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Abstract: The goal of this research was to understand the patterns of multidimensional engagement in MOOC:s.
An email with an online survey link was sent to enrollees in an MOOC course. The survey included 35
questions asking about engagement, teaching presence, and learning persistence. The items were validated in
the literature, revised for the MOOC setting, reviewed by four professionals in the field of educational
technology, and used in the study. A heterogeneous group of 170 individuals gathered through convenience
sampling participated in the study. With cluster analysis of the engagement data, three groups were identified:
Clusterl, 2, and 3. Cluster 1 scored high on behavioral, emotional, and cognitive engagement. Cluster 2
scored high on behavioral aspects but low on emotional and cognitive engagement. Cluster 3 scored low on
behavioral and cognitive engagement but high on emotional aspects. The study addressed cluster-specific
learner characteristics and differences in perceived teaching presence and learning persistence. Design
strategies pertaining to each cluster were further discussed. These strategies may guide instructors and
practitioners in the design and management of MOOCs and should be further validated through future studies.
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1. Introduction

As part of various educational attempts to popularize higher education, Massive Open Online Courses
(MOOC:s) have attracted a lot of attention as a way to further expand higher educational opportunities and
improve the quality of instructional methods. MOOCs are large-scale online learning environments, which
allow learners to take high-quality courses offered by universities around the world without separate admission
procedures or tuition fees. MOOCs have many participants per class, being open to all who want to take them,
providing learning experiences without restrictions on time and space or specific course start and end points.
Despite increasing interests and expectations, there are debates and doubts regarding learning outcomes and the
effectiveness of MOOC:s. In general, participation tends to decline rapidly during the first week and continues
to decline during the later weeks of a course [1]. Consequently, fewer than 10% of enrollees complete MOOCs
[2]. High dropout and low completion rates have been a real challenge for the design and development of
MOOCs. Moreover, due to the large study body, their diverse support needs, and a unique learning culture,
facilitation of engagement in MOOCSs has been very challenging.

Looking at MOOCs through the lens of engagement may help identify learner groups with different
engagement tendencies and allow for a better understanding of the learning processes in MOOC:s. It may help
us construct personalized instructional strategies and interventions to help students learn more effectively and
complete the MOOC. Yet, many previous studies on MOOCs dealt with heterogeneous learners as a single
group or mainly investigated their behavioral participation [2]. Therefore, this study aimed to cluster MOOC
learners via multidimensional aspects of engagement and to provide strategies to customize interventions for
each clustered group. We clustered MOOC learners in terms of their behavioral, emotional, and cognitive
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participation. We then examined the differences in demographical characteristics, such as sex, age, and reasons
for taking courses in MOOC:s, across all clusters. We also examined differences in perceptions of teaching
presence and learning persistence. Based on the results, we provided empirical and practical implications for
instructional and learning strategies that can be used to facilitate engagement and persistence in MOOCs. The
followings are the research questions examined in the study:

1. Do MOOC learners cluster into different groups based on their engagement?

2. Do the learners in different engagement cluster groups share similar demographic characteristics?

3. Isthere a significant difference in perceived teaching presence across the engagement clusters?

4. Is there a significant difference in learning persistence across the engagement clusters?

2. Theoretical background

2.1 Engagement in MOOCs

Engagement is highly associated with retention, learning, achievement, and graduation [3]. Engagement in a
MOOC is defined by “the willingness and extent to which people are active in a MOOC as displayed through their
interaction with the content and people in the course” [4]. Although engagement is critical for all learning [20], it
is particularly so in MOOCs, where learners voluntarily self-enroll and learn at their own pace; it is a prerequisite
for learning and course completion. For this research, we perceive engagement as a multidimensional composite
embracing cognitive, emotional, and behavioral aspects. Behavioral engagement was defined as participating in
activities such as paying attention to learning itself, asking questions, and participating in discussions during the
learning processes [3]. Emotional engagement was defined as the energy that learners put into having positive
attitudes toward their instructors, peer learners, or the MOOC itself. Cognitive engagement was defined as the
efforts made by learners to invest in acquiring complex content or skills in the MOOC learning process.

Recent studies have delineated strategies to amplify engagement in MOOCSs. [4] reported that engagement
in MOOC:s could be leveraged by focusing on three pedagogical concepts: teacher presence, social learning, and
peer learning. [5] investigated three top-rated MOOCs and identified five strategies of engagement: (1) a problem-
centric approach with explanations that are clear and easy to understand, (2) an accessible and passionate instructor,
(3) peer interaction, (4) active learning and learning-by-doing, and (5) a wide variety of useful course resources
and activities. However, all of these strategies aim to provide general support and fail to take individual differences
into consideration. Personal variables that influence engagement in MOOCs have not been fully examined.

2.2. Engagement and Perceived Teaching Presence in MOOCs

Teaching presence contributes to deep and meaningful learning by means of social interaction in the
cognitive/inquiry-based process [6]. Teaching presence also helps learners reach a high level of critical thinking
and knowledge construction, and it can be manifested by three types of approaches: design, facilitation, and
direction [7]. In particular, teaching presence manifested through structured and cohesive facilitation is highly
associated with the success of online learning. A sustained and learner-centered teaching presence may encourage
student participation in online environments.

MOOCs normally provide access at scale. Given the nature of MOOC courses, interactions with instructors
are very limited, and automated feedback is often conceived as the instructor talking. The high dropout rates in
MOOC:s highlight the necessity of personalized design, facilitation, and direction; in other words, tailored support
of teaching presence is necessary for successful learning in a MOOC. Moreover, the presence of instructor is one
of the primary predictors on MOOC completion along with learner perception of peer-instructor interactions [8].

In MOOC:s, learners perceive teaching presence in terms of direct instruction offering clarification, examples,
and resources; facilitation using a summary; and assessment of formative discussion [9]. Whereas the interaction
with instructors is more effective than interaction with peers in terms of student satisfaction and perceived learning
in online education [10], no statistically significant differences in course completion and participation in MOOCs
has been found between a control group and an intervention group, in which teachers and teaching assistants post
on online discussions and provide weekly feedback [11]. Because of the novel characteristics of MOOC:s,
instructors must deal with a diverse learner group and instructional challenges, meaning this is a much-needed
topic of exploration. Moreover, most previous studies that investigated the relationship between teaching presence
and online participation targeted a whole learner group instead of taking learner differences into consideration.

2.3. Engagement and Learning Persistence in MOOCs
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Learning persistence refers to the willingness to complete the course that a learner is currently enrolled in
[12]. With online learning, the term persistence is frequently used interchangeably with retention, completion/non-
completion, dropouts, and withdrawal when discussing learners’ intent to continue their online learning studies
[13]. In MOOC settings, personal traits reflecting behavioral engagement are associated with learner persistence:
students who completed a pre-course survey or took a quantitative track (instead of a qualitative or auditing track)
had a stronger tendency to complete the course [1]. Most students who received a certificate in a MOOC actively
uploaded postings in their forums, suggesting that such learner behavioral engagement is a better indicator of
course completion and learner persistence [14]. Lastly, a function of network benefit, user preference, and
motivation to achieve are highly associated with persistence in MOOCs [15]. Although the findings on MOOCs
are consistent, they are limited to specific aspects of participation such as behavioral, cognitive, or emotional
participation and do not address comprehensive understanding.

To deal with the high dropout rates in MOOC:s, tailored support on learning persistence grounded in
multidimensional engagement patterns is essential for individual learners to successfully complete MOOC:s.
Although instructional interventions to decrease dropouts have been historically less studied [13], in recent years
more efforts have been made to examine instructional strategies to promote student persistence. However, these
studies mainly targeted all learner groups in online learning environments, disregarding individual differences and
MOOC learning settings. Overall, we aimed to expand and deepen the current understanding of engagement
through the perspective of multidimensional engagement in MOOCs. Our study clustered learners by using their
engagement patterns in a MOOC course and explored cluster-specific personal characteristics, perceived teaching
presence, and learning persistence. Ultimately, we hope to guide the design and delivery of tailored instruction for
learners in MOOC:s. Investigation of the research questions addressed above can inform the prescription of course
activities per engagement style and guide the course design of MOOC:s.

3. Methods

3.1 Research Context and Participants

Through convenience sampling, enrollees in a MOOC called Digital Storytelling were recruited for the study.
The course was developed by Ewha Womens University in Korea. The main learning materials in the course
consisted of several short lecture videos and weekly learning activities including quizzes or discussions.
Demographics and characteristics of the participants are shown in Table 1. College students and graduates were
asked to name their majors; high-school students or participants without a college degree were asked to select
“none.”

Table 1. Demographics of Participants (n=170)
Demographics Frequency (n) Percent (%)

Sex

Male 40 23.5

Female 130 76.5
Age

10-19 12 7.1

20-29 112 65.9

30-39 12 7.1

40-49 17 10.0

50 and above 17 10.0
Occupation

High school students 12 7.1

University students 102 60.0

Graduate students 6 35

Workers 34 20.0

Independent businessmen 4 2.4

Others 12 7.1
Major

Social Sciences 51 30.0

Liberal Arts 28 16.5

Education 14 8.2

Sciences 23 13.5
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Demographics Frequency (n) Percent (%)
Engineering 19 11.2
Arts 18 10.6
None 17 10.0
Reasons for taking the course
to earn academic credits 25 14.7
to pursue my personal interests and academic curiosity 86 50.6
to supplement and further my study 30 17.6
to prepare for the exams or interviews for achieving jobs 29 17.1
Prior experience participating in MOOCs
Have an experience 70 41.2
None 100 58.8
Total 170 100

3.2. Measurements

An online questionnaire of 35 questions was used to measure variables of interest. As shown in Table 2,
four demographic questions were followed by two MOOC-related questions about reasons for participation and
prior experience in MOOCs. The other 29 items dealt with three constructs: engagement, teaching presence,
and learning persistence. Items validated in the existing literature were translated and used in this study. Four
professionals in the field of educational technology ensured face validity of all items through expert review;
they each had more than five years of experience in the field as a researcher or professor. Reliability tests using
Cronbach’s alpha were conducted for each scale. Each item was on a five-point Likert scale that ranged from
‘strongly disagree’ to ‘strongly agree.’

Thirteen items consisting three scales - behavioral, emotional, and cognitive engagement — from [16] were
revised for the MOOC setting and used to measure engagement in this study. Three items measured behavioral
engagement; for example, “I follow the rules of the MOOC class.” Cronbach’s alpha for behavioral engagement
was .837. Five items were used to measure emotional engagement; for example, “I feel happy when taking the
MOOC class.” Cronbach’s alpha was .916. Another five items were used to measure cognitive engagement; for
example, “If [ do not understand what I learned in the MOOC class, I go back to watch the recorded session
and learn again.” Cronbach’s alpha for cognitive engagement was .841. Cronbach’s alpha for the construct of
engagement was .892.

Teaching presence was measured by 12 items representing two factors: instructional design and
organization, and direct facilitation. The items used by [17] were edited and used in the study. For instructional
design and organization, there were three items; for example, “The instructor clearly communicated important
course goals.” Cronbach’s alpha was .919. For direct facilitation, there were nine items; for example, “The
instructor helped me stay on task in a way that helped me to learn.” Cronbach’s alpha for direct facilitation
was .938. Cronbach’s alpha for the construct of teaching presence was .955.

Learning persistence was measured using four items. Items from [18] research were revised and used in
this study; for example “I will finish my studies in this MOOC class no matter how difficult it may be.”
Cronbach’s alpha for learning persistence was .759.

Table 2. Measurements for Learning Engagement and Learner Characteristics (n=170)
Variables 1.\10' of Cronbach’s alpha Source Scales
items Factors Total
Learning engagement
Behavioral engagement 3 .837 Sun &
Emotional engagement 5 916 .892 Rueda 5
Cognitive engagement 5 .841 (2012)
Teaching presence
Instrupﬂqnal design and 3 919 Swan et al.
organization 955 (2008) 5
Direct facilitation 9 938
Learning persistence 4 759 759 Shin (2003) 5
Demographic questions 4 Sex, Age, Major, Occupation
C _related i 5 Motivation to participate in MOOC:s,
ourse-related questions

Prior experience to participate in MOOCs
Total 35
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3.3. Data Collection and Analysis

Teaching presence and engagement should be measured after learner perceptions of instructor facilitation
and learner involvement are well established. Thus, we eliminated data on students who had been involved in
the course for less than the first four weeks. To accurately reflect general learner characteristics of MOOCs, we
included data on the rest of the students (i.e., those who had been enrolled in the course for more than four
weeks), disregarding their actual course completion. Data collection was conducted during a 16-week course.
Emails with a link to an online survey were sent to the enrollees twice, at the fifth and ninth weeks. Among the
179 course enrollees, after eliminating responses with missing data, data from 170 research participants were
finally selected for the analysis.

We analyzed the data as follows. First, internal consistency reliability of the data was confirmed. Second,
descriptive statistical analysis was performed. Third, we implemented cluster analysis with the K-means
algorithm. We attempted to categorize students with similar engagement styles, and the prospect of using the
k-means clustering for this purpose was significantly promising. Cluster analysis classified the subjects who
had similar characteristics into a group based on the extent to which they were similar to each other [46]. By
means of K-means cluster analysis, the data were randomly divided into k clusters, keeping the clustering in a
direction that did not cause errors [19]. Fourth, cross-analysis with a chi-square test was done on the nominal
data to speculate on the attributes of the clusters. We specifically examined the learners’ characteristics by
occupation, age, and reasons for taking MOOCs. Finally, we conducted a set of analyses of variance and
following post-hoc tests to identify differences in teaching presence and learning persistence.

4. Results

4.1 Cluster Analysis

The descriptive statistical analysis was conducted to test normality of data as shown in Table 3. K-means
cluster analysis was carried out by setting the reference variable as the respondent in choosing the cluster
method as the "farthest item" and applying the "squared Euclidian distance" of the isometric index (See Table
4). The number of clusters was decided based on the "clustering schedule" and the "proximity matrix table."
The best number of clusters turned out to be three, considering the meaning of each profile, the ratio of cases,
and the purpose of tailored instructional design. Based on these criteria, the engagement styles of each cluster
were pinpointed, and the clusters were named Cluster1, Cluster2, and Cluster3, as shown in Table 4.

Table 3. Results of Descriptive Statistical Analysis (n=170)
Variables Mean SD Kurtosis Skewness

Engagement

Behavioral 3.88 .865 -.594 -.060

Emotional 4.01 .749 -473 -.274

Cognitive 3.54 174 -.143 -.108
Perceived teaching presence

Instructional design and organization 4.37 716 -1.264 1.820

Direct facilitation 3.96 774 -.392 -.349
Learning persistence 4.21 .596 -475 -.618

Table 4. Summary table of K-means cluster analysis (n=170)

Engagement Clusters
Clusterl Cluster2 Cluster3
Behavioral 4.47 4.07 2.75
Emotional 4.38 3.76 3.26
Cognitive 4.19 3.15 3.06
Number of Students 67 (39.41%) 58 (34.12%) 45 (26.47%)

4.2 Cross- Analysis of Cluster Characteristics

Cross-analysis using chi-square tests examined differences in age, occupation, prior experience, and
reasons for taking MOOC:s across clusters, as shown in Table 5. Whereas the differences in sex, age, occupation,
major, and prior experience were not statistically significant, the differences in reasons for taking the MOOC
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were significant. When asked about why they enrolled in the MOOC, participants were allowed to choose
multiple responses. The Cluster] reported the most numerous reasons to participate in the class (39.41%, n =
67), followed by the Cluster2 (34.12%, n = 58), and the Cluster3, who chose the fewest reasons (26.47%, n =
45). The Clusterl reported the highest score on ‘to pursue my personal interests and academic curiosity’
(47.67%) as a reason to take the course. Cluster] also ranked high on other reasons to take the course: ‘to earn
academic credits’ (32.00%), ‘to supplement and further my study’ (30.0%), and ‘to prepare for the exams or
interviews for achieving jobs’ (31.03%). The Cluster2 scored highest on ‘to earn academic credits’ as their
reason for the course-taking (44.0%). The next highest reason for their enrollment was to pursue personal
interests and academic curiosity (37.21%). Last, Cluster3 were likely to take the course for preparation for job
application (44.83%) and to do in-depth study (43.33%). Compared to students in other clusters, they were less
likely to report their reasons for MOOC-taking as pursuing personal interests and academic curiosity (15.12%).

Table 5. Results of Cross Analysis on Reasons for taking the course (n=170)
Reasons for taking the course Clusterl  Cluster2 Cluster3 Total %2
8 11 6 25

To earn academic credits
(32.00%)  (44.00%) (24.00%) (100%)

To pursue my personal interests and academic 41 32 13 86
curlosity (47.67%) (37.21%) (15.12%)  (100%)
16.48*
9 8 13 30

To supplement and further my study
(30.00%) (26.67%) (43.33%)  (100%)

To prepare for the exams or interviews for

S 9 7 13 29
achieving jobs (31.03%) (24.14%) (44.83%) (100%)
Total Frequenc 67 >8 45 170
q y (39.41%) (34.12%) (26.47%) (100%)
Note. p <.05.

We conducted a set of one-way ANOVAs to make a clear identification for the characteristics of each
cluster regarding their perceptions of teaching presence and learning persistence. Levene’s test confirmed the
homogeneity of variance (p > .05). The results of ANOVA indicated clusters present significantly different
profiles on perceived teaching presence on design & organization (F = 15.536, p < .05), perceived teaching
presence on direct facilitation (F =20.326, p <.05) and learning persistence (F =23.487, p <.05) (see Table 6).
Post-hoc comparisons on perceived teaching presence indicated that, for design and organization, the Clusterl
(mean = 4.64) and the Cluster2 (mean = 4.4) reported a higher perception on teaching presence than did the
Cluster3 (mean = 3.93, p <.05). For direct facilitation, the Cluster] (mean = 4.36) showed a significantly higher
perception than did the Cluster2 (mean = 3.84, p <.05) or the Cluster3 (mean = 3.53, p <.05). In addition, the
Clusterl (mean = 4.48) reported a stronger learning persistence than did the Cluster2 (mean = 4.24, p <.05) or
the Cluster3 (mean = 3.78, p < .05). The Cluster3 ranked the lowest in learning persistence (mean = 3.78, p
<.05) (see Table 7).

Table 6. Results of ANOVA on Perceived Teaching Presence and Learning Persistence (n=170)
Variable SS df MS F p
Teaching Presence: Design & 13.589 2 6795 15536 .00
Organization
Teaching Presence: Direct Facilitation 19.838 2 9.919 20.326 .00
Learning persistence 2 13.163 6.582 23.487 .00
Note. p <.05.
Table 7. Results of Post-Hoc Tests on Perceived Teaching Presence and Learning Persistence (n=170)
. Mean 95% CI
Variable Clusters Difference D LB UB

Cluster2 (m=4.4) .239 119 133 -05 .53
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Eeez‘i’;“i Presence: 8}“32% " Cluster3 (m =3.93) .708* 127 000 39 1.02
Organization Cluster2 Cluster3 469* 31 .002 .14 .79
Teaching Presence: Clusterl Cluster2 (m=3.84) .523* 125 .000 21 .83
Direct Facilitation " (m=4.36) Cluster3 (m=3.53) .828* 35 .000 .50 1.16
Cluster2 Cluster3 305 139 .093 -.04 .65
Clusterl Cluster2 (m=4.24) .24* 10 .047 .00 47
Learning Persistence (m = 4.48) Cluster3 (m=3.78) .70* 10 .000 45 95
Cluster2 Cluster3 46* 10 .000 20 .72

Note. p <.05.
5. Discussion and Conclusion

5.1 Discussion

The current study aimed to provide a direction for understanding learners’ engagement patterns related to
motivation, teaching presence, and learning persistence in MOOCs. This study clustered 170 MOOC learners
into three groups based on their patterns of engagement in order to draw design and implementation implications
for MOOC:s: Cluster1, Cluster2, and Cluster3. The results of this study were as follows.

First, distinct and authentic engagement patterns were found for each of the three clusters. The first type
of learners, the Clusterl, showed high levels in all the areas of engagement. Given the instrument items
describing behavioral, emotional, and cognitive engagement, the Clusterl followed the course policies;
completed assignments in a timely manner; self-checked their own learning progress; enjoyed learning in the
MOOC course; were interested in the learning activities; read additional resources; self-questioned to assure
their own understanding of the topics; continued studying when there was no quiz to take; tried to find additional
information in TV, journals, articles, and books; and took further action when a concept covered in the course
was hard to understand.

Meanwhile, the Cluster2 and the Cluster3 presented different levels of participation in different areas. The
Cluster2 were likely to have relatively high behavioral engagement but comparably low emotional and cognitive
engagement in terms of regulating course schedule, working on assignments, and monitoring their own learning.
The Cluster3 were likely to present relatively high emotional engagement, showing that they enjoyed and were
interested in taking the course, yet they showed low behavioral and cognitive commitment by not following the
lecture schedule, not working on course assignments, and not making additional efforts to learn and understand
the topics on their own. These results together suggest that learners pursued their learning through different
learning approaches in MOOCs. Whereas [20] explored behavioral engagement patterns using trace data on a
MOOC, our findings show that, besides behavioral aspects, different engagement tendencies are found for
cognitive and emotional aspects.

Second, our findings indicate that the reason for taking a MOOC has a significant effect on engagement.
This is meaningful in distinguishing characteristics of each cluster because learning motivations and goals shape
the purpose of taking a MOOC and reflect on their learning process. As the primary reason for course enrollment,
most of the Clusterl chose personal interests, whereas many from the Cluster2 tended to choose academic credit
as their reason. Meanwhile, many among the Cluster3 indicated that they wanted to prepare for future jobs or
for in-depth study. The results indicate that engagement, particularly a high degree of involvement in cognitive,
emotional, and behavioral aspects, is highly related to learners’ personal interests and academic curiosity. This
finding seems to be consistent with [21], who found that MOOC completers chose intrinsic motivation as a
prominent reason for course completion.

Since continuance intention to use MOOC:s is significantly predicted by the quality of system, course, and
service [22], our results suggest a need to provide tailored instruction to make connections with personal
interests and provoke academic curiosity. Our findings meaningfully compare with those of [23]. They found
that the motivation to earn a certificate, to meet new people, to take a course with others, or to deepen one’s
knowledge on one’s job or one’s school is associated with higher self-regulated learning skills whereas the
motivation for general interests, for career change, for fun and challenge, or for personal growth is associated
with lower self-regulated learning skills.

Third, learners of the three clusters reported different perceptions of teaching presence. For instructional
design and organization, which constitute an aspect of teaching presence, the Clusterl and the Cluster2
presented relatively higher perceptions than the Cluster3. The survey items indicate that the Cluster]l and the
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Cluster2 had better opinions than the Cluster3 regarding whether the instructor clearly communicated key topics,
learning objectives, and course activities. For direct facilitation, another aspect of teaching presence, the
Clusterl reported significantly higher perceptions of the instructor’s direct facilitation than the Cluster2 and the
Cluster3. The survey items showed that the Cluster] felt that the instructors made informed and personalized
decisions on their learning, offered timely feedback, and provided guidance to keep them focused on learning,
whereas the Cluster2 and the Cluster3 reported less effective and personalized feedback. Thus, it seems
reasonable to infer that different engagement patterns may have exposed the learners to different sets of course
activities in the MOOC. Divergent accumulated experience may have influenced their perceptions of teaching
presence and consequently affected their self-reported learning outcomes. Given that the Cluster3, who ranked
the lowest in engagement in all three dimensions, reported the lowest level of perceptions on both factors of
teaching presence; and that the Cluster2, who ranked the second-highest in engagement, had the second-highest
perceptions of teaching presence; and that the Clusterl, who ranked the highest in engagement, had the highest
perceptions of teaching presence, it seems reasonable to suppose that the pattern of engagement has a
meaningful connection with learner perceptions of teaching presence. Hence, the distinctive features of each
cluster should be considered in planning customized treatment to facilitate their perceptions of teaching
presence, since this is a significant factor in learning outcome.

Our findings also indicate that linearly structured courses, like the MOOC used in this study, seem to be
effective for the Clusterl, given their perceptions of teaching. In general, learners in MOOCs process their
learning via their own paths and are led by their own decisions based on their specific learning goals. This
means that a linear course design may not be most effective for all learning objectives or all learner groups. For
instance, the Cluster2 and the Cluster3 in this study might respond more favorably to a different type of course
design.

MOOCs can be constructed using a linear and straightforward design or using a nonlinear structure.
MOOOC:s can also offer personalized and flexible learning paths. The effectiveness of different instructional
approaches in MOOC:s needs further exploration to come to a definitive conclusion [24]. In the meantime, in
courses designed hierarchically, learning guidance or cues could be added so that all learners can be well
acquainted with key concepts or major course activities in order to progress their learning to the next level.
Additional cues may be embedded in existing materials; for instance, partitioning lecture videos into self-
contained segments to be useful for nonlinear navigation. In less prescriptive course design, diagnostic measures
of prior knowledge at the time of course enrollment may help learners self-evaluate their competency and make
more informed decisions in their learning process as well as help instructors make necessary and timely
interventions [25].

Finally, learners of the three clusters reported different perceptions of their own learning persistence.
Engagement appears to be positively correlated with perceptions of learning persistence. The learners with the
highest engagement, the Clusterl, reported the highest persistence. The individuals in the Cluster2, who had
the second-highest engagement, had the next highest persistence. The learners of the Cluster3, who presented
the least engagement, reported the lowest persistence. The findings of this study suggest that engagement style
can be used as a framework to personalize course design to foster learner persistence. Integration of our results
offers both a theoretically and an empirically grounded framework for instructional design and delivery of
MOOCs.

5.2 Implications

Understanding engagement, personal characteristics, influences on teaching presence, and influences on
learning persistence is important in the design and development of learning environments where initial
enrollment and continuous participation is mainly decided by the learners, as in MOOCs. Given the results of
our study that elucidate our understanding of engagement patterns, there are several considerations that may
help to personalize MOOC:s.

Engagement is grounded on learner characteristics, such as their reasons for taking a MOOC. Accumulated
learner data collected at the beginning of a course may inform the designers or the instructors about how to
build learner profiles and make appropriate customizations. For example, course activities that stimulate
academic curiosity and link to personal interests may help the Cluster2 and the Cluster3 leverage their levels of
engagement as well as strengthen the motivation of the Clusterl.

Engagement patterns seem to lead learners along different learning pathways in MOOCs. Consequently,
the learning experience on the different pathways may result in divergent perceptions of teaching presence and
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learning persistence. To offer a high-quality experience, several sets of learning paths may be recommended by
matching the attributes of each cluster to each learning path. For Cluster2 and Cluster3, their learning path
might highlight the relevance of course materials for academic success (for Cluster2) or for job settings (for
Cluster3). Particularly for the Cluster3, a path highlighting real-world problems and addressing work
applications may help keep them engaged. A path clarifying milestones in the course may help Cluster3 proceed
with their learning without missing core course activities. Moreover, highlighting the interesting endpoints of a
course early in the semester may help Cluster3 and Cluster2 achieve their learning goals.

Engagement might be stimulated through self-assessment of the current learning process. Continuous
assessment of learning via quizzes or constant monitoring of learning progress may particularly help Cluster3
strengthen their motivation by seeing the gap between the job that needs to be done and the job as currently
completed. Having an opportunity to reflect on their own learning progress may help Cluster2 foster higher
cognitive and emotional engagement.

Last, engagement may be improved by social learning, where students observe the social presence and
visible activities of peer learners. Thus, matching student groups for collaborative course activities should take
engagement patterns into consideration. For example, by reading the discussions posted by Cluster1, Cluster2
may attempt to model similarly high cognitive and emotional commitment. In another example, matching
learners with different expertise may help Cluster3 develop relational expertise and stay engaged. In addition,
because learner’s preferred communication mode is associated with their level of English proficiency, gender,
education, and age, these demographical characteristics may be also considered in student grouping.

5.3 Limitations and Future Research

This study had several limitations and resulted in multiple suggestions for future studies. First, self-
reported data were used to assess behavioral, emotional, and cognitive participation in the study. Since most
learning processes are stored as log data in MOOC:s, future studies may use the log data as objective behavioral
measures.

Second, data were collected using a convenience sampling approach from enrollees of a MOOC in Korea.
Generalization to a global audience of MOOC:s is therefore somewhat limited. The sample consisted of 76.5%
female undergraduates, and over 40% had prior experience with MOOC:s. In this study, there were no significant
differences in engagement in terms of gender, age, major, and prior MOOC experience. However, further
studies should confirm the generalizability of the findings for a learner group with demographic and
geographical diversity.

Third, the sample size was 170. A follow-up study should be performed with a larger sample size to obtain
stronger statistical power.

Fourth, participants completed the survey at either the fifth or the ninth week. However, differences
between responses from the fifth week versus those from the ninth week were not examined. Whether student
perceptions change during a four-week gap has not been investigated, as far as we know; our findings may not
be identical to findings from a single-time-point data collection.

Last, futures research may develop a prediction model for each cluster. For example, factors like self-
regulation, self-efficacy, and cognitive load could be included in the prediction model to examine their effects
on perceptions of teaching presence and learning persistence and to prescribe more customized and cluster-
specific feedback.
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