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Although massive open online courses (MOOCs) increase the number of
choices in higher education and enhance learning, their low completion rate
remains problematic. Previous studies have shown that learning engagement
is a crucial factor influencing learning success and learner retention. However,
few literature reviews on learning engagement in MOOCs have been
conducted, and specific data analysis methods are lacking. Moreover, the
internal and external factors that affect learning engagement have not
been fully elucidated. Therefore, this systematic literature review summarized
articles pertaining to learning engagement in MOOCs published from 2015
to 2022. Thirty articles met the inclusion and quality assurance criteria. We
found that (1) learning engagement can be measured through analysis of
log, text, image, interview, and survey data; (2) measures that have been
used to analyze learning engagement include self-report (e.g., the Online
Learning Engagement Scale, Online Student Engagement Questionnaire,
and MOOC Engagement Scale) and automatic analysis methods [e.g.,
convolutional neural network (CNN), bidirectional encoder representations
from transformers-CNN, K-means clustering, and semantic network analysis];
and (3) factors affecting learning engagement can be classified as internal
(learning satisfaction, etc.) or external (curriculum design, etc.). Future
research should obtain more diverse, multimodal data pertaining to social
engagement. Second, researchers should employ automatic analysis methods
to improve measurement accuracy. Finally, course instructors should provide
technical support (“scaffolding”) for self-regulated learning to enhance student
engagement with MOOCs.

KEYWORDS

learning engagement, MOOCs, measurement methods, analysis methods, influencing
factors

Introduction

Massive open online courses (MOOCs) provide online learning opportunities for
learners worldwide (Gallego-Romero et al., 2020), allowing them to learn anytime and
anywhere (Shen et al., 2021). In addition to the high flexibility of learning whenever and
wherever, MOOC:s also enable the sharing and open access of high-quality, top university
course resources (Atiaja and Proenza, 2016), which promotes educational equity.
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During the coronavirus 2019 (COVID-19) pandemic,
MOOCs provided higher education options and enhanced
learning outcomes (Alamri, 2022), making it become an
important means of education and training. However, the
completion rate of MOOCs remains low (Reich and Ruipérez-
Valiente, 2019; Kizilcec et al., 2020).

Bolliger et al. (2010) suggested that the low completion
rates of MOOCs may be attributable to a lack of face-to-face
interaction with others, leading to isolation and, potentially,
failure to complete the course. Meanwhile, the cognitive effort
and participation of students are crucial for MOOCs learning,
for instance, the number of students’ videos watched and posts
are closely related to their MOOCs completion rate (Pursel
et al., 2016). Compared with traditional learning, self-paced
learning requires higher learning engagement such as a deeper
understanding of knowledge and lasting positive emotion to
achieve good results (Chaw and Tang, 2019). Such learning
is characterized by the maintenance of attention, interest,
passion, interactions, participation, and self-control during the
learning process (Fisher et al., 2018), and relates to psychological
engagement (Krause and Coates, 2008; Sun and Rueda, 2011).
Previous studies showed that higher learning engagement is
often associated with higher MOOC completion rates (Hone and
El Said, 2016) and better academic achievement (De Barba et al.,
2016). Assessing the learning engagement of students enrolled in
MOOC:s helps educators monitor the learning process, and can
guide course instructors (Fisher et al., 2018); in this manner, the
high dropout rate of MOOCs could be reduced.

Although learning engagement in MOOCs has received
extensive attention from researchers, few reviews have focused
on quantifying students’ learning engagement, and an academic
consensus has not been reached on the data of four sub-
dimensions of learning engagement (Deng et al., 2019), nor on
the optimal data collection (Khalil and Ebner, 2016; Chaw and
Tang, 2019) and measurement methods (Atapattu et al., 2019;
Zhou and Ye, 2020). Clarifying the data of four sub-dimensions
of learning engagement in MOOCs is essential to effectively
measure students’ engagement in MOOCs, which provides a
basis for instructors’ perception of students’ learning state.
Research on analysis methods for learning engagement data may
help us understand how to better monitor the engagement of
students enrolled in MOOCs, and future researchers can also
learn from it to select appropriate analysis methods. Finally,
studies have mainly focused on internal factors that affect
learning engagement (Veletsianos et al., 2015; Barak et al,
2016), although external factors also play a crucial role in
learning engagement (Khalil and Ebner, 2016). Compared with
internal factors, external factors are easier to improve, which
can be an effective way for instructors to promote students’
learning engagement.

This systematic literature review aimed to identify the
various types of data and analysis methods associated with
learning engagement, and to clarify the external and internal
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factors affecting learning engagement in MOOCs. The specific
goals were to provide a reference for future research aiming to
measure and analyze students’ learning engagement in MOOCs.

Related works
MOQOCs

MOOCs
facilitating peer interaction and knowledge-sharing (Kop, 2011).

are open-access online learning platforms
In recent years, especially after the outbreak of COVID-19,
MOOCs have become more popular worldwide (Liu et al,
2021). Many researchers believe that MOOCs are important for
educating more people (Luik and Lepp, 2021). Moreover, they
transcend geographic and social boundaries, granting access to
educational resources to people all over the world (Hone and
El Said, 2016). Compared with traditional classroom teaching,
MOOC:s have distinct advantages including “any-time” learning
and the potential to enroll diverse groups of international
learners (Lazarus and Suryasen, 2022).

However, MOOC: also have some limitations. For example,
students may feel lonely when studying alone for protracted
periods. Moreover, because of the minimal feedback provided
during the MOOC learning process (Li and Moore, 2018) and
the low quality of some MOOCs (Hone and El Said, 2016), high
dropout rates and poor academic performance are becoming
increasingly problematic. Jordan (2014) reported a completion
rate for MOOC:s of only 6.5%. To solve these problems, many
researchers have performed studies, some of which found that
learning engagement can have a positive impact on students’
learning behavior and outcomes (Deng et al., 2020b). Students
with high learning engagement, especially behavior engagement,
tend to view more course resources, complete more assignments
or quizzes (De Barba et al., 2016; Tseng et al., 2016), and interact
with peers and inductors frequently. Therefore, they are more
likely to complete a course and achieve better grades (Deng et al.,
2020b).

Learning engagement in MOOCs

Learning engagement of students enrolled in MOOCs is
essential to minimize dropout rates (Bezerra and Silva, 2017).
Learning engagement is widely characterized in terms of the
behavioral, cognitive, emotional, and social connections that
MOOC participants make with the course content, instructor,
and other learners (Deng et al, 2020a). Although some
studies have classified learning engagement into behavioral,
cognitive, and emotional engagement, this study argues that it
is better to quantify learning engagement using a four-category
approach that uses behavioral, cognitive, emotional, and social
engagement. Because a MOOC is more like a diverse community
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than a traditional course, in which many learners engage in
learning activities through interactions with course content,
peers, or instructors, additional attention needs to be paid to
learners’ social engagement. Specifically, behavioral engagement
refers to students’ degree of involvement in educational activities
(Jimerson et al., 2003), reflected in paying attention, asking
questions, and participating in discussions during MOOCs
(Jung and Lee, 2018). Behaviorally engaged individuals tend
to comply with course requirements (Bingham and Okagaki,
2012), such as watching videos, completing assignments on
time, and participating in extracurricular activities. Cognitive
engagement refers to psychological investment in learning and
relates to the use of self-directed strategies to improve one’s
understanding (Fredricks et al., 2004). Cognitive engagement is
reflected in learners’ efforts to acquire complex information or
skills during the MOOC learning process (Jung and Lee, 2018).
Emotional engagement refers to students attitudes, interests,
and values (Fredricks et al., 2004), and is reflected in the forging
of emotional connections with institutions, instructors, peers,
and the course content itself (Jimerson et al., 2003; Jung and
Lee, 2018). Social engagement is reflected in student-student
and student-teacher interactions; it is sometimes considered a
subcategory of behavioral engagement, given that engagement
may be viewed as a type of behavior. In many studies, however,
social engagement is considered a fundamental component
of students’ perceptions and is measured separately from
behavioral, cognitive, and emotional engagement (Deng et al.,
2020a). A recent review of 102 empirical studies showed that
engagement is among the major topics in the MOOC literature
(Deng et al., 2019).

Some studies have measured learning engagement in the
context of MOOCs and suggested indicators to quantify the
level thereof. Among the current MOOC learning engagement
measurement methods, the self-report method is the most
common. Many studies have used scales to quantify student
engagement. For example, Deng et al. (2020a) used the MOOC
Engagement Scale (MES) to measure students’ behavioral,
cognitive, emotional, and social engagement. Since MOOCs
can provide rich data (log data, text data, etc.), there
is an opportunity to quantify learning engagement. Many
works used log files as their primary data source to explore
engagement in MOOCs (Bonafini et al, 2017). Text data
(i.e., discussion forum posts made by students) have been
analyzed to measure learning engagement (Liu et al, 2022).
With the development of multimedia technology, more
data sources allowing for the measurement of learning
engagement have become available, such as image data
obtained during MOOCs. One study used facial analysis
technology and machine learning algorithms to automatically
measure student engagement (Batra et al, 2022). However,
the advantages and characteristics of various algorithms for
measuring and analyzing learning engagement have not been
systematically reviewed.
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Learning engagement in the context of MOOC:s has received
extensive attention, with many researchers reviewing the factors
that affect it. Paton et al. (2018) found that well-designed
assessment tasks, learner collaborations, and certification
enhance learners’ engagement and retention. However, almost
all of the factors considered were external factors; internal factors
such as self-regulation ability and prior knowledge were not
analyzed. Meanwhile, Alemayehu and Chen (2021) explored
the factors promoting and hindering learners’ engagement from
the perspectives of both instructors and students, but ignored
the impact of external factors such as technical support. The
influence of external factors on learning engagement should not
be ignored because such factors can be modified to improve
learning outcomes (Gallego-Romero et al., 2020).

To address the gaps in past research, this study investigated
learning engagement data types and analysis methods, as
well as the factors that promote engagement in MOOCs,
by reviewing 30 empirical studies on learner engagement
in MOOCs published between 2015 and 2022. The research
questions were as follows:

RQl: What data are analyzed to measure learning
engagement in MOOCs?

RQ2: What analysis methods are used to quantify learning
engagement in MOOCs?

RQ3: What factors influence learning engagement
in MOOCs?

Materials and methods

To answer the above questions, a systematic review was
conducted using a replicable search strategy. The Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
2020 (PRISMA 2020) statement guided this study (Page et al.,
2021a,b). The PRISMA 2020 statement comprises:

e A 27-item checklist address the introduction, methods,

results, and discussion sections of a systematic review
report. This study strictly follows the above contents.

TABLE 1 Keyword combinations used in database searches.

Student engagement AND MOOC

Learning engagement AND MOOC

Behavioral AND engagement AND MOOC

Emotional AND engagement AND MOOC

Cognitive AND engagement AND MOOC

Social AND engagement AND MOOC

MOOC, massive open online course.
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Records included based on the inclusion criteria:

g Records identified through (a) Peer-reviewed journal articles

b database searching (b) Written in English

}% (n=539) (c) Records with full access

E (d) Available in full text

= (e) Published between 2015 and 2022

2

E Records screened Records excluded duplicates

2} (n=432) (n=107)

@

— Records excluded because:
(a)Not empirical research
(b)The article is less than three pages
" (c)No straightforward research questions, research methods,

> Full-text ax;xc.l;sl.assessed for and research conclusions

= ¢! 1g1 ity (d)The research object is lecturers rather than students

'ﬁ, (n=26) (e)Homonymous or irrelevant use of one of the search terms.

5 (0=406)

Manual inspection of reference lists
(n=4)

-2 Articles included in the

%‘ systematic review

g (n=30)

FIGURE 1
Article selection process.

o A flow diagram depicts the flow of information through the
different phases of a systematic review, it will be shown in
detail in Section Article selection.

Search strategy

Five databases were searched for relevant studies: EBSCO
ERIC, Elsevier ScienceDirect, Springer Link, Web of Science,
and Wiley Online Library. Six keyword combinations were
searched for in the title, keyword, and abstract fields, according
to the search criteria of each individual database (Table 1). The
last search was conducted on April 27, 2022.

Article selection

In total, 539 articles were retrieved from the five online
databases. Figure 1 illustrates the articles selection process, the
number of articles retained at each stage, and reasons for article
exclusion. Thirty articles that met the selection criteria were
included in the final analysis.
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FIGURE 2

Distribution of articles by year.

Data distribution

Figure 2 shows the distribution of the selected articles by
year. We hope to summarize the research on the measurement
and analysis of learning engagement in MOOCs in the past
10 years. But no articles published in 2013 and 2014 met
the selection criteria. Thus 2015 is the starting year for

article selection.
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TABLE 2 Overview of the studies of learning engagement and influencing factors included in our review.

Authors Years Measurement Data Learning engagement domains discussed Influencing
and analysis factors
methods discussed

Behavioral Emotional Cognitive Social

Xiong et al. 2015 Structural equation Log N - - - -
modeling

Sunar et al. 2016 Descriptive statistical Log - - - v v
analysis

Hew, K. F 2016 Descriptive statistical Text - - - - Vv
analysis

Walji et al. 2016 Descriptive statistical Log, text, - - - J -
analysis interview

Khalil et al. 2016 Nb-Clust package-based Log N - - - N
analyses

Bonafini et al. 2017 Descriptive statistical Log, text J - - - -
analysis

Lim et al. 2018 SNA Text N - - -

Liu et al. 2018 MLR, k-means, LSA Log N - N - J

Jung and Lee 2018 Self-report Survey J - - - -

Almutairi and 2018 Self-report Survey J Vv - - -

Su

Williams et al. 2018 x? test; multinomial Log, N - - - -
logistic regression survey

Chaw and 2019 Self-report Survey - - - - v

Tang

Atapattu et al. 2019 Doc2Vec + cosine Text - - N - -
similarity

Vayre and 2019 Self-report Survey - J - - -

Vonthron

Lan and Hew 2020 Self-report Survey 4 N N - J

Perez-Alvarez 2020 Descriptive statistical Log J - - - v

etal. analysis

Rincon-Flores 2020 Self-report Survey - 4 Vv Vv N

etal.

Gallego- 2020 Descriptive statistical Log J - - - v

Romero analysis

etal.

Deng et al. 2020a Self-report Survey J J J J -

Li and Zhan 2020 CNN (VGG-16) Log, J J Vv - -

image

Deng et al. 2020b Self-report Survey N N N N -

Chan et al. 2021 Self-report Survey N N N J J

Pérez- 2021 Descriptive statistical Log J - - - J

Sanagustin analysis

etal.

Deng 2021 MLR Survey Vv J v J -

Shen et al. 2021 CNN Image - J - - -

Kuo et al. 2021 Self-report Survey J Vv J - -

(Continued)
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TABLE 2 (Continued)

10.3389/feduc.2022.1074435

Authors Years = Measurement Learning engagement domains discussed Influencing
and analysis factors
methods discussed

Behavioral Emotional Cognitive Social

Wang et al. 2022 Self-report Survey - J - - J

Batra et al. 2022 SVM, DenseNet-121, Image - N - - -
ResNet-18, MobileNetV1

Liu et al. 2022 BERT-CNN Text - Vv J - v

Alamri et al. 2022 Self-report Survey N J v -

SNA, semantic network analysis; LSA, lag sequential analysis; MLR, multiple linear regression; CNN, convolutional neural network; SVM, support vector machine, BERT, bidirectional
encoder representations from transformers; Survey data refers to both scale data and non-scale questionnaire data.
*Refers to the type of data analyzed to measure learning engagement. We focus on self-report and automatic analysis; descriptive statistical analysis is not within the scope of this study,

and any follow-up research will not analyze such data.

Previous studies distinguished among behavioral, cognitive,
emotional, and social engagement (Deng et al., 2020a); Table 2
provides details of the articles reviewed herein. Several authors
explicitly indicated the dimensions of learning engagement
they discussed in their articles, which were directly followed
for this study. If the researchers did not indicate the
dimensions of learning engagement, the three reviewers divided
them independently according to the definitions of the four
dimensions (see Section Learning engagement in MOOCs).
When the three reviewers had different opinions, a final
agreement would be reached through negotiation.

Results

RQ1: What data are analyzed to measure
learning engagement in MOOCs?

Of the 30 articles analyzed in this review, only 28 measured
learning engagement and clearly delineated the measurement
methods: one study did not report the learning engagement
data types or analysis methods (Chaw and Tang, 2019), and
another measured learning engagement based on a literature
review (Hew, 2016). However, as both of those studies identified
factors that influence learning engagement in MOOCs through
empirical research, they were included in the final analysis
(Table 2).

Behavioral engagement

To measure behavioral engagement in MOOCs, the
reviewed studies mainly analyzed pre-class planning, course
learning, and after-class activities. Sample items are shown in
Table 3. In Tables 3-6, the sentences in the “Examples” column
which are enclosed in quotation marks represent actual text
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extracted from the studies in the “References” column, or express
similar meanings to those studies.

Emotional engagement

In some of the reviewed studies, the researchers stated that
assessing students’ overall attitudes toward in-class learning is
necessary, while others aimed to closely examine students’ views
on curriculum content (i.e., knowledge, tasks, and assignments).
Finally, some of the studies measured students’ emotional
experience during classes, rather than relying on self-report
measures obtained thereafter (Table 4).

Cognitive engagement

Repeated learning according to the course plan was a focus
of some of the studies measuring cognitive engagement. In
addition, efforts that go beyond the course plan were regarded
by some researchers as indicative of high-level cognitive
engagement (Table 5).

Social engagement

There are two critical points to consider in the measurement
of social engagement: the types of interactions that students
have with others in or after classes pertaining to the knowledge
acquired in MOOCs, and the associated emotional experience
(Table 6).

Figure 3 shows the number of items used to assess the
four dimensions of learning engagement. The total number of
items exceeds 28 because many studies involved more than
one of the various aspects of engagement (behavioral, cognitive,
emotional, and social). Moreover, there were significantly more
studies on behavioral, cognitive, and emotional engagement
than social engagement; we explain the reasons for this in the
Section Discussion.
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TABLE 3 Categories of behavioral engagement.

Categories Examples

Pre-class planning

“I set aside a regular time each week to work on my MOOC”

10.3389/feduc.2022.1074435

References

Deng et al. (2020a,b), Deng (2021)

“I make sure to study on a regular basis”

Almutairi and White (2018)

Course learning “I follow the progress of the online class”

Jung and Lee (2018), Kuo et al. (2021)

“I pay attention and listen carefully in class”

Almutairi and White (2018), Jung and Lee (2018), Lan|
and Hew (2020)

“I complete videos and exercises on time”

Kuo et al. (2021)

“I take notes while studying for my MOOC”

Deng et al. (2020a,b), Deng (2021)

“I participate in class discussions”

Lan and Hew (2020)

“I participate actively in small group discussions”

Almutairi and White (2018)

Number of videos viewed and reviewed, video completion rate

Xiong et al. (2015), Khalil and Ebner (2016), Bonafini
etal. (2017), Liu et al. (2018), Pérez-Sanagustin et al.
(2021)

and autonomous learning activities

Frequency of participation in tests, classroom interaction, after-school tasks,

Xiong et al. (2015), Khalil and Ebner (2016), Williams
et al. (2018), Gallego-Romero et al. (2020),
Pérez-Alvarez et al. (2020), Pérez-Sanagustin et al.
(2021)

Number of comments and posts made by students

Xiong et al. (2015), Khalil and Ebner (2016), Bonafini
etal. (2017), Lim et al. (2018)

After-class activities “I complete all homework assignments”

Almutairi and White (2018), Jung and Lee (2018)

“I check for mistakes in my work”

Kuo et al. (2021)

“I review my notes when preparing for MOOC assessments”

Almutairi and White (2018), Deng et al. (2020a,b),
Deng (2021)

MOOC, massive open online course.

RQ2: What analysis methods are used to
quantify learning engagement in
MOOCs?

There are two main methods for measuring and analyzing
learning engagement in MOOCs: self-report and automatic
analysis (Tables 7, 8, respectively).

Self-report

The most commonly used method for measuring learning
engagement in MOOC:s is self-report, and the most widely used
self-report scales are the Online Learning Engagement Scale
(OLE), Online Student Engagement Questionnaire (OSE), and
MOOC Engagement Scale (MES) (Table 9).

The strengths and limitations of the scales listed in Table 9
are presented in Table 10.

Automatic analysis

Automatic analysis of learning engagement involves
many algorithms, such as K-means clustering, lag sequential
analysis (LSA), semantic network analysis (SNA), support
vector machine (SVM), convolutional neural network (CNN),
bidirectional from transformers

encoder representations
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(BERT)-CNN, etc. These algorithms can be applied for feature
analysis, classification, calculation, and regression analysis of
learning engagement (Table 11).

Feature analysis of learning engagement

Feature analysis of learning engagement involves exploring
and analyzing the features of learning engagement, for
example via LSA, SNA, and K-means clustering algorithms.
Clustering allows us to understand the learning behavior of
learners exhibiting different levels of engagement. Liu et al.
(2018) applied K-means clustering to video recordings of
MOOC events to categorize students according to learning
engagement. To understand user engagement in MOOC:s, this
study employed LSA to identify the behavioral patterns of
students who passed and failed their MOOCs. Khalil and
Ebner (2016) used the Nb-Clust package to cluster university

»

students into four categories: “dropouts,” “perfect students,
“gaming the system,” and “social.” They then made different
recommendations for these various categories of students.
Lim et al. (2018) measured associations between MOOC
transcription and forum text data, and conducted a correlation
analysis between the semantic network metrics and student
performance to determine the impact of student engagement on

course performance.
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TABLE 4 Categories of emotional engagement.

Categories Examples

Overall attitude “I like taking online classes”

10.3389/feduc.2022.1074435

References

Jung and Lee (2018), Deng et al. (2020a,b), Deng
(2021), Kuo et al. (2021)

“I find ways to make the course interesting”

Almutairi and White (2018)

“When we are working on something in class, I feel interested”

Lan and Hew (2020)

“I am enthusiastic about my studies”

Wang et al. (2022)

“I have a strong desire to learn”

Almutairi and White (2018), Lan and Hew (2020),
Wang et al. (2022)

“My studies have meaning and purpose”

Wang et al. (2022)

“Competing to win a trophy was exciting”

Rincon-Flores et al. (2020)

Views on curriculum
content

“I am finding ways to make the course material relevant to my life”

Almutairi and White (2018)

“I am interested in the online class assignments”

Jung and Lee (2018), Kuo et al. (2021)

“The MOOC inspired me to expand my knowledge”

Deng et al. (2020a,b), Deng (2021)

class”

“I talk with people outside of school about what I am learning in the online

Kuo et al. (2021)

“I think about the course between classes”

Almutairi and White (2018)

Direct measures of
emotional experience

Students’ facial expressions in class

Li and Zhan (2020), Shen et al. (2021), Batra et al.
(2022)

Text published online by students pertaining to the course

Liu et al. (2022)

change video

Liu et al. (2018)

MOOC, massive open online course.

Classification of learning engagement

Classification of learning engagement can be used to
measure learners’ engagement. This method usually divides
learning engagement into several categories. For example, Shen
et al. (2021) proposed a new facial expression recognition
method based on a CNN using domain adaptation; their
network can recognize the four most common facial expressions
(understanding, neutral, disgust, and doubt). Then, they applied
a formula to classify students according to learning engagement
(high, moderate, or low). Their results showed the effectiveness
of the proposed method for assessing learning engagement in
real time, indicating that it could also be suitable for MOOCs.
Batra et al. (2022) suggested that screenshots of videos can
shed light on student engagement. They used the WACV
dataset, which divides students into three categories: disengaged,
partially engaged, and engaged. They used CNN and SVM
methods, among others; deep learning algorithms including
a densely connected convolutional network (DenseNet-121),
residual network (ResNet-18), and MobileNetV1 were used
for training the models and enhancing accuracy, with final
classification accuracies of 78, 80, and 66%, respectively.

Quantification of learning engagement
Some researchers process data using algorithms that output
specific values. This allows for more direct and objective
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quantification of learning engagement. For example, Liu et al.
(2022) constructed a BERT-CNN model to process learners’
forum text data; the model output scores for cognitive
and emotional engagement. The results showed that the
BERT-CNN outperformed other base models, and would
be well-suited for processing MOOC text data. Atapattu
et al. (2019) used a neural word-embedding (Doc2Vec)
language model and cosine similarity to measure learners
cognitive engagement in MOOCs based on a dataset of
online community posts and course materials. The results
demonstrated that cognitive engagement was influenced by
the nature of the MOOC task. Finally, Li and Zhan (2020)
proposed a convolution neural network model (VGG-16)
to analyze learning engagement using infrared images and
log data. Strong agreement between the model results and
a traditional online scale of student engagement was seen.
However, their method requires temporal contiguity between
the two data types.

Regression analysis of learning engagement

To explore the relationship between learning engagement
and other factors, some studies conducted a regression
analysis, which can be used to examine the relationship
between dependent and independent variables. Liu et al.
(2018) and Williams et al. (2018) both used multiple
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TABLE 5 Categories of cognitive engagement.

‘Categories Examples

Study according to the
course plan

Record of mouse operations

10.3389/feduc.2022.1074435

References

Li and Zhan (2020)

Use of the progress bar

Liu et al. (2018)

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

Jung and Lee (2018), Deng et al.

continue to work for a while longer”

me (2020a,b), Deng (2021), Kuo et al.
(2021)

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

If there was a video lecture that I did not understand at first, I watched it again to make sure I

understood the content”

“I put in a lot of effort, and was so involved that I forgot everything around me, I wish we could Lan and Hew (2020)

Make efforts that go
beyond the course plan

“I learn the online course material even when there are no quizzes that week”

Jung and Lee (2018), Kuo et al.
(2021)

“If I do not understand a concept encountered during the online class, I take action to address this”

Kuo et al. (2021)

“I'look for course-related information in videos, new articles, etc.”

Jung and Lee (2018), Kuo et al.
(2021)

Repeats or interprets concepts and ideas, expresses new ideas, asks peers original questions,

Atapattu et al. (2019), Liu et al.

comments on the ideas of others, expresses new ideas based on those of peers (2022)
MOOC, massive open online course.
TABLE 6 Categories of social engagement.
Categories Examples References

Types of interactions with
others

“I often responded to other learners” question

Deng et al. (2020a,b), Deng (2021)

I contributed regularly to course discussions”

I shared learning materials with other classmates enrolled in the MOOC”

Posting a comment online, replying to a comment, likes received

Sunar et al. (2016)

course setting), peer learning

Interaction in the presence of the teacher, social learning (engaging with others outside the

Walji et al. (2016)

Emotional experience of
interactions

“Seeing the leaderboard motivated me to solve the gamified task

Rincén-Flores et al. (2020)

exercises of this kind”

“Seeing my results and those of classmates on the leaderboard motivated me to solve more

“I would have liked to have solved the gamified task with the help of another classmate”

I would have liked my colleagues to read my alternative proposal to solve the gamified task”

MOOC, massive open online course.

regression analysis to determine whether students’ learning
engagement is affected by discipline, sex, education level,
age, and learner goals. Both studies found that discipline
and age predicted engagement. Meanwhile, Deng (2021)
applied multiple linear regression (MLR) analysis to
explore the relationship between learner satisfaction with
MOOCs and learning engagement based on data such as
video view counts and the number and content of online
posts. Behavioral, cognitive, and emotional engagement,
but not social engagement, were significant predictors

of satisfaction.
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RQ3: What factors influence learning
engagement in MOOCs?

Aiming to enhance learners learning engagement in
MOOCs, it is also crucial to explore the factors that
influence learning engagement. By analyzing existing research,
we identified internal and external factors affecting learning
engagement (Table 13). Internal factors refer to the innate
attributes of learners, these attributes are usually stable, and
some of them will alter under the influence of external
conditions, such as learners’ emotions, attitudes, knowledge
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Themes Characteristic
BE Pre-class Course After-class
planning(4) learning(19) activities(6)
EE Overall Views on curriculum Di"“e‘z;‘iz::‘:“b'e
attitude(12) content(7) experience(4)
CE Study according to Make efforts beyond
the course plan(10) the course plan(6)
SE Act of interacting ~ * * Emotional experience of
with others(6) | interaction(1)
FIGURE 3
Numbers of items used to measure aspects of learning engagement in massive open online courses.

levels, and cognitive abilities. While external factors refer to
the elements of the course that are not related to the attributes
of the learners themselves, such as design, challenges, use of
technology, etc.

Internal factors

After reviewing the literature, we identified five internal
factors: (1) learning satisfaction, (2) perceived competence,
autonomy, and sense of relevance (self-determination theory;
SDT), (3) academic motivation and emotions, (4) academic
achievement and prior knowledge, and (5) self-regulated
learning (SRL).

Learning satisfaction

Chan etal. (2021) found that improving learning satisfaction
was key to enhancing students” learning engagement in specific
online learning courses. MOOC learning satisfaction is also
affected by interactive and discussion-based activities, via the
effects of such activities on learning engagement. For example,
Dixson (2015) found that interactions and conversations with
peers can help students fill gaps in their knowledge, promote
satisfaction, and encourage greater participation in MOOCs.

Perceived competence, autonomy, and sense of
relevance (SDT)

Lan and Hew (2020) found that all components of the
SDT model had significant effects on behavioral, emotional,
and cognitive engagement. Perceived ability had the most
significant positive impact on all types of engagement, followed
by perceived autonomy.

Academic motivation and emotion

Chaw and Tang (2019) revealed that negative and positive
motivation promoted passive and active engagement in learners,
respectively. In addition, Liu et al. (2022) found that both
positive and “confusing” emotions correlated with higher

Frontiersin Education

10

TABLE 7 Self-report measures of learning engagement in massive
open online courses.

Data type Tools (scales)

Survey[1] ‘ Online learning engagement scale (OLE)

‘ Online student engagement questionnaire (OSE)

‘ MOOC engagement scale (MES)

levels of cognitive engagement; the opposite was seen for
negative emotions.

In summary, each algorithm has its strengths and limitations
(see Table 12), which should be used in specific contexts
according to data type and purpose.

Academic achievement and prior knowledge

In addition to learning engagement, some studies used
students’ academic performance as an independent variable
when exploring MOOC performance and engagement. For
example, Pérez-Sanagustin et al. (2021) found that students with
moderate grade point averages (GPAs) were more engaged with
course curricula than those with relatively low or high GPAs.

Self-regulated learning

Some studies have shown that SRL directly impacts
learners’ activities in the context of MOOCs. For example,
Pérez-Sanagustin et al. (2021) found that compared with a
group without SRL scaffolding, a group with scaffolding was
significantly more engaged, and showed more accurate and
strategic learning. Pérez-Alvarez et al. (2020) found that learners’
final outcomes were positively correlated with the use of self-
reflection-based SRL strategies; such strategies allow learners to
be more engaged with the curriculum.

frontiersin.org


https://doi.org/10.3389/feduc.2022.1074435
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Wang et al.

10.3389/feduc.2022.1074435

TABLE 8 Automatic analysis measures of learning engagement in massive open online courses.

%pplication Algorithm Data type Collection tool ‘
Feature analysis K-means, LSA, SNA Log, text Online platform

Classification CNN, SVM, DenseNet-121, ResNet-18, MobileNetV1 Image Online platform camera
Calculation BERT-CNN, Doc2Vec + Cosine similarity CNN (VGG-16) Text log Online platform

Regression analysis MLR Log, survey Online platform, questionnaire

LSA, lag sequential analysis; SNA, semantic network analysis; CNN, convolutional neural network; SVM, support vector machine; BERT, bidirectional encoder representations from

transformers; MLR, multiple linear regression.

TABLE 9 Scales used to measure learning engagement in massive open online courses.

Scale Article information Scale characteristics Sample demographics
OLE Sun and 2012 212 15 3 BE, CE, EE 203 v Vi
Rueda
OSE Dixson 2015 17 19 4 SEL, EE, BE, 251 v J
PE
MES Deng 2020a 34 12 4 BE, CE, EE, 940 v v
etal. SE2

OLE, online learning engagement scale; OSE, online student engagement questionnaire; MES, MOOC engagement scale; VE, vigor engagement; DE, dedication engagement; AE, absorption
engagement; BE, behavioral engagement; CE, cognitive engagement; EE, emotional engagement; SE1, skills engagement; P/IE, participation/interaction engagement; PE, performance

engagement; SE2, social engagement; N/A, not available.

External factors

External factors refer to elements of the curriculum
such as design, challenges, use of technology, etc. We
identified four external factors: (1) interaction with teachers,
peers, and course content, (2) curricullum design and
structure, (3) challenges, certificates, medals, etc., and (4)

technical support.

Interaction with teachers, peers, and course content
Similar to the traditional classroom, interactions with

in MOOCs.

Tseng (2021) found that teacher notes enhanced students’

teachers and peers promote engagement
behavioral and cognitive engagement, while Wang et al.
(2022) demonstrated that learner-content and learner-learner
interactions predicted online learning engagement by enhancing

enjoyment and reducing boredom.

Curriculum design and organizational structure

Gallego-Romero et al. (2020) listed some interventions
that can improve learners’ engagement in the curriculum: (1)
providing step-by-step activities to simplify the learning process;
(2) promoting a “growth” mindset among learners; (3) providing
questions to be discussed in online forums and encouraging
learners to contribute (Sunar et al., 2016); and (4) implementing
innovative learning activities that extend beyond the MOOC
itself (Hew, 2016).

Frontiersin Education

Challenges, certificates, and medals

Khalil and Ebner (2016) reported that the use of grades,
certificates, or badges encourages students to make progress
and achieve better learning outcomes. Meanwhile, Rincon-
Flores et al. (2020) found that the use of game-based challenges
constituted an innovative strategy to evaluate the effectiveness of
gamification as a teaching method for MOOCs.

Technical support (scaffolding)

Active learning in MOOCs can be promoted by the use
of external tools. For example, Gallego-Romero et al. (2020)
used the integrated development environment (IDE) to explore
the impact on learners’ engagement and behavior of third-
party web-based code integrated into three MOOCs on Java
programming: learners registered with the third-party “code
board” were more engaged, spent more time writing code, and
made more changes to the basic code.

Discussion

Addressing research questions

Measurement of learning engagement in
MOOCs

Behavioral engagement is often regarded as analogous
to learning engagement in studies measuring the latter
(Williams et al., 2018; Gallego-Romero et al., 2020; Pérez-
Sanagustin et al., 2021). Behavior is the most intuitive
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TABLE 10 Summary of the strengths and limitations of the various scales.

‘Scale Strengths

Online learning engagement scale (OLE)

Tailored to online courses

10.3389/feduc.2022.1074435

Limitations

Unequal item distribution

Ttems divided into three widely used categories

Online student engagement questionnaire
(OSE)

Tailored to online courses

Measurement dimensions different from
those typically used

Provision of specific evaluation criteria

MOOC engagement scale (MES) Tailored to MOOC

Relatively few items under each dimension

Comprehensive measurement dimensions

MOOC, massive open online course.

TABLE 11 Summary of applications of automatic analysis.

‘Application Algorithm Input

Feature analysis K-means

Behavioral log data

References

Output

Behavioral categories Khalil and Ebner (2016), Lim

etal. (2018), Liu et al. (2018)

LSA Behavioral pattern data

Behavioral categories

SNA MOOC transcripts and
discussion forum data

Semantic network metrics

Classification SVM Video screengrabs Disengaged, partially engaged, Shen et al. (2021), Batra et al
and engaged categories (2022)
CNN Video screengrabs, facial Disengaged, partially engaged,

expressions

and engaged categories high-,
middle-, and low-engagement
categories

Deep neural networks: DenseNet-121,
ResNet-18, MobileNetV1

Video screengrabs

Disengaged, partially engaged,
and engaged categories

variables

Calculation BERT-CNN Forum text Numeric data (0-1) Atapattu et al. (2019), Li and|
Zhan (2020), Liu et al. (2022
CNN(VGG-16) Infrared images, log data Numeric data (0-1)
Doc2Vec + cosine similarity Community posts and course Numeric data [—1
materials (“constructive”) to +1
(“active”)]
Regression analysis MLR Independent and dependent Regression coefficients Liu et al. (2018), Williams

et al. (2018), Deng (2021)

LSA, lag sequential analysis; SNA, semantic network analysis; SVM, support vector machine; CNN, convolutional neural network; MLR, multiple linear regression; BERT, bidirectional

encoder representations from transformers; MOOC, massive open online course.

measure of the degree of learner engagement, and data
thereon (such as the number of videos watched and exams
taken) are very easy to obtain. This may explain why
behavioral engagement is the most studied form of learning
engagement. Many studies divided learning engagement into
behavioral, emotional, and cognitive subtypes (Jung and
Lee, 2018; Liu et al, 2018; Lan and Hew, 2020), social
engagement is a less frequently used subtype of engagement.
Since plenty of researchers have directly followed this way
of defining the concept of learning engagement in their
research, social engagement is the least frequently measured
engagement dimension.

Frontiersin Education

Whether learning engagement only subsumes behavioral,
emotional, and cognitive engagement (Kuo et al, 2021), or
should also include social engagement (Deng et al., 2020a), is
debated. It has been suggested that peer learning should be
classified into behavioral (Almutairi and White, 2018), cognitive
(Liu et al, 2022), and social engagement subtypes (Walji
et al., 2016; Deng, 2021). Attempts have been made to refine
the concept of learning engagement by reference to specific
categories (Vayre and Vonthron, 2019).

Figure 3 shows the main types of learning engagement
identified in this literature review. Most researchers (Xiong
et al,, 2015; Khalil and Ebner, 2016; Lan and Hew, 2020)
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TABLE 12 Strengths and limitations of algorithms used to analyze learning engagement.

‘Algorithm Strengths Limitations ‘
K-means Can process large amounts of log data Cannot directly output values quantifying
learning engagement
Data do not need to be labeled in advance
LSA Can test for significant differences in learning patterns between different /
groups of learners
SNA Can explore “text-to-text” relationships /
MLR Can analyze the relationship between learning engagement and other /
variables
SVM Suitable for classification tasks Requirement to extract features

Applicable to both log and text data

Deep neural network:
CNN, DenseNet-121,
ResNet-18, MobileNetV1

learning and machine learning models

Widely used in image recognition tasks, more accurate than general deep

Low interpretability of output,
time-consuming

BERT-CNN Effectively captures multi-semantic information and keyword features of /
text data
Doc2Vec Captures semantics /

LSA, lag sequential analysis; SNA, semantic network analysis; MLR, multiple linear regression; SVM, support vector machine; CNN, convolutional neural network; BERT, bidirectional

encoder representations from transformers.

TABLE 13 Factors affecting learning engagement in massive open online courses.

Factors

Reference

Internal Learning satisfaction

Dixson (2015), Chan et al. (2021)

Perceived competence, autonomy and sense of relevance (SDT)

Lan and Hew (2020)

Academic motivation and emotions

Chaw and Tang (2019), Liu et al. (2022)

Academic achievement and prior knowledge

Pérez-Sanagustin et al. (2021)

Self-regulated learning

Pérez-Alvarez et al. (2020), Pérez-Sanagustin et al. (2021)

External

Interactions with teachers, peers and course content

Tseng (2021), Wang et al. (2022)

Curriculum design and organizational structure

Hew (2016), Sunar et al. (2016), Gallego-Romero et al. (2020)

Challenges, certificates and medals

Khalil and Ebner (2016), Rincon-Flores et al. (2020)

Technical support (“scaffolding”)

Gallego-Romero et al. (2020)

SDT, self-determination theory.

believe that measures of behavioral engagement should focus
on students’ behavior in the context of curriculum learning.
However, learning plans devised by students before class, and
efforts made to complete homework, notes, and after-class tests,
have gradually emerged as more important indices of behavioral
engagement (Deng et al., 2020a; Kuo et al., 2021). These findings
can serve as a reference for researchers aiming to accurately
quantify learning engagement (see Table 3).

Methods used for measuring and analyzing
learning engagement in MOOCs

Two methods are used to measure learning engagement.
Learning engagement in MOOC:s is still mainly quantified via

Frontiersin Education

self-reported methods. It is typically measured using scales
applied in traditional teaching; research has involved middle
school and college students. Furthermore, some scales were
not designed to address the widely recognized behavioral,
cognitive, emotional, and social subtypes of engagement, and
scales specifically focused on online learning or MOOCs have
not been widely applied.

The second way to measure learning engagement is
through automatic analysis. In terms of data, log, text,
and image data are needed for automatic analysis. Log
data can shed light on learning engagement if subjected
to clustering analysis. For text data, SNA, BERT-CNN,
Doc2Vec, and cosine similarity can be applied for data
processing and analysis. Furthermore, using text data to train
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BERT-CNN models, semantic features can be identified to
analyze learning engagement subtypes. Doc2Vec and cosine
similarity are used to calculate semantic similarity, and the
strength of correlations provides insight into the degree
of learning engagement. As for image data, we can get
information on students’ emotional engagement through image
emotion recognition.

In terms of algorithms applied, which can be divided
into machine learning methods or deep learning methods.
SVM is a typical machine learning classification algorithm
that needs to extract features. Using SVM, researchers can
analyze text, log or image data to acquire engagement
classification. In addition, K-means is an excellent algorithm
that can carry out cluster analysis on students learning
behavior to distinguish groups with different levels of
learning engagement, which is convenient for instructors
to carry out classified teaching later. Furthermore, CNN,
DenseNet-121, ResNet-18, and MobileNetV1 deep learning
algorithms have also been successfully applied to process
image data. These methods are fast and highly accurate,
but the interpretability of the output is low. In addition
to these algorithms, MLR allows for determining the
variables influencing learning engagement and the effect
of it on other variables, such as learning satisfaction and
academic achievement.

However, existing methods for analyzing learning
engagement have several limitations, as follows: (1) poor
ability to combine all types of data used for measuring and
analyzing learning engagement; (2) self-report and automatic
analysis methods are usually not applied in real-time; (3)
the granularity of learning engagement assessments has not
been optimized; and (4) primarily focused on behavioral and
emotional engagement, with less attention paid to cognitive
engagement. Further study needs to explore a comprehensive
approach to analyze and measure multimodal data (such as
text, log, image, and voice data) for a more precise evaluation
of learning engagement. And researchers can also attempt to
detect students’ learning engagement in real-time through log
data, video image data, etc., and give feedback to learners to help
them learn. Furthermore, further studies on measuring learning
engagement should go deeper. For example, researchers can
break down negative emotions into anxiety, tension, depression,
sadness, etc. In this way, emotional engagement can be precisely
analyzed. Finally, researchers should pay more attention to
mining students’ cognitive engagement from existing data.

Factors affecting learning engagement in
MOOCs

Factors affecting learning engagement in MOOCs can be
classified as internal or external, as stated above. Regarding
internal factors, this study demonstrated that students’ learning
satisfaction and motivation could affect learning engagement,
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consistent with Sahin and Shelley (2008); a high level of
satisfaction can motivate students to persist with their studies
and improves learning engagement. Learning satisfaction is
an important indicator that can influence students MOOCs
learning. When students are more satisfied with the structural
design, learning experience, and learning outcomes of the
course, they are more likely to be spontaneously engaged in
MOOCs learning. Also, we observed a correlation between
negative emotions and cognitive engagement, consistent with
Obergriesser and Stoeger (2020) reducing the former enhances
the latter to some extent. Negative emotions often affect
students’ learning status, and when they are depressed, it is
difficult for students to concentrate, let alone engage in high
levels of cognitive activity. Finally, SRL is a vital concept when
exploring the impact of curriculum design; this aligns with
Littlejohn et al. (2016), who showed that learners with higher
SRL proficiency tend to be more engaged in activities and
materials related to their needs or interests. This is because
learners with higher levels of SRL can often rationalize and
manage their learning time and effort, develop a learning
plan that suits their needs, and carry out learning activities
accordingly. In this way, they tend to be more engaged in the
course because they know exactly what they want to learn and
how to achieve it through their learning.

Regarding external factors, we found that learner feedback
and well-designed activities enhance engagement; this is
consistent with Choy and Quek (2016), who found that student
engagement depends on the discussions between lecturers and
students, as well as the learning environment and course
structure. On the one hand, a well-structured and logical
design of course activities can attract students to participate
in the course activities and make them receive a more
systematic knowledge construction process, thus increasing
their behavioral and cognitive engagement to a certain level;
on the other hand, interaction and feedback with peers and
instructors can allow students to view problems from different
perspectives and gain a sense of recognition and satisfaction
from interacting with others, thus increasing their social
and emotional engagement. In addition to the non-directive
incentives of well-designed activities and peer interaction, the
direct incentives of challenges, certificates (Radford et al,
2014), and technical support (Bond et al, 2020) can also
be a good way to enhance student engagement in courses.
First, appropriate challenges can stimulate learners’ interest in
learning and attract them to invest more effort in the course.
Second, learners need for course certificates also motivates
learners to engage in course activities. Finally, when learners
encounter challenges or difficulties, practical technical support
can serve as a valuable scaffolding to help learners apply
what they have learned in practice and thus increase their
learning engagement.

By reviewing the existing literature, we found that
most of the existing studies explore the factors affecting
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students’ learning engagement separately from both

internal and external perspectives. There are relatively

few studies that combine internal and external factors

to analyze how to enhance learning engagement. As
Bond et al. argue, the use of advanced technologies
of the 2Ist century alone does not guarantee the

desired learning outcomes (Bond et al, 2020), and it is
necessary to ensure students’ learning motivation and
initiative while improving the technical means of MOOC
platform development.

Pedagogical implications

This systematic literature review provides pedagogical
implications from two perspectives to assist MOOC designers
in designing and developing MOOCs activities and help
instructors monitor students’ learning process. From the
perspective of course design, MOOC designers should pay
more attention to students’ learning satisfaction. For example,
a link to a survey on learning satisfaction could be provided
after each class to obtain real-time data related to the
learning experience. This would enable instructors to promptly
focus on students with low learning satisfaction and solicit
suggestions for course improvement, thereby increasing student
engagement and thus helping them to improve their academic
performance. In addition, because it is challenging to change
student characteristics significantly, MOOC designers can
pay close attention to designing better instructional activities
for the course. For example, it is possible to improve
students’ behavior and social engagement by setting more
forum discussion tasks or using incentives such as medals,
rankings, and certificates; it is possible to enhance students’
emotional engagement by uploading vivid and interesting
micro-videos; it is possible to promote cognitive engagement
among students by assigning tasks such as note-taking
and quizzes.

From the perspective of learning processing, designers
and instructors can use algorithms to analyze students
learning engagement so that they can identify whether there
are some students out of good learning. For instance, (1)
they can classify different students of learning engagement
by k-means clustering to provide personalized instruction
to students better; (2) they can directly quantify students
learning engagement to find individuals with low learning
engagement (such as not completing course assignments,
not participating in forum discussions and not watching
course videos), giving supervision and warning; (3) they can
improve their course content and activities according to overall
students’ learning engagement level. Moreover, during the
learning process, instructors can post announcements and
messages to remind students to take the course on time,
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helping facilitate students’ behavioral engagement. At the
same time, it is a good chance for them to interact with
students in the discussion forum, which can enhance students’
social engagement.

Conclusion

Thirty articles were included in our literature review,
which explored learning engagement data and analysis
methods, and summarized the internal and external factors
influencing engagement in MOOCs. Four dimensions of
learning engagement in MOOCs were identified. For example,
behavioral engagement is reflected in observable actions such
as after-class activities. Additionally, log, text, image, interview,
and survey data can all be collected and subjected to self-report
and automatic analysis methods (e.g., CNN, BERT-CNN,
K-MEANS, SNA, etc.). This study also found that internal
and external factors affect learning engagement, which could
guide MOOC designers and teachers. Learning engagement
is an excellent indicator of the learning condition. Based on
this, designers and teachers can carry out more personalized
learning support for different students and reflect their course
design. However, this systematic literature review also had some
limitations. First, the study selection criteria precluded the
inclusion of literature published in certain languages, as well as
conference papers. Moreover, we only searched five databases
and thus may have missed some relevant articles. Therefore,
future research should expand the search scope to obtain more
exhaustive information.
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