desired ratio for conducting multiple regression analysis, which is 15–20 observations for
each predictor variable [56].

3.2. Measures

The researchers used four questions to obtain the demographics of MOOC learners.
Past research showed that age, gender, education level, and origin were the most frequently
investigated demographics in the MOOC literature [7]. These four demographic variables
were measured and used as control variables in regression models 1, 2, and 3.

Motivation and prior MOOC experience were used as control variables when building
regression models 2 and 3. The researchers designed two questions to obtain MOOC-related
background factors. The motivation question was created by combining and consolidating
the frequently occurring items in the past validated studies [51,57]. Motivation items
were grouped into seven categories: personal interest, learning for study or work, finding
relevant resources, obtaining a certificate of completion, enhancing one’s resume, the
MOOC being free, and socialising. Prior MOOC experience was divided into five categories:
no prior experience, 1–3 courses, 4–6 courses, 7–9 courses, and 10 and more courses.

The researchers adopted the MOOC engagement scale (MES) to capture learner en-
gagement. Deng, Benckendorff, and Gannaway [27] developed the MES to measure four
engagement dimensions in MOOCs—behavioural, cognitive, emotional, and social en-
gagement. The 12 scale items were validated by two focus groups, an exploratory survey,
an expert review, a pilot study, an item purification study, and a construct validation
study. A six-point Likert scale ranging from strongly disagree (1) to strongly agree (6) was
used. The MES demonstrates good reliability, face validity, construct validity, convergent
validity, and discriminant validity [27]. In this study, the Cronbach’s alpha values for the
behavioural, cognitive, emotional, and social engagement dimensions were 0.72, 0.70, 0.73,
and 0.83, respectively.

The researchers employed a global item to measure learner satisfaction. Respondents
were asked to indicate their satisfaction level on an 11-point scale ranging from 0 (dissatis-
faction) to 10 (satisfaction). The research showed that a unidimensional approach can be
as valid as a multidimensional approach in measuring learner satisfaction because certain
dimensions are more important and explain a substantial amount of variance in satisfac-
tion [58]. Consistent with previous work [9,10], this study defined and operationalised
satisfaction as a learner-centred outcome measure. In the survey, the respondents were
first asked to indicate their engagement during the study of a MOOC. After that, the
respondents were instructed to report their level of satisfaction at the time when they
exited the MOOC, not the fluid, developing satisfaction during the MOOC study process.
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3.3. Data Analysis

IBM SPSS Statistics 26 was used for statistical analysis. The researchers first calculated
and reported learners’ demographics, motivations, and prior MOOC experience. Next, the
researchers conducted a principal component analysis (PCA) to (1) empirically validate the
MES developed by Deng, Benckendorff, and Gannaway [27] and (2) single out variables that
can be perceived as indicators of behavioural, cognitive, emotional, and social engagement.
Cronbach’s alpha was computed to determine the internal consistency of the MES. Four
summated scales ranging from 0 to 18 were created to substitute for the original 12 variables.
The summated scale values were retained for use in multiple regression analysis.

The researchers then carried out a series of multiple regression analyses to determine
the relationship between engagement and learner satisfaction with MOOCs. The four
factors derived from the PCA were used as predictor variables to determine which of the
four engagement dimensions were better predictors of higher levels of satisfaction. All the
other predictor variables were treated as categorical indices.

There are two methods of dummy variable coding: indicator coding and effect coding.
The key difference between the two methods is the interpretation of regression coefficients.
While the coefficients in indicator coding represent differences for each group of respon-
dents from the mean of the reference group, the coefficients in effect coding represent
differences for each group of respondents from the mean of all groups. Indicator coding is
more appropriate when a logical reference group is present [56]. As this study does not
contain a logical reference group, the researchers opted for effect coding when configuring
the regression models.

With effect coding, the reference group is assigned the value of −1 across all dummy
variables, and the coefficients represent differences for each category from the overall
mean of all categories. The researchers selected the category with the lowest number of
observations as the reference group (Table 1). For example, there were only four individuals
without any schooling experience in the sample. Therefore, ‘no schooling completed’ was
selected as a reference group for the predictor variable ‘education level’.

Table 1. Coding scheme for categorical variables.

Variables 0 −1

Age Less than 25, 25–34, 35–44, 45–54,
55–64 65 and over

Gender Male Female

Education level
Primary school, high school,
Diploma, Bachelor’s degree,
Master’s degree, Doctorate degree

No schooling completed

Origin Arab States, Asia, Europe, Latin
America, North America Oceania

Motivation

Personal interest, learning for
study or work, finding relevant
resources, obtaining a certificate
of completion, enhancing one’s
resume, the MOOC being free

Socialising

Prior MOOC experience No experience, 1–3, 4–6, 10
and more 7–9

4. Results

The demographics of the respondents are shown in Table 2. The demographics in this
study are similar to the pattern reported in recent MOOC research [22]. MOOC-related
background factors are displayed in Table 3.
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Table 2. Learners’ demographics.

Variables Subgroups n %
Less than 25 487 34.3
25–34 495 34.9
35–44 226 15.9
45–54 106 7.5
55–64 61 4.3

Age

65 and over 44 3.1

Gender
Female 530 37
Male 901 63
No schooling completed 4 0.3
Primary school 14 1
High school 245 17.1
Diploma 133 9.3
Bachelor’s degree 578 40.4
Master’s degree 408 28.5

Education
Level

Doctorate degree 50 3.5

Origin

Africa 215 15.1
Arab States 80 5.6
Asia 504 35.3
Europe 190 13.3
Latin America 173 12.1
North America 197 13.8
Oceania 67 4.7

Table 3. MOOC-related background factors.

Variables Subgroups n %
Personal interest 545 38.3
Learning for study or work 573 40.3
Finding relevant resources 37 2.6
Obtaining a certificate of completion 64 4.5
Enhancing one’s resume 143 10
MOOC being free 51 3.6

Motivation to study
the MOOC

Socialising 10 0.7

Prior MOOC
experience

No prior experience 177 12.4
1–3 660 46.4
4–6 303 21.3
7–9 85 6
10 and more 198 13.9

Prior to conducting multiple regression analysis, a PCA with varimax orthogonal rota-
tion was employed to establish the validity of the MES and determine the factor structure
among the 12 items from the MES (Table 4). With factor loadings and communalities greater
than 0.4, the best solution was a four-factor model accounting for 67.68% of the common
variance. The factorial dimensions were consistent with Deng et al.’s [27] instrumentation
of learner engagement in MOOCs, demonstrating sound reliability and validity of the
MES. The Cronbach’s alpha values for the four engagement dimensions ranged from 0.70
to 0.83, demonstrating a high degree of internal consistency. The Kaiser–Meyer–Olkin
measure of sampling adequacy (MSA) index of 0.83 and a significant chi-squared value for
Bartlett’s test of sphericity, χ* (66) = 5808.73, p < 0.001, suggested that the factor model was
appropriate for the data.
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Table 4. Summary of the PCA results.

MOOC Engagement Scale (MES) Items Mean SD
Factor 1
(Social
Engagement)

Factor 2
(Emotional
Engagement)

Factor 3
(Cognitive
Engagement)

Factor 4
(Behavioural
Engagement)

I often responded to other
learners’ questions. 3.39 1.62 0.85

I contributed regularly to
course discussions. 3.51 1.57 0.85

I shared learning materials (e.g., notes,
multimedia, links) with other classmates
in the MOOC.

3.02 1.74 0.81

I enjoyed watching video lectures in the
MOOC. 5.06 1.27 0.73

I found the MOOC interesting. 5.34 0.98 0.80
I was inspired to expand my knowledge
in the MOOC. 5.23 1.07 0.78

When I had trouble understanding a
concept or an example, I went over it
again until I understood it.

4.92 1.17 0.82

I often searched for further information
when I encountered something in the
MOOC that puzzled me.

4.77 1.27 0.56

If I watched a video lecture that I did not
understand at first, I would watch it again
to make sure I understood the content.

4.95 1.37 0.82

I set aside a regular time each week to
work on the MOOC. 4.42 1.34 0.44

I took notes while studying the MOOC. 4.60 1.49 0.82
I revisited my notes when preparing for
MOOC assessment tasks. 4.38 1.57 0.82

Eigenvalue 2.35 2.04 1.88 1.85
% of variance 19.60 16.98 15.67 15.42
Cronbach’s alpha 0.83 0.73 0.70 0.72

To reduce the reliance on any single variable and measurement error, this study fol-
lowed Hair et al.’s [56] recommendation to incorporate summated scales into multiple
regression by replacing the original predictor variables with the summated scale values.
Based on the PCA results, the researchers calculated the summated scale values by comput-
ing the sum of the variables making up each dimension of the MES. The summated scale
values were used as predictor variables in multiple regression analysis (Table 5).

Table 5. Descriptive statistics for composite scores.

Mean SD Min Max
Behavioural engagement 13.40 3.52 0 18
Cognitive engagement 14.63 3.01 0 18
Emotional engagement 15.63 2.68 0 18
Social engagement 9.91 4.24 0 18

The researchers selected learner satisfaction as the outcome variable. The relationship
among the four predictor variables and the outcome variable was assumed to be statistical
rather than functional. This is because the relationship examined involved people’s per-
ceptions, and random components (e.g., measurement errors) are always present in such
a relationship. The researchers built three regression models to evaluate the influence of
engagement on learner satisfaction. Model 1 contained only MOOC learners’ demographic
characteristics, including gender, age, education level, and origin. Model 2 added learners’
MOOC-related background factors, including motivation and prior MOOC experience.
Summated scale values representing levels of behavioural, cognitive, emotional, and social
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engagement were added for Model 3. This modelling process allowed the researchers to
identify engagement dimensions affecting learner satisfaction by separately controlling for
learners’ demographics and MOOC-related background factors. The following equations
represent multiple regression analysis conducted for Models 1, 2, and 3, where β0 is the
constant, β1 to β10 are the slope coefficients for predictor variables, and εi is the residual.

Model 1.

Learner_Satisfactioni = β0+ β1Agei + β2Genderi + β3Education_leveli + β4Origini + εi (1)

Model 2.

Learner_Satisfactioni = β0+ β1Agei + β2Genderi + β3Education_leveli + β4Origini
+β5Motivationi + β6Prior_MOOC_Experiencei + εi

(2)

Model 3.

Learner_Satisfactioni = β0+ β1Agei + β2Genderi + β3Education_leveli + β4Origini
+β5Motivationi + β6Prior_MOOC_Experiencei + β7Behavioural_Engagementi

+β8Cognitive_Engagementi + β9Emotional_Engagementi + β10Social_Engagementi + εi

(3)

The researchers checked the model assumptions prior to conducting multiple regres-
sion analysis. To test the assumptions of linearity and homoscedasticity, the researchers
examined the residual plot that depicted one axis for the standardised residuals and the
other axis for the standardised predicted value. The results showed that the standardised
residuals were scattered randomly around a horizontal line in a rectangular shape, indi-
cating that the linearity was not violated. This finding also implied that the variance of
residuals was similar at each point of the predictor variables across the model. Therefore,
the assumption of homoscedasticity was met. To ensure there was no multicollinearity
in the data, the researchers inspected the tolerance and variance inflation factor (VIF)
statistics. The tolerance values were well below 10, and the VIF values were all above
0.1, indicating that the assumption was met [59]. To test the assumption of independence,
the researchers calculated the value of the Durbin–Watson statistic. The Durbin–Watson
statistic for the model was 2.01, indicating that the residuals between the actual value and
the predicted value obtained through the regression equation were independent. To test
the assumption of normality, the researchers further examined the normal probability plot
of the standardised residuals. The plot revealed that the values fell along the 45◦ diagonal,
indicating that the values of the residuals were normally distributed. To ensure that the
model was not affected by any influential datapoints, the researchers also used Cook’s
distance to test for influential cases. The results showed that no observation placed undue
influence on the regression model, and model re-specification was not required.

Multiple regression analyses were carried out to investigate the influence of demo-
graphics (age, gender, education, level, origin), MOOC-related background factors (mo-
tivation, prior experience), and engagement (behavioural, cognitive, emotional, social
engagement) on learner satisfaction. The researchers sequentially added demographics,
MOOC-related background factors, and the composite scores representing four engage-
ment dimensions into Models 1, 2, and 3. All the three prediction models were statistically
significant: F(18, 1412) = 3.59, p < 0.001 (Model 1), F(28, 1402) = 3.32, p < 0.001 (Model 2),
F(32, 1398) = 15.58, p < 0.001 (Model 3). That is to say, all three sets of predictor variables
affected the outcome variable. Models 1, 2, and 3 explained approximately 4%, 2%, and
26% of the total variance in learner satisfaction with MOOCs, respectively. These results
indicated that engagement had a much greater influence on satisfaction than learners’
demographics and MOOC-related background factors.

The results of the multiple regression analyses are displayed in Table 6. Model 1 only
considered the relationship between demographics and learner satisfaction. The analyses
indicated that age, education level, and origin were significant predictors of satisfaction
while gender was not. Specifically, individuals aged below 25 (B = −0.39, p < 0.001) and
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individuals aged between 25 and 34 (B = −0.23, p < 0.01) tended to be less satisfied than
their senior counterparts, ceteris paribus. In contrast, people aged between 45 and 54
(B = 0.29, p < 0.05), whose highest education level was high school (B = 0.43, p < 0.01) or
who had a Latin American origin (B = 0.46, p < 0.001) showed higher levels of satisfaction.
The effects of age, education level, and origin remained significant in Models 2 and 3.

Table 6. Results of multiple regression analyses.

Model 1 Model 2 Model 3
Coef. SE Coef. SE Coef. SE

Demographic characteristics
Age

Less than 25 −0.39 *** 0.09 −0.3 *** 0.09 −0.27 ** 0.08
25–34 −0.23 ** 0.08 −0.19 * 0.08 −0.18 * 0.07
35–44 −0.07 0.09 −0.03 0.1 −0.1 0.08
45–54 0.29 * 0.12 0.27 * 0.12 0.30 ** 0.11
55–64 0.16 0.16 0.12 0.16 0 0.14
65 and over (reference group)

Gender
Male 0.07 0.04 0.06 0.04 0.03 0.04
Female (reference group)

Education level
Primary school 0.6 0.34 0.64 0.34 0.43 0.3
High school 0.43 ** 0.14 0.42 ** 0.14 0.27 * 0.13
Diploma 0.3 0.16 0.31 * 0.16 0.18 0.14
Bachelor’s degree 0.2 0.13 0.21 0.13 0.17 0.11
Master’s degree 0.19 0.14 0.16 0.14 0.13 0.12
Doctorate degree 0.19 0.21 0.15 0.21 0.08 0.18
No schooling (reference group)

Origin
Africa 0.12 0.09 0.12 0.09 −0.02 0.08
Arab States −0.16 0.14 −0.19 0.14 −0.25 * 0.12
Asia 0.11 0.07 0.11 0.07 0.03 0.07
Europe −0.02 0.1 −0.04 0.1 −0.02 0.09
Latin America 0.46 *** 0.1 0.46 *** 0.1 0.41 *** 0.09
North America −0.06 0.1 −0.04 0.1 0.06 0.09
Oceania (reference group)

MOOC-related background factors
Motivation

Personal interest 0.07 0.1 −0.02 0.09
Learning for study or work 0.19 * 0.09 0 0.08
Finding relevant resources −0.25 0.21 −0.35 0.18
Obtaining a completion certificate −0.14 0.17 −0.15 0.15
Enhancing one’s resume 0 0.13 −0.08 0.11
MOOC being free −0.55 ** 0.18 −0.43 ** 0.16
Socialising (reference group)

Prior MOOC experience
No experience −0.05 0.09 0.08 0.08
1–3 −0.13 * 0.06 −0.07 0.06
4–6 −0.09 0.08 −0.09 0.07
10 and more 0.13 0.09 0.05 0.08
7–9 (reference group)

Learner engagement
Behavioural engagement 0.03 ** 0.01
Cognitive engagement 0.06 *** 0.01
Emotional engagement 0.17 *** 0.02
Social engagement 0.01 0.01

Constant 8.19 *** 0.13 8.16 *** 0.15 4.25 *** 0.24
R2 0.04 0.06 0.26

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

After MOOC-related background factors were entered into Model 2, the effects of
demographics on satisfaction remained stable, except for education level. Possessing a
diploma had positive effects on satisfaction in Model 2, but this effect disappeared when
learner engagement was entered into Model 3. Similarly, the effects of learning for study or
work (motivation) and taking one to three courses (prior MOOC experience) on satisfaction
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were statistically significant in Model 2 but not in Model 3. These results suggested that the
effects of education level, motivation, and prior MOOC experience on learner satisfaction
may be mediated by engagement.

Model 3 indicated that learner satisfaction with MOOCs was positively associated
with age between 45 and 54 (B = 0.30, p < 0.01), a high school education level (B = 0.27,
p < 0.05), Latin American origin (B = 0.41, p < 0.001), and higher levels of behavioural
(B = 0.03, p < 0.01), cognitive (B = 0.06, p < 0.001), and emotional engagement (B = 0.17,
p < 0.001). Learner satisfaction was negatively linked to age less than 25 years (B = −0.27,
p < 0.01), age between 25 and 34 (B = −0.18, p < 0.05), Arabic origin (B = −0.25, p < 0.05),
and participating in a MOOC because the MOOC was free (B = −0.43, p < 0.01). A number
of control variables were still significant in Model 3, indicating that they captured variance
in learner satisfaction beyond that explained by learner engagement. The final model also
showed that gender, prior MOOC experience, and social engagement had no influence on
learner satisfaction.

After controlling for the variances explicable by demographics and MOOC-related
background factors, the results of Model 3 demonstrated that behavioural, cognitive, and
emotional engagement were significant predictors of satisfaction but not social engage-
ment. The three engagement dimensions explained about 20% of the variance in learner
satisfaction. Emotional engagement (B = 0.17, p < 0.001) was a better predictor of learner
satisfaction than cognitive engagement (B = 0.06, p < 0.001) or behavioural engagement
(B = 0.03, p < 0.01).

5. Discussion

This study revealed that engagement positively influenced learners’ satisfaction with
MOOCs. This result is generally consistent with the engagement–satisfaction relation-
ship reported in online [60] and technology-enhanced learning environments [61]. In
addition, this study added to the existing body of knowledge that the strength of the
engagement−satisfaction relationship differs across four engagement dimensions. The
analysis showed that emotional engagement had the greatest impact on learner satisfaction,
followed by cognitive and behavioural engagement. A meta-analysis investigating the
engagement–achievement relationship suggested the reverse—behavioural engagement
was the strongest predictor of academic performance, followed by cognitive engagement,
with emotional engagement being the weakest predictor [50]. It may not be appropriate
to make a direct comparison between Lei et al.’s [50] study and this research, because Lei,
Cui and Zhou [50] selected achievement as the outcome variable and did not report the
context of the meta-analysis. Future research should find out if the different results are
attributable to the use of different outcome indicators (e.g., satisfaction, achievement) or
different teaching contexts (e.g., face-to-face, technology-enabled).

The analysis demonstrated that emotional engagement played a more prominent
role than other engagement domains in predicting learner satisfaction with MOOCs. This
finding is consistent with Kucuk and Richardson’s [62] research showing that emotional
engagement is one of the most important determining factors of student satisfaction in
credit-bearing online courses. This study provides concrete evidence that maintaining
learners’ emotional engagement is likely to contribute to a positive learning experience,
and emotional engagement should be constantly monitored in the MOOC teaching and
learning process. Up to now, few attempts have been made to investigate the antecedents
of emotional engagement in MOOCs. Pireva, et al. [63] compared learners’ emotional
engagement when performing academic tasks on two MOOC platforms. Their study
only reported the descriptive statistics and was based on a small sample size (n = 11).
Beirne, et al. [64] found that quizzes evoked more positive emotions than other learning
tasks; however, they did not report if the difference was statistically significant. In the
future, correlational and experimental research should be conducted to explore how design
factors affect emotional engagement and how MOOC teaching and learning spaces can be
(re)configured to promote emotional engagement.
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Assessing emotional engagement can be more difficult than measuring other engage-
ment types because emotional engagement is less observable and cannot be easily inferred
based on the analysis of log files [13]. Emotions in MOOCs are often captured through
quantitative self-report measures [27] and qualitative grounded theory approaches [41].
These methods are useful in describing discrete emotional states. However, learners’ emo-
tions do not stay the same over the course of a MOOC; rather, they fluctuate at different
points in time depending on the course content [65]. The fluctuation of emotions is often
ignored in technology-enhanced learning research [66]. An important research direction
is evaluating the feasibility of employing ubiquitous technologies, such as smartphones
and web cameras, to measure learners’ photoplethysmography (PPG) signals and facial
expressions [67] in a nonintrusive way, thereby supplementing self-reported, clickstream,
and forum textual data to enhance emotional engagement. Another promising line of
research is applying the techniques of natural learning processing and evaluating the
feasibility of adopting a virtual assistant to capture emotional engagement throughout a
MOOC [68]. The continuous emotional data can be used to provide just-in-time assistance
to at-risk and disengaged learners.

Behavioural engagement is often associated with desirable learning outcomes in
MOOCs, such as better academic performance and higher completion rates [7]. This study
added to the existing literature that behavioural engagement is also linked to learner
satisfaction with MOOCs. Recently, a number of empirical studies have explored the
antecedents of behavioural engagement. For example, Sanz-Martínez, et al. [69] discovered
that the application of homogeneous engagement criteria to group formation predicted
a higher rate of task submission. Ortega-Arranz et al. [70] found that reward-based
gamification strategies had no significant impact on behavioural engagement measured
through the number of page views, task submissions, and time spent on tasks. However, it
is unknown if the same strategies promote other types of engagement, such as emotional
engagement. The researchers recommend that MOOC scholars operationalise learner
engagement as a multidimensional construct and identify pedagogical elements that lead to
improvement not just in behavioural engagement, but also in other types of engagement. A
promising line of research is to adopt methodological triangulation and combine self-report
measures and log files to triangulate findings, thereby enabling a richer and more objective
insight into learner engagement in MOOCs and its relationship with other important
teaching and learning variables.

This study identified a positive relationship between cognitive engagement and
learner satisfaction with MOOCs. Cognitive engagement is not to be confused with a
cognitive load. Higher levels of cognitive engagement are often positively associated with
learning outcomes [50], whereas heavy cognitive loads are negatively correlated with de-
sirable outcomes [71]. In the MOOC literature, cognitive engagement is an underexplored
research area compared to other engagement domains [27]. The broader education litera-
ture has shown that learners tend to be less satisfied when a course is either too difficult or
too easy and more satisfied when a course is ‘appropriately challenging’ [16]. Identifying
the ‘sweet spot’ or ‘just right’ is a big challenge in MOOCs because of the diversity of
user profiles [72,73]. An important research direction is to explore instructional design
elements that enhance cognitive engagement without imposing excessive cognitive load
on MOOC participants.

This analysis also revealed that social engagement was not predictive of learner
satisfaction with MOOCs. This finding is consistent with recent research showing that
interaction quality had no effect on MOOC satisfaction [9]. However, the nonsignificant
result does not imply that social engagement plays a trivial role in the MOOC teaching
and learning process. On the contrary, social engagement in MOOCs was found to be
predictive of several other desirable outcomes [74]. Empirical research has shown that
MOOC learners benefit from social engagement not only socially, but also cognitively [42].
There could be several possible explanations of why social engagement is not predictive
of learner satisfaction. It is possible that MOOC learners do not expect the quality of
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social engagement to be exceptionally high as MOOCs are provided to the public for
free. An alternative explanation is that MOOC learners may not expect instructors to
frequently avail themselves to a massive number of participants [9]. For these reasons,
people may have given less priority to the quality of social engagement when evaluating
the performance of MOOCs.

It is also possible that the current affordances of MOOCs constrain learners from
socially engaging with peers, instructors, and the broader social community, thereby sup-
pressing the effects of social engagement. Deng, Benckendorff, and Gannaway [27], for
example, observed that social engagement in MOOCs was less complex than social en-
gagement in credit-bearing university courses, and MOOC participants did not distinguish
learner–learner interactions from learner–instructor interactions. In contrast, university
students differentiated between social engagement with peers and instructors [75]. Rather
than concluding that social engagement is truly independent of satisfaction, the researchers
maintain that it is more appropriate to emphasise the potential of social engagement in
determining learner satisfaction with MOOCs. Future research could further examine the
effects of social engagement on learner satisfaction in MOOC teaching and learning envi-
ronments where social engagement opportunities are bolstered by innovative instructional
designs and educational technologies.

This study revealed that age, education level, origin, and motivation account for
approximately 6% of the variance in learner satisfaction with MOOCs. The results partially
confirmed the previous findings of the higher education literature that gender was not
related to satisfaction and study motivations were linked to satisfaction [16]. However, the
findings of this study contradicted the previous findings indicating that age and education
level are independent of course satisfaction [16]. These differences can most likely be
explained by the greater variation in age and education level in MOOCs, reinforcing
the researchers’ view that MOOC learners should not be treated the same as university
students. Age, education level, origin, and motivation are individual characteristics and
are not an accurate reflection of the quality of a MOOC. It is important that researchers and
practitioners control for these factors when evaluating MOOC performance or investigating
the engagement–outcome relationship. Some feasible methods are statistically adjusting
satisfaction levels for learner characteristics or making learners aware of their potential
biases when evaluating a course [76].

There are some potential limitations of this study and associated considerations for
future research. First, this study adopted a convenience sampling approach. Although
the demographic composition in this study was similar to the pattern reported in recent
MOOC research [22], the participants in this study may not be representative of all MOOC
learners. The researchers recommend opportunities for investigating this topic using other
sampling methods, such as stratified random sampling. Second, this study defined and op-
erationalised learner satisfaction as a product of the MOOC learning experience. Although
it is a convention in MOOC research to treat satisfaction as an outcome indicator [9], it may
also be reasonable to define and operationalise learner satisfaction as a process indicator. A
promising avenue for future research is to understand how learner satisfaction changes
during the study process and the effects of instructional design on changes in satisfaction.
Third, this study requested learners to recall the most recent MOOC they had studied in
the previous 12 months and complete the survey with that MOOC in mind. Although the
survey items were easy to understand, the respondents may not have been able to recall
every detail about the MOOC. Future research could overcome this potential limitation by
recruiting respondents who had studied a MOOC in the previous six months or by asking
learners to report their levels of engagement during the course of a MOOC.

6. Conclusions

The purpose of this study was to explore the influence of engagement on learner
satisfaction with MOOCs. This objective was achieved by conceptualising and opera-
tionalising learner engagement as a multidimensional construct (behavioural, cognitive,
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emotional, social), controlling for learners’ demographics (age, gender, education level, ori-
gin) and MOOC-related background factors (motivation, prior experience), and regressing
learner satisfaction on four discrete engagement dimensions. The results indicated that
behavioural, cognitive, and emotional engagement reliably predicted learner satisfaction
with MOOCs, accounting for 20% of the variance. However, learner satisfaction was not
determined by the level of social engagement. In addition, demographic characteristics
and MOOC-related background factors were of limited utility in predicting learner sat-
isfaction with MOOCs, accounting for 4% and 2% of variance, respectively. This study
demonstrates that learner engagement provides a unique perspective on learner satisfac-
tion and its contributing factors. Future research could adopt a different theoretical model
or research framework, such as Venkatesh et al.’s [77] unified theory of acceptance and use
of technology and Moore’s [78] theory of transactional distance, to identify the key factors
determining learner satisfaction with MOOCs.

This study made three important theoretical contributions to the body of knowl-
edge. First, this study conceptualised learner engagement as a multidimensional con-
struct comprising four domains when exploring the relationship between engagement
and satisfaction. Past research attempting to establish such a relationship often adopted
a unidimensional approach and overlooked the fact that engaged learners manifest their
engagement in different ways. This study showed that not all engagement domains are
linked to satisfaction with MOOCs, thereby contributing to a more nuanced understanding
of the engagement–satisfaction nexus. Second, this study demonstrated that engagement
explained approximately 20% of the variance in learner satisfaction with MOOCs after
controlling for learners’ demographic characteristics and MOOC-related background fac-
tors. The final model predicted the change in the outcome variable significantly better
than Models 1 and 2, indicating that engagement played a significant role in determining
learner satisfaction. Third, this study revealed that emotional engagement was the most
important determining factor of learner satisfaction with MOOCs, followed by cognitive
and behavioural engagement. The findings highlight the necessity of maintaining emo-
tional engagement in MOOCs and investigating the antecedents of behavioural, cognitive,
and emotional engagement.

The results have practical implications for educators, MOOC designers, and higher
education leaders and policymakers. First, this study showed that age, education level,
origin, and motivation exert an influence (albeit small) on learner satisfaction with MOOCs.
These influencing factors are irrelevant to the criteria of good teaching and are often beyond
the control of MOOC practitioners. Failure to control for these factors may misrepresent the
effectiveness of a MOOC. The findings should not dissuade practitioners from measuring
learner satisfaction with MOOCs; rather, they emphasise the necessity of considering per-
sonal characteristics when evaluating the performance of any MOOC. MOOC instructors
should statistically adjust for age, education level, origin, and motivation when interpreting
learner satisfaction results and/or making learners aware of their bias when evaluating the
MOOC performance.

Second, the study revealed that emotional engagement contributed to learner satisfac-
tion more than any other engagement dimension. If a MOOC is developed to showcase
the teaching talent of a university and attract potential learners for further on-campus
study [79,80], learner satisfaction could be a more important outcome indicator for the host
institution to monitor than traditional measures such as academic performance. To ensure
favourable perceptions of MOOCs, instructors should configure the MOOC teaching and
learning environment in a way that bolsters emotional engagement, such as designing the
course content, materials, and video lectures so as to generate interest. Instructors should
also constantly monitor the level of emotional engagement in a learner cohort and imple-
ment educational interventions to provide just-in-time support for emotional disengagers.
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